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Chapter 1 
Introduction 

1.1 MOTIVATION & RELEVANCE 

16.8 million people (including 6.2 million functional illiterates) in Germany (Grotlüschen et al., 
2020) and 1.9 million people in Austria (Kneil et al., 2020) have noticeable problems with read-
ing and writing in German. Non-native German speakers, older people, and persons with low 

literacy may have a limited vocabulary or know only a few grammatical constructions, so they 

have problems understanding lexically or syntactically complex sentences (Bredel and Maaß, 
2016; Saggion, 2017). 

However, the ability to access and understand written texts is essential to reflect the infor-
mation given and to be able to form and formulate one’s own opinion on a topic (Park, 2012). 
Hence, the comprehension of texts greatly affects self-determination and participation in soci-
ety (Bock, 2015). 

To enhance the readability of texts and, accordingly, enhance the participation of people 

with reading problems in society, linguists and translators provide guidelines for plain lan-
guage on how to manually reduce the complexity of texts at the lexical, syntactical, and con-
tent level, e.g., in German “Leichte Sprache” (EN: (German) Easy Language; Netzwerk Le-
ichte Sprache 2022; Bredel and Maaß 2016) and “Einfache Sprache” (EN: (German) Plain Lan-
guage; Deutsches Institut für Normung (DIN) 2024a; Baumert 2018). However, manual simpli-
fication is very resource-intensive, so digital, supportive tools were developed, such as proof-
reading, complexity check tools, or automated text simplification tools. 

Automated text simplification harks back to research in the late 1990s (e.g., see Carroll et al. 
1998 or Chandrasekar et al. 1996) and is defined as automatically reformulating (lexical simpli-
fication) or restructuring (syntactical simplification) texts in a way that they are easier to un-
derstand for a specific target group, but that the texts still preserve their original meaning (Sid-
dharthan and Mandya, 2014). Therefore, the overall aim of automated text simplification is to 

make texts more coherent and easier to follow for, e.g., people with reading problems or foreign 

language learners. However, as an intermediate objective, machine-generated simplifications 

could also support professional translators to simplify a text faster by reducing their cognitive 

load and repetitive work (Hansen-Schirra et al., 2020b). 
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The automatic text simplification (ATS) process can be expressed in a pipeline or a work-
flow that is similar to the one of machine translation. Following Garbacea et al. (2021), the 

text simplification pipeline (including manual, computer-assisted, and automatic simplifica-
tion) contains three main parts: 

1. classifying whether a text should be simplified (complexity prediction) and then identify-
ing complex passages in texts (complexity explanation) (see component 0 in Figure 1.1), 

2. generating a simplification (see component G), and 

3. validating of the generated simplification (see component H). 

I specify this general workflow with a focus on automatic simplification by extending the com-
ponents regarding the generation and evaluation parts and adding the corpus building process. 
A workflow diagram for automatic text simplification is provided in Figure 1.1. In general, the 

workflow can be divided into the training and test phase (upper and lower parts), as well as 

the data and model parts (left and right parts). 
The main components, which hold also for machine translation, are: using a parallel corpus 

(see components B and E in Figure 1.1) to train (see component G) and evaluate (see compo-
nent H) a text simplification model (see component G). In order to optimize the model for the 

given development data, the evaluation can be seen as a loop (from component G to H to G): a 

model is modified regarding some settings (e.g., hyperparameters or prompts), again trained 

on the same data, and the new system generations are evaluated to verify whether the model 
has improved in comparison to the previous run. In consideration of these components, there 

is significant potential for enhancement with regard to the simplification of German text. 
In my PhD thesis, I advance the components of the automatic text simplification workflow 

for written German Plain German. I focus on improving the workflow by facilitating the build-
ing and annotation of new corpora, rethinking the evaluation of TS, and designing new TS 

models. I incorporate research findings from translation studies and machine translation re-
search to build machine learning-based models for intra-lingual translation, i.e., simplification. 
These models aim to reformulate a given complex text to the needs of, e.g., people with reading 

difficulties by applying simplification operations such as rewriting sentences in passive voice to 

active voice or replacing complex terms with easier synonyms (Shardlow, 2014; Alva-Manchego 

et al., 2020b). 
The language of my interest is German; hence, the main focus of my work is on the simplifi-

cation of German written texts. I have decided on German because, on the one hand, in recent 
decades, automatic text simplification has been well studied for English (see, e.g., Shardlow 

2014; Stajner 2021; Ryan et al. 2023), but German ATS research is a smaller, growing research 

field which research has just been initiated within the last ten years (see, e.g., Ryan et al. 2023). 
On the other hand, German is difficult to understand due to some idiosyncrasies, e.g., umlauts, 
nested sentences, or inflection of adjectives (Marzari, 2010). Furthermore, much research has 

been done regarding German manual simplification (see e.g., Jekat et al. 2014, Bredel and Maaß 

2016, Bock 2019, Maaß 2020, or Bock and Pappert 2023) and also a huge awareness has been 

gained in the German society about German simplification due to the amount of available sim-
plified texts. 
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I further mainly tackle simplification of texts into German Plain Language (DE: “Einfache 

Sprache”) and only slightly consider other simplification purposes, e.g., expert-laypeople sim-
plification (Trienes et al., 2022), simplification for children (Hewett and Stede, 2021; Aumiller 
and Gertz, 2022), or simplification into German Easy Language (“Leichte Sprache”) (Siegel 
et al., 2019). The main reason for choosing German Plain Language is that more parallel texts 

or more complex-simple pairs exist for German Plain Language than for the other simplification 

purposes. Although many simplified texts exist for children or in German Easy Language, they 

are often independently written from other texts (see Section 4.7). Hence, no complex-simple 

parallel version exists for them, and they cannot be directly used for simplification. Although 

it sounds like a simple reason, the availability of high-quality complex-simple pairs and their 
size greatly affect the quality of TS systems (Jiang et al., 2020). 

Furthermore, German Plain Language is a less controlled language than German Easy Lan-
guage and still contains a few more complex structures. Hence, German Plain Language is 

closer to Standard German and contains less strong simplifications. So we currently expect a 

text simplification system to learn and predict German Plain Language better than German Easy 

Language. 
Overall, in my work, I am combining the research field of linguistic complexity of German, 

German intra-lingual translation, and machine translation to build and evaluate German text 
simplification models. 

1.2 RESEARCH AIMS & CONTRIBUTIONS OF THIS THESIS 

1.2.1 RESEARCH QUESTIONS 

This cumulative thesis addresses the general research question of how the potential of machine 
learning methods can be explored for the simplification of German texts, considering data availability 

and evaluation suitability and comparing their effectiveness for document and sentence simplification 

approaches (RQ 1). In order to more clearly outline the research program, I break the thesis 

down into five thematic segments, which further structure each part of the thesis (i.e., state 

of the research in Part I, contributions in Part II, and discussion of contributions wrt. research 

questions in Part III). The thematic segments are as follows: 

1. background of complexity and simplification, 

2. building text simplification corpora, 

3. completed resources for text simplification, 

4. evaluation of text simplification, and 

5. text simplification models. 

Each thematic segment follows subordinated research questions which I introduce and mo-
tivate in the remainder of this section. I also describe our contributions1 regarding each part 
and explain their value and relevance for research in German text simplification. 

1 In the following, the pronoun “we” and the possessive form ”our” are including my highly valued co-authors
and myself. 
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1.2.2 BACKGROUND OF COMPLEXITY AND SIMPLIFICATION 

Automatic text simplification is a rising topic in English research, but has not been well studied 

for other languages such as German. Nevertheless, for German manual simplification, a lot 
of research has been conducted on what makes a text complex and how to simplify texts for 
specific target groups manually (see Part I, Chapter 2). Therefore, in this thematic segment of 
the thesis, I investigate 

• Which simplification operations are commonly used to write simplified German [Research 

Question 2-1]?, and 

• How and to what extent can complex passages be automatically identified? [RQ 2-2] 

To answer these questions, Stodden and Kallmeyer (2020) (see Part II, Subsection 7.2.1) 

present an analysis of linguistic features and simplification operations in different languages 

(including, e.g., German and English) and domains (including, e.g., news, web, and Wikipedia 

data). We found that (unsurprisingly) some linguistic operations, such as lexical simplification, 
are important across all languages. To facilitate lexical simplification, in Stodden and Venugopal 
(2021) (see Part II, Subsection 7.2.2), we propose a machine learning-based method to detect 
complex words in English using linguistic features. Although this approach was originally built 
for English TS, due to previous findings, we argue that it can also be helpful for the identification 

of complex words in German. 

1.2.3 BUILDING TEXT SIMPLIFICATION CORPORA 

For automated text simplification, parallel corpora are required to train or to evaluate text sim-
plification models. When building a new (or evaluating an existing) resource, many decisions 

have to be made (see Part I Chapter 3), e.g., regarding the selection of the right data (which text 
level, domain, or target group?) or annotation of the data (which annotations, e.g., sentence-
wise alignment, simplification operations, simplification quality?). However, this building pro-
cess can be very complex and time-consuming. Therefore, in this thematic segment, I focus on 

the following subordinated research questions: 

• What are the challenges faced in the process of creating a representative corpus for German text 
simplification and how to overcome them? [RQ 3-1] 

• What are the key characteristics and features of parallel corpora for TS that should be included when 

building new corpora to improve German text simplification? [RQ 3-2], and 

• How can the corpus’s quality and representativeness be analysed to ensure its suitability for the 
research of German text simplification? [RQ 3-3] 

We address these questions by working out steps and challenges during the process of build-
ing parallel text simplification corpora. In Stodden and Kallmeyer (2022) (see Part II, Subsec-
tion 7.3.2) we first name the steps and challenges (e.g., web crawling, sentence-wise alignment, 
or annotation of simplification pairs) and then solve them by proposing a new annotation tool 
which supports sentence-wise alignment, manual simplification, annotation of simplification 

operations, annotation of quality ensuring criteria wrt. simplification. We also propose an ex-
tensive annotation schema for German text simplification corpora in Stodden (2022) (see Part 
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II, Subsection 7.3.1). The schema can be applied to evaluate the quality, representativeness, and 

suitability of gold simplifications as well as of system-generated simplifications. 
Although our contributed text simplification annotation tool facilitates the manual sentence-

wise alignment of simplification pairs, this process is still very time-consuming. In order to 

speed up the alignment, in Stodden et al. (2023) (see Part II, Subsection 7.4.2), we propose and 

compare a few algorithms to automatically align parallel documents also on the sentence level. 

1.2.4 RESOURCES FOR TEXT SIMPLIFICATION 

In addition to building new corpora for the purpose of German text simplification, existing 

German corpora can also be used to train or evaluate text simplification systems. The same as 

for English text simplification research, German text simplification research also mainly focuses 

on corpora derived from news texts, Wikipedia, or web texts (see Part I, Chapter 4). Hence, in 

this thematic segment, I am trying to widen the field by answering the following questions: 

• Which text domains are currently not considered in automatic or manual German text simplifica-
tion? Do the texts of these domains require simplification, if so, for which target group should they 

be simplified? [RQ 4-1] 

Furthermore, for German TS only fewer and smaller corpora exist than for English (see Part 
I, Chapter 4). New resources for German text simplification might also help to push German 

text simplification forward. Following this, this thematic segment also addresses the question 

• To what extent can new parallel corpora help to improve German text simplification? [RQ 4-2] 

In Stodden (2021a) (see Part II, Subsection 7.4.1); we evaluate the complexity of user-
generated texts as a domain which is not yet considered in either manual or automatic 

simplification yet to address RQ 4-1. In Part I Chapter 4, existing German text simplification 

corpora will be introduced and further discussed with respect to the characteristics and issues 

identified in the part of building new corpora. We come to the conclusion that new high-quality 

German corpora are required for document and sentence simplification. 
Therefore, in Stodden et al. (2023) (see Subsection 7.4.2), we propose five new German cor-

pora for document and sentence simplification. Two of those are news corpora: DEplain-APA-
doc and DEplain-APA-sent; and three of those are web corpora: DEplain-web-doc, DEplain-
APA+web-doc, DEplain-web-sent. In more detail, DEplain-APA overcomes the problem of 
missing manually aligned and huge corpora, whereas DEplain-web-sent is partially manually 

and automatically aligned. In order to analyze the relevance of the new corpora as training 

data and evaluation data (see RQ 4-2), in Stodden et al. (2023) (see Subsection 7.4.2), we use 

the corpora as training and evaluation data for new text simplification models. 

1.2.5 EVALUATION OF TEXT SIMPLIFICATION 

The next thematic segment is the evaluation of automatic text simplification in order to explain 

the relevant aspects of interpreting the quality of text simplification models. Mostly, text simpli-
fication is evaluated using automatic metrics, but also some studies include manual evaluation 

(see Part I, Chapter 5). However, the automatic metrics and the manual evaluation protocol 
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have been designed for English TS evaluation and, for both, best practices are currently miss-
ing. Furthermore, current metrics are highly discussed regarding their suitability for evaluating 

text simplification (see Part I, Chapter 5). Following this, I derive these subordinated research 

questions for this thematic segment: 

• Are the tools for manual and automatic evaluation of simplified texts robust and reliable? [RQ 5-1] 

• Does the effectiveness of text simplification evaluation strategies designed specifically for the English 

language differ when applied to texts in other languages? [RQ 5-2] 

• What are the key aspects that need to be considered when using evaluation approaches for manual 
and automatic evaluation processes in German text simplification? And what are the possibilities 
of including them in new evaluation approaches? [RQ 5-3] 

To answer these questions, we first confirm that there are different evaluation strategies for 
manual evaluation (see Stodden (2021c), Part II Subsection 7.5.1) and in automatic evaluation 

(see Stodden (2024a), Part II Subsection 7.5.3). As solutions, in Stodden and Kallmeyer (2022) 

(see Part II Subsection 7.3.2), we propose a new manual evaluation protocol and, in Stodden 

(2024a) (see Part II Subsection 7.5.3) a new framework for a more easy automatic evaluation 

of German TS. Furthermore, in Arps et al. (2022), we propose a new method to automatically 

assess the complexity of German sentences. 

1.2.6 TEXT SIMPLIFICATION MODELS 

Last but not least, I also analyze systems and system generations of German text simplification. 
For English and German text simplification, there already exist some text simplification systems 

following different machine learning-based approaches (see Part I Chapter 6). However, it is 

unclear which approach performs best when considering our previous contributions regarding 

new data and new evaluation methods. Furthermore, the suitability of existing models has not 
yet been discussed with respect to real-world usage, i.e., whether TS models can be used in 

applications without major restrictions or caution. In order to tackle these research gaps, I will 
also focus on the following subordinated research questions: 

• How to connect automatic document and sentence simplification more? [RQ 6-1] 

• How does the architecture and training data affect the efficacy of simplification models? [RQ 6-2] 

• How does manual or automatic text simplification affect the usage of real-world applications, such 

as e-participation processes? [RQ 6-3] 

Our contributions in Stodden et al. (2023) (see Part II Subsection 7.4.2) tackle these research 

questions by contributing new German models for document and sentence simplification based 

on fine-tuning an mBART model. We compare the capability of this model and other mod-
els wrt. different training data (and different sizes) in Stodden (2024b) (see Part II Subsec-
tion 7.6.1), i.e., a reproduction study for German TS. To answer the question about the effect 
of text simplification on real-world applications, in Stodden and Nguyen (2024), we conduct a 

near-realistic experimental study in which we analyze the acceptance of participants regarding 

online participation processes considering the absence of simplified texts versus manually and 

automatically simplified texts. 
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1.3 STRUCTURE OF THE THESIS 

My thesis is structured into three main parts: an introduction with research questions and a 

summary of the current state of TS (current part, i.e. Part I), publications (see Part II), and 

discussion (see Part III). The whole structure of my PhD thesis is visualized in Figure 1.2 (in-
cluding the TS workflow on the left). 

Figure 1.2: Contributions of my thesis including corresponding chapters and publications. 

In the introduction part (current part, that is, Part I), I present and discuss the current state 

of the research, derive research gaps regarding German text simplification, and provide more 

motivation regarding our research questions. I include an overview regarding five main points, 
i.e., background regarding simplicity, corpora for text simplification (including the building 

process and completed corpora), evaluation of text simplification, and automated text simpli-
fication systems. 

Then, in the part of publications (see Part II), I bring in contributions made by me and my 

co-authors (in the form of my publications) to narrow or close the research gaps summarized 

in Part I. The included contributing research papers have been published in the proceedings of 
international peer-reviewed conferences or workshops. For all publications, links are povided 

to access their open accessible full text version. For a concise overview of the publications in 

chronological order see the Appendix. It comprises a comprehensive list of the publications in-
cluded in my dissertation, together with additional materials (e.g., code, data, poster or videos). 

Finally, in the discussion part (see Part III), I combine the research contributions and results 

presented in Part II. I discuss the contributions of my co-authors and me in a comprehensive 

manner with respect to the current state of research, the identified research gaps, and research 

questions presented in Part I. 
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Each of the three parts follows the same structure derived from the simplification workflow 

diagram. Each part starts with a short preface (see Part I current chapter, Chapter 1; Part II 
Chapter 7, and Part III Chapter 8) followed by preliminary notes on complexity and simplifica-
tion (see Part I Chapter 2; Part II Section 7.2; Part III Section 8.2). Then it contains two chapters 

focusing on resources for text simplification, first, with a focus on the building process of text 
simplification corpora (see Part I Chapter 3; Part II Section 7.3; Part III Section 8.3) and then 

regarding completed German simplification corpora (see Part I Chapter 4; Part II Section 7.4; 
Part III Section 8.4). Afterwards, I concentrate more on the technical side of text simplification: 
i.e., evaluation of text simplification (see Part I Chapter 5; Part II Section 7.5; Part III Section 8.5), 
and models of German text simplification (see Part I Chapter 6; Part II Section 7.6; Part III Sec-
tion 8.6). 
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Chapter 2 
Complexity and Simplification 

In this section, I explain concepts that are necessary to understand the remainder of this work, 
e.g., comprehensibility, complexity, readability, complexity-reduced varieties of German, sim-
plification operations, and differences between plain, easy, and simplified (see Section 2.1). As 

completion of this section, I define the automatic text simplification workflow and its compo-
nents (see Section 2.2). 

2.1 BACKGROUND OF SIMPLIFICATION 

First, I introduce important terms such as comprehensibility, readability, and complexity before 

I use them to describe more advanced concepts, e.g., simplification operations, or literacy levels. 

2.1.1 COMPREHENSION & COMPREHENSIBILITY & READABILITY 

I begin with defining the distinction between comprehension and comprehensibility as well as be-
tween legibility and readability. Following Wolfer (2015, p. 34), comprehension is “the process 

of understanding a text by building up a mental representation”, whereas they define compre-
hensibility as “the concept of [...] how easy a text can be comprehended”(Wolfer, 2015, p. 34). 
Hence, the first term refers more to the process of understanding a text, whereas the second 

term is more closely related to the complexity and readability of a text, but refers more to the 

user perspective than the text perspective. 
Further, in order to comprehend a text, it must be legible and readable to the reader. Legibil-

ity refers to the physical skill of being able to identify characters and words properly; therefore, 
it is not hampered by unclear fonts, contrasts, or font sizes (Wolfer, 2015). In contrast, readabil-
ity refers to assessing the comprehensibility of a text by measuring its surface characteristics, 
e.g. the average sentence or word length in texts (Wolfer, 2015; Shardlow, 2014). The compre-
hension process can be further analyzed by measuring the reading time of a text or tracking the 

eye movements during reading a text. As a result of successful comprehension, a reader should 

have understood a text well, which can be verified with multiple-choice or open comprehension 

questions, as well as a recall of its content. Simplification addresses all introduced terms, be-
cause it aims at reducing the cognitive processing costs of comprehension as well as improving 

the readability for easier comprehensibility. 
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2.1.2 LINGUISTIC COMPLEXITY 

Linguistic complexity is also called system complexity or structural complexity; it can be separated 

into absolute complexity and relative complexity Miestamo (2008). Absolute complexity comprises 

the complexity of a system, e.g., one language, considering its variety and richness in morphol-
ogy, phonology, syntax, and semantics (Dahl, 2004; Pallotti, 2015; Tolochko and Boomgaarden, 
2019). 

In comparison, relative complexity is more closely related to difficulty: it describes the dif-
ficulty or the cost of processing or learning a language feature from an agent’s point of view. 
A feature is complex if it is costly or difficult to process. Based on experiences with languages 

previously learned, it can be more difficult, complex, or a higher mental effort for a person to 

learn a language than for another without or other experiences. Therefore, relative complexity 

is rather subjective; what some people find complex can be simple for other people Miestamo 

(2008). 

2.1.3 TEXT SIMPLICITY & TEXT COMPLEXITY & TEXT DIFFICULTY 

Following Shardlow (2014) and Vecchiato (2022), for text simplicity no clear definition exists; 
most often text simplicity is defined as the antonym of text complexity Vecchiato (2022). 

I define text complexity and text difficulty according to Mesmer et al. (2012) as follows: While 

difficulty refers to the comprehension performance of the readers in a text, complexity refers to 

measurable factors of a text to describe its difficulty for the readers. The higher the complexity 

of a text, the higher the required literacy skill. The complexity of a text can tackle the lexical, 
syntactical, or conceptual level. However, in my thesis, I focus on the lexical and syntactical 
complexity of a text and neglect the conceptual complexity of the text due to the lack of research 

available in this field (Eschenbruecher, 2021). In addition, readability measurement or analysis 

of writing style, soundness, structure, or choice of words are a few ways to assess syntactical 
and lexical complexity. Using these features, the complexity of texts in the same language can 

be compared and labeled. 

2.1.4 SIMPLIFICATION OPERATIONS & SIMPLIFICATION RULES 

I will use the term simplification operations to denote rewriting strategies that cause a lower com-
plexity of a text compared to the original text. In more detail, simplification operations are rules 

regarding how to rewrite a complex linguistic feature into a simpler version (Cardon and Bibal, 
2023), e.g., 

1. instead of using long one-token compound nouns, visually segmenting them into its com-
ponents, 

2. instead of using complex syntactic structures with nationalizations, rephrasing the text 
with easier, verbalized structures, or 

3. instead of using rare words, replacing them with more frequent synonyms of the basic 

vocabulary. 



2.1. Background of Simplification 33 

Simplification operations are not to be confused with simplification rules even if both are 

closely related. While the second describes guidelines or a set of rules for writing simple, which 

denote which writing styles are permitted in a simplified language, the first refers to strategies 

on how to rewrite a complex linguistic feature into a more simple version. Simplification opera-
tions, therefore, aim at intralingual translation, whereas guidelines for simplified languages aim 

at directly writing texts in simplified language (without translation from a complex text). Nev-
ertheless, simplification guidelines sometimes also include instructions or examples on how to 

rewrite complex texts into simpler texts. 

2.1.5 LANGUAGE & LITERACY LEVELS 

Previously, I described that complexity is subjective and that readers can have more or less 

problems learning a language or reading a text. Differences in comprehensibility of a text by a 

person can be due to their prior knowledge, language experience, and literacy. The term content 
literacy focuses on the ability for the acquisition of unknown texts by reading and writing, which 

includes, e.g., literacy skills and prior knowledge of a topic (McKenna and Robinson Richard D., 
1990). According to Park (2012), content literacy includes three interdependent levels: a) find 

& filter relevant content, b) understand & reflect about the content, and c) form & post opinions 

about this and related content. In the scope of this work, I focus on understanding and reflecting 

on the content. A well-established framework for measuring the literacy of Germans introduces 

literacy levels called alpha levels (Grotlüschen et al., 2020). 
Compared to content literacy, the term language skills describes the abilities required to read, 

speak, or write a foreign language. The Common European Framework of Reference for Lan-
guages (CEFR) is a framework containing foreign language levels (Council of Europe, 2020). 

ALPHA LEVELS The alpha levels are six levels that describe the literacy of adults living in Ger-
many based on a large-scale survey called level one (LEO) (Grotlüschen et al., 2020; Grotlüschen 

et al., 2020).1 Alpha levels of 1, 2, and 3 indicate low literacy, which means people with level 1 

or 2 are able to read individual words but no full sentences. At alpha level 3, people can read full 
sentences but no full texts. On alpha level 4, people can slowly read full texts, but sometimes 

read them incorrectly. Following the latest LEO results of 2018, 12% of the German adult pop-
ulation corresponds to alpha level 1, 2, or 3, and at least another 20% to level 4. These numbers 

underscore the need and importance of both language varieties for German society. 

CEFR LEVELS The CEFR contains a set of skills for listening, reading, speaking, and writing 

a language (Council of Europe, 2024). Based on the acquired skills, a language learner can 

be graded or self-assessed into 3 groups with each two levels. The groups can be named as 

follows: A) basic user (A1: Breakthrough, A2: Waystage), B) independent user (B1: Threshold, 
B2: Vantage), and C) proficient user (C1: Advanced, C2: Mastery). CEFR levels are also often 

used as a label on texts to describe which level is at least required to understand the text. As 

the CEFR levels are more known than the terms of plain language and easy language, the texts 

1 The questionnaire of this survey is based on a questionnaire of the Program for the International Assessment of
Adult Competencies (PIAAC) (Reder, 2017). 
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in these varieties are also often labeled with CEFR levels even if they are not designed for this 

purpose due to the different target groups (broad target group vs. language learner) (Bock and 

Pappert, 2023). 

TEXT COMPLEXITY LABELS As previously mentioned, CEFR levels and alpha levels are mainly 

developed to describe or categorize the reading and writing skills of people, these schemata are 

nowadays also used as labels for text complexity to make it easier for the reader to find the right 
text corresponding to their reading skills. 

Following first attempts to align CEFR levels and simplified German language varieties, 
German Easy Language is labeled between A1 and A2 and German Plain Language between B1 

and B2 (Oomen-Welke, 2015; Bock and Pappert, 2023; capito, 2024). However, in other works, 
German Easy Language is described as similar to texts in CEFR level A1, whereas German 

Plain Language is described as A2 or B1 (Helmle, 2017; Klar & Deutlich – Agentur für Einfache 

Sprache, 2018). 
Following Bock and Pappert (2023), alpha levels would be more suitable for differentiation 

into complexity levels than CEFR levels, but CEFR levels are now more frequently used for that. 
Unfortunately, currently, no detailed analysis exists in order to align alpha levels with German 

simplified language varieties, e.g., German Plain or Easy Language. I assume that people with 

alpha levels 1 and 2 can benefit from German Easy Language and people with alpha levels 3 

and 4 (or higher) can benefit from German Plain Language. 

2.1.6 CLEAR, PLAIN, SIMPLE, EASY, AND SIMPLIFIED 

In the scope of text simplification research, the words clear, easy, plain, or simple are often used 

interchangeably to describe the low complexity of a text (Vecchiato, 2022). One reason for this 

might be its similarity and synonymity as shown in the thesaurus of Merriam-Webster.com 

(2024). However, in the following, I try to order the terms regarding their simplicity extent. 

CLEAR Compared to the terms mentioned above, clear is the adjective that refers to the most 
complex texts. Clear writing aims to be “brief, simple, comprehensible and concise. Precision, 
on the other hand, refers to an exactness of expression, to an absence of ambiguity, an attempt 
to reduce contestability” (Coleman, 1998, p.393). Clarity and precision are, therefore, charac-
teristics of plain language (Coleman, 1998). But, they do not describe a simplified language 

variety in more detail, as they do not address a specific target group with limited literacy skills. 

PLAIN The term plain is used in the context of the plain language movement to describe a 

simplified language variety. The plain language movement started in the 1970s and has grown 

since then (Maaß, 2020). Following International Plain Language Federation (2024, p. 1), plain 

language is defined as follows: 

“A communication is in plain language if its wording, structure, and design are so 

clear that the intended readers can easily find what they need, understand what they 

find, and use that information.” 
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In contrast to clear writing, plain writing also considers the lexic, syntax, and design of a 

text to make it better readable and comprehensible. In addition, plain language is sometimes 

also called simple language (Vecchiato, 2022). 

EASY In this comparison, easy or easy-to-read refer to the lowest complexity and the easiest com-
prehensibility. In contrast to the previous adjectives, if a text is described as “easy” or “easy-to-
read” it also addresses people with intellectual disabilities. Besides most simply written texts, 
it also considers easy-to-read typographic features such as font, font size, spacing, or contrast 
between font and background. In addition, easy-to-read texts are often enriched with images 

to emphasize the content of the text (Inclusion Europe, 2024). 

SIMPLIFIED The previous terms are also used to describe complexity-reduced language vari-
eties, for example, plain language or easy language. In contrast to the previous adjectives, stan-
dard, in this context, refers to the standard level of language or the everyday language. Follow-
ing (Spring et al., 2021), I am using the term simplified language as an umbrella term comprising 

complexity-reduced language varieties and texts that are simplified for children, foreign lan-
guage learners, or lay people. 

2.2 AUTOMATIC TEXT SIMPLIFICATION 

Based on the previously denoted terms and knowledge, I can now define the task of text sim-
plification (TS). I refer to text simplification as the process of making a text simpler, i.e., adapting 

the style of a text and reformulating it in a way that it is better comprehensible by another tar-
get group, e.g., children, laypeople, foreign language learners, or people with cognitive impair-
ments. This process includes several rewriting strategies (further called simplification operations) 

or simplification rules on different linguistic levels, e.g., morphological, syntactical, semantic, 
or lexical (Vecchiato, 2022). To make a text easier to read for a target group, these strategies and 

rules can be used to rewrite the original text, e.g., by writing more coherently, writing more ex-
plicitly, using basic vocabulary, or using basic grammar. The strategies can be applied manually 

or with machine learning strategies. 
Manual simplification, or intra-lingual translation, of texts into German Plain or Easy lan-

guage is a complex and time-intensive task (Maaß, 2015a). To enhance the manual simplifica-
tion process and to assist professional and non-professional translators (as public authorities), 
machine-generated simplifications can be used as a starting point for a simplification (Hansen-
Schirra et al., 2020b; Anschütz et al., 2023; Carrer et al., 2024). The task of machine-generated 

simplification is also called “automatic text simplification” and is a trending research topic in 

computational linguistics (see Shardlow 2014; Stajner 2021; Ryan et al. 2023). 
Automatic text simplification refers to the process of modifying written texts with the help of 

machine learning to make texts more accessible and better understandable to a wider audience, 
particularly for people with limited reading abilities, for example, children, people with cogni-
tive impairments, or people learning a new language (Siddharthan, 2014). The primary aim of 
text simplification is to improve the readability and comprehensibility of a text by changing the 

wording or structure of a text but still retaining the meaning of the original text (Alva-Manchego 
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et al., 2020b). Common strategies of simplification are, for example, substitution of complex 

words with simpler synonyms or explaining their meaning, removing redundant words, split-
ting long sentences into several shorter ones, or restructuring sentences (Alva-Manchego et al., 
2020b). 

2.2.1 TEXT UNITS OF SIMPLIFICATION 

In contrast to professional manual translation which mostly performs holistic translation of full 
documents, ATS research has long focused on building sentence simplification models over 
document simplification models (Alva-Manchego et al., 2020b), which is among other things 

due to research in previous decades in which there was less computing power to process whole 

documents (same as for machine translation). However, in modern text simplification three 

text units are common, i.e., document simplification (e.g., see Rios et al. 2021), paragraph sim-
plification (e.g., see Devaraj et al. 2021; Trienes et al. 2022), and sentence simplification (e.g., 
see Mallinson et al. 2020; Ebling et al. 2022). 

In addition to the word and sentence level, text simplification can be applied to the discourse 

level. Even if the task is named text simplification, most approaches focus on simplification 

within a sentence. Although, according to Alva-Manchego et al. (2019b) discourse features, 
e.g., anaphora resolution, reordering, or joining sentences can help to make a text more coherent, 
less ambiguous, and easier to understand. But, yet, only a few papers address cross-sentence 

simplification, e.g., Siddharthan (2003) or Alva-Manchego et al. (2019b). 

2.2.2 TEXT SIMPLIFICATION WORKFLOW 

The automatic text simplification process can be expressed in a workflow or pipeline that is 

similar to the one of machine translation. As previously already stated, the text simplification 

pipeline (including manual, computer-assisted, and automatic simplification) contains three 

main parts (Garbacea et al., 2021): i) classifying whether a text should be simplified (complex-
ity prediction) and then identifying complex passages in texts (complexity explanation) (see 

component 0 in Figure 2.1), ii) generating a simplification (see component G), and iii) validat-
ing of the generated simplification (see component H). 

However, I adapt this (more linear) pipeline to a more dynamic workflow for our purposes. 
Therefore, I specify this general workflow with a focus on automatic simplification by extending 

the components regarding the generation and evaluation parts and adding the corpus building 

pipeline. Once more, a visualization of the workflow diagram for automatic text simplification 

is provided in Figure 2.1. In general, the process can be divided into the training and test phase 

(upper and lower parts), as well as the data and model parts (left and right parts). 
The main components, which hold also for machine translation, are: using a parallel corpus 

(see components B and E in Figure 2.1) to train (see component G) and evaluate (see component 
H) a text simplification model (see component G). In order to optimize the model for the given 

development data, the evaluation can be seen as a loop (from component G to H to G): a model 
is modified regarding some settings (e.g., hyperparameters or prompts), again trained on the 

same data, and the new system generations are evaluated again to verify whether the model 
has improved in comparison to the previous run. 
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Overall, the TS workflow is characterized by a high degree of flexibility and adaptability at 
numerous points, e.g., 

i) text simplification can be performed on document or sentence level; hence, for document 
simplification, component C to E could be skipped and the parallel documents (compo-
nent B) can be directly used as input for a text simplification model (component G), 

ii) a few components are optional or not considered in all TS studies, e.g., generating simpli-
fication plans (component D), manual annotation of quality (component F), post-editing 

(component I), or application (component J), 

iii) findings regarding word or sentence complexity (component 0) can be either used to iden-
tify complex and simple data for building TS corpora or as additional information for the 

TS system whether a word or a sentence required simplification, 

iv) findings from an initial component can influence later components, e.g., simplification 

operations found during manual quality estimation (see component F) can influence the 

choice of TS model architecture (see component G) or how to evaluate the system outputs 

(component H), or 

v) the whole workflow can be repeated several times in order to find the best performing TS 

model, e.g., the selection of data wrt. size, domain, simplification extent, or simplification 

operations (components A to F), can influence the quality of a TS model. Also information 

from post-editing (component I) can be integrated as human feedback into the training 

process of a TS model (component G, “human-in-the-loop” approach). 

2.2.2.1 DATA & CORPUS BUILDING WORKFLOW 

Text simplification can be applied to different text units, e.g., document (see component B in 

Figure 2.1), paragraph, or sentence level (see component E), depending on the complex-simple 

pairs of the parallel corpus. However, the process of building a parallel corpus differs depend-
ing on the chosen text unit: for document simplification, it involves fewer components (see 

component A to B) than for sentence simplification (see component A to E). Both have in com-
mon the ability to harvest some data from the Web (see component A) or manually simplify it 
(see component C) and then align the documents (see component B). The aligned documents 

can also be aligned on the paragraph or sentence level (see component C to E) before using 

them for training the TS model. 
In Chapter 3, I will go into further detail on how to build TS corpora and, in Chapter 4, I will 

compare the corpora built for German TS. 

2.2.2.2 TEXT SIMPLIFICATION MODELS 

ATS models (component G in Figure 2.1) are often data-driven approaches that are trained 

with aligned complex-simple text pairs to learn how to apply simplification operations based 

on the provided examples (Alva-Manchego et al., 2020b). Depending on the training data, 
the simplification models can be focused on specific tasks, for example, if the sentence pairs 

contain mostly syntactic changes, the model is most likely to perform only those operations. 
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However, most corpora contain sentence pairs that apply lexical and syntactical changes at the 

same time; sometimes the change can be assigned to both levels. For example, in Example 1, the 

complex word “veröffentlichungspflichtig” (EN: required to be published) is in Example 2 and 

3 verbalized into “veröffentlichen müssen” (EN: must publish) which can be seen as a lexical 
change in case of a word replacement and also as a syntactical change in case of restructuring the 

sentence by using the word as predicate.2 Furthermore, due to a lack of parallel corpora with 

aligned sentence pairs regarding only syntactic or lexical simplification or only simplifications 

of one target group, ATS models are often very general and not yet directly helpful for the target 
group (Alva-Manchego et al., 2020b). 

In Chapter 6, I will go into more details about text simplification models for German. 

2.2.2.3 EVALUATION OF ATS 

Manual or automatic evaluation is required to measure the quality of the generated simplifi-
cations (component H in Figure 2.1). A good simplification should be grammatically correct, 
simpler, and better readable than the original text, and preserve the original meaning of it. For 
manual evaluation, people are asked to rate the extent of these three aspects for the generated 

simplification with respect to the original sentence. Manual evaluation is very time-consuming; 
hence, for a first quality check, automatic metrics are used for the evaluation of sentence sim-
plification models. To the best of my knowledge, there are no metrics for evaluating document 
simplification yet (except for an adaptation of SARI, i.e., D-SARI). 

Readability metrics, such as FKGL (Flesch, 1948), are utilized to measure simpleness and 

other NLG metrics, such as BLEU (Papineni et al., 2002) or BERTScore (Zhang* et al., 2020), for 
meaning preservation. To measure the overall simplicity quality, SARI (Xu et al., 2016) is the 

primary metric. SARI compares a generated simplification sentence with the source sentence 

and several references to estimate the quality of the lexical simplification. For the evaluation of 
syntactical simplification, SAMSA (Sulem et al., 2018b) was proposed, which is a reference-less 

metric based on annotations of semantic structures. LENS (Maddela et al., 2023) is a newer 
method to evaluate ATS models; it is a metric trained on human assessments. Following (Alva-
Manchego et al., 2021), BERTScore can also be used to measure overall simplicity even if it was 

not implemented for this use case. 
In Chapter 5, I will go into more detail about the evaluation of German text simplification. 

2.2.2.4 COMPLEXITY PREDICTION & EXPLANATION 

Following Garbacea et al. (2021), one part of the TS workflow, which is often neglected, is to 

identify whether a text is too complex for a target group and whether it should be simplified. If 
so, the parts of the text that make it complex should also be identified. The task of complexity 

identification is also called readability assessment, and the task of identifying complex parts on 

the lexical level is, e.g., complex word identification (see component 0 in Figure 2.1). 
Regarding readability assessment of German texts, there are some research works, e.g., Suter 

et al. (2016), Weiss and Meurers (2022), Klepp (2022a), or Seiffe et al. (2022). With a simi-

2 For typologies of simplification operations, see (Cardon et al., 2022) for English, Brunato et al. (2022) for Italian, 
(Stodden and Kallmeyer, 2022) for German, and (Cardon and Bibal, 2023) for a multi-lingual overview. 



40 Chapter 2. Complexity and Simplification 

lar research aim in mind, but focusing more on simplifying German sentences, Mohtaj et al. 
(2022) have organized a shared task related to evaluating the text complexity of German con-
tent. Specifically, the participants are required to predict a mean opinion score, which essen-
tially represents the average assessment of a German sentence’s complexity by non-native Ger-
man speakers. This task can also be described as predicting the subjective complexity level of a 

sentence for a particular target group, in this case, non-native German speakers. 
Yet, there is less research on German complex word identification (CWI). A few shared tasks 

have been performed on CWI or lexical complexity prediction (LCP) of words or sentences, e.g., 
CWI shared task 2018 (Yimam et al., 2018), LCP shared task 2020 (Shardlow et al., 2021), or 
MLCP shared task 2024 (Shardlow et al., 2024)3. Only the first and the latter contain German 

data; the other just focuses on English LCP. It is unclear whether the approaches regarding 

English LCP can also be transferred to German. 

2.2.3 SUBTASKS OF TEXT SIMPLIFICATION 

In literature, the following subtasks of text simplification are named: lexical simplification, syn-
tactical simplification, and conceptual simplification. 

LEXICAL SIMPLIFICATION Lexical simplification focuses on the change in vocabulary to make a 

sentence better readable; it includes the processes of identifying complex words, finding sim-
pler synonyms for them, and replacing complex words with simple alternatives within the sen-
tence (Shardlow, 2014). Hence, automatic approaches of lexical simplification are often split 
into the following subtasks: 

1. complex word identification (or lexical complexity prediction), 

2. easier but similar candidates are generated, often with context-aware word embed-
dings (Glavaš and Štajner, 2015; Gooding and Kochmar, 2019), 

3. select the best fitting candidate for the substitution (Paetzold and Specia, 2016b), and 

4. integrating the substitute with correct inflection in the original sentence. 

SYNTACTIC SIMPLIFICATION In contrast to lexical simplification, syntactic simplification (also 

called structural simplification) can be processed within one sentence or across several sen-
tences. Syntactic simplification is the task of simplifying the grammar and structure of a text. 
It contains, for example, the splitting of a long sentence into its component clauses, merging a 

few sentences into one sentence, or rewriting passive to active (Shardlow, 2014). In contrast to 

lexical simplification, syntactic simplification systems are often rule-based and not data-driven. 
Based on a dependency parse tree (Niklaus et al., 2019a) or a constituency parse tree (Paetzold 

and Specia, 2013) of a sentence, rules are hand-crafted and applied to sentences to identify 

subclauses and move, delete, or separate them into a new sentence. 

3 Unfortunately, the results regarding the LCP shared task 2024 have not been published during writing the thesis. 
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CONCEPTUAL SIMPLIFICATION Conceptual simplification comprises the simplification of a com-
plex concept which will be elaborated within the original sentence or by adding a new sen-
tence (Gooding, 2022). An example of a complex concept is a complex word whose naming is 

important or for which there is no simple synonym. Another type of conceptual simplification 

can be the simplification of implicit structures that are elaborated to be more straightforward. 

2.2.4 SIMPLIFICATION PURPOSES 

Text simplification can be performed for many different purposes, e.g., from standard texts to 

texts for foreign language learners, from standard text in a simplified language variety, as well 
as from expert language to standard language (Shardlow, 2014). In order to understand the 

diversity of the purposes (see Subsection 2.2.4), I first describe different (simplified) language 

varieties (see Subsubsection 2.2.4.1). 

2.2.4.1 LANGUAGE VARIETIES 

The term “language variety” describes a language that is used by people of a particular group 

or in a particular situation (Southerland and Katamba, 1997), e.g., standard language, technical 
language, or simplified language. Examples of simplified language varieties are plain language 

and easy language. 
Texts written in different language varieties have different aims, different purposes, are ad-

dressed to different targeted readers, are written by different writer groups, and are written 

in different text styles. In more detail, technical language is written by experts for experts, 
and hence is the most complex variety; examples of technical texts are medical texts, legisla-
tive texts, or scientific texts. Standard language refers to the language learned in school and 

texts of everyday life written for a broad audience, e.g., governmental texts, news articles or 
blog posts (Southerland and Katamba, 1997). In contrast, plain and easy language are both 

complexity-reduced languages; texts written in these varieties are addressed to people with 

reading problems, e.g., foreign language learners or people with learning difficulties. The aim 

of these texts is similar to texts in standard language, which pass on information, but in this 

case they are written with the special needs of the target group in mind. As discussed previ-
ously in Subsection 2.1.6, a text written in an easy language is less complex than a text written in 

plain language (Maaß, 2020). For an overview of the characteristics and differences of German 

technical language, standard language, plain language and easy language see Table 2.1. 

Focusing more on simplified language varieties: The different needs of people with diver-
gent knowledge and literacy cannot be satisfied with the same simplified sentence, so there is no 

perfect simplification that suits all people (Siddharthan, 2014). As discussed previously, com-
prehension and readability are subjective assessments based on the skills and needs of each 

person. However, people with similar skills can be grouped into target groups, e.g., people 

with cognitive impairments, native speakers with low reading skills, or foreign language learn-
ers. For example, most language learners can understand complex concepts and comprehend 

the content of complex statements, but could have problems with the grammar in the foreign 

language, here German (Marzari, 2010). In contrast, people with cognitive impairments, or 
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Technical Lan- Standard Language Plain Language Easy Language 
guage 

Target Group Experts People with aver- all those for whom people with learn-
(Reader) age literacy and lan- texts in standard ing difficulties and 

guage skills language are too little knowledge of 
difficult German 

Target Group Experts (e.g., peo- People with aver- all those who want trained translators 
(Writer) ple trained on age literacy and lan- to write texts that 

medicine or law) guage skills are easy to under-
stand 

Levels of Simplifi- n/a n/a choice of words, choice of words, 
cation sentence structure, sentence structure, 

text structure, style text structure, text 
design

Characteristic precise and full of long sentences, Short but concise strong reduction 
technical terms complex words, simplification of in content and 

overall rather texts language, review 
complex language necessary 

Aim passing on informa- passing on informa- Simplify (techni- Create strongly 
tion on a specific tion cal) language for simplified texts 
topic from expert to laypeople but retain with a wide reach 
expert linguistic style and 

produce correct 
language 

Literature de Oliveira (2016), Bredel and Maaß 
Baumert (2018), (2016), Bock 
Maaß (2020) (2019), Maaß 

(2020) 

Table 2.1: Language varieties. 

with learning difficulties, have a problem comprehending complex words and several state-
ments per sentence (e.g., see Bredel and Maaß 2016 or Maaß 2020). Therefore, a simplification 

should always be written with the target group and their skills in mind, e.g., by following rec-
ommendations of writing in a simplified language variety. 

In Germany, two main comprehensibility-enhanced language varieties exist, i.e., German 

Plain Language (DE: “Einfache Sprache”) and German Easy Language (or easy-to-read Ger-
man; DE: “Leichte Sprache”) (Maaß, 2020). The target group of German Easy Language in-
cludes people with learning difficulties, people with dementia, people who do not speak Ger-
man very well, and people who cannot read very well (Netzwerk Leichte Sprache, 2022). Ger-
man Plain Language is instead addressed to people with more language knowledge or more lan-
guage skills, e.g., people with reading problems and German language learners (Maaß, 2020). 
Due to the divergent reading and comprehension skills of the people in these target groups, the 

simplification into German Plain Language contains a lower reduction of complexity than the 

simplification into German Easy Language. Following this, the texts in German Easy Language 

are simpler than the texts in German Plain Language. 
To describe, define, and to some extent also control the language, many guidelines and rec-

ommendations on how to write texts in (German) Plain Language or (German) Easy Language 

exist: For example, Inclusion Europe (2021) provides an Easy Language standard with rec-
ommendations for 18 European languages, including German and English. In addition to the 

multilingual guidelines of Inclusion Europe, many language-specific information and guide-
lines exist, for German Easy Language, e.g., see: Bredel and Maaß (2016), Netzwerk Leichte 
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Sprache (2022), Bock (2019), or Deutsches Institut für Normung (DIN) (2023). Or for German 

Plain Language: Baumert (2018), Maaß (2020), Deutsches Institut für Normung (DIN) (2024b), 
Deutsches Institut für Normung (DIN) (2024a). Common simplification operations are, e.g., 
rewriting passive to active voice, splitting relative clauses into distinct sentences, explaining 

complex terms, or replacing digits with number words. 
However, the same complex German sentence (see item 1) can be rewritten in the differ-

ent varieties to address the special needs of the different target groups, e.g., in German Plain 

Language (see item 2) and in German Easy Language (see item 3). Therefore, different linguis-
tic operations can be applied to the complex sentence that are described in more detail in the 

guidelines of the language varieties (see above). For German Easy Language, the complexity of 
sentences is reduced to a minimum by applying several simplification operations at once until 
no further simplification is possible. 

(1) Standard German: 
Veröffentlichungspflichtig sind alle Informationen, die bei den Behörden vorliegen. 

‘Required to be published are all information, which is available with the authorities.’ 

(2) German Plain Language: 
Alle Informationen, die den Behörden vorliegen, müssen veröffentlicht werden. 

‘All information, which is available to the authorities, must be published.’ 

(3) German Easy Language: 
Die Behörden haben viele Informationen. Die Menschen möchten mehr über die Infor-
mationen von den Behörden wissen. Deshalb müssen die Behörden alle Informationen 

veröffentlichen. Veröffentlichen ist ein schweres Wort. Es bedeutet: Etwas offen zeigen. 

‘The authorities have a lot of information. People want to know more about the infor-
mation from the authorities. That is why the authorities must publish all information. 
Publish is a difficult word. It means to show something openly.’ 

Example 2 is simplified to German Plain Language. To make the sentence more readable for 
foreign language learners or people with reading difficulties, the adjectivization and nominal-
ization of the complex adjective “veröffentlichungspflichtig” is rephrased into several easier-
to-understand words and used as the new predicate of the sentence (“müssen veröffentlicht 
werden”, EN: “must be published”. During the simplification process, the structure of the sen-
tence is simultaneously changed, and the clause is moved from the end of the sentence to the 

middle of the sentence. 
Many more linguistic operations have been applied to Example 3 during simplification to 

enhance comprehensibility, for example, for people with cognitive impairments: content addi-
tion by making implicit information more explicit (first two sentences), explaining the complex 

term “veröffentlichen” (EN: to publish) (last three sentences). The third sentence contains the 

main content of the original sentence, but the complex adjective “veröffentlichungspflichtig” is 

rephrased into a verb phrase “müssen …veröffentlichen” (EN: must publish), the passive voice 

is changed to active voice by naming the grammatical agent (“die Behörden”, EN: the authori-
ties), and removing the clause. 
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QUALITY CONTROL OF MANUALLY SIMPLIFIED TEXTS Following the guidelines on how to write in 

German Easy Language, (professionally) simplified texts in German Easy Language require 

that the target group proofreads them before publishing (Maaß, 2015a). Hence, texts in German 

Easy Language have high usefulness and a high quality for the target group, which can also 

enhance the quality of data-driven text simplification systems. 
As a short digression, I want to highlight the high quality of manually simplified texts in 

German. As previously said, following the German Easy Language (“Leichte Sprache”) guide-
lines, the manually simplified text must be manually evaluated by the target group (Maaß, 
2015a; Schiffler, 2022). If the target group still identifies issues with the simplified text, the 

translator has to rewrite the text. This iterative process continues until the target group can no 

longer identify any issues in the simplified text. Proofreading also has the benefit that the target 
group is more involved in the process of the simplification process, so that they can decide for 
themselves whether a text is easy to read and what they identify as complex (see paternalism 

issue, e.g., Gooding 2022). There are ongoing discussions whether texts in German Easy Lan-
guage should be proofread or not. On the one hand, Maaß (2015a, p. 164ff) argue that profes-
sionally trained translators are able to write adequate simplified texts for the target group, and 

therefore proofreading would not be required. On the other hand, the guidelines of German 

Easy Language enforce proofreading by the target group, although they do not name specific 

reasons why or define the process (Schiffler, 2022, p. 19ff). 

2.2.4.2 TARGET GROUPS 

Furthermore, the complexity-reduced language varieties can be mainly divided by their ad-
dressed reader groups (see the first row in Table 2.1) which define the characteristics of the 

language based on the needs of the reader group. The target group of German Easy Language 

includes people with learning difficulties, people with dementia, people who do not speak Ger-
man very well, and people who cannot read very well (Netzwerk Leichte Sprache, 2022). Ger-
man Plain Language is instead addressed to people with more language knowledge or more 

language skills, e.g., people with reading problems, elderly people, German language learn-
ers (Baumert, 2018). Therefore, the size of the target groups also differs. 

Following Auswärtiges Amt (2020), in 2020, 15.45 million people around the world have 

learned German as a foreign language. Grotlüschen et al. (2020) found in their literacy study 

in 2018 that 10.6 million German adults can be classified with alpha level 4, and 4.2 million 

with alpha level 3. Furthermore, in the year 2022, 18.6 million people have been 65 years old or 
older (rising tendency) and could also benefit from German Plain Language (Statistisches Bun-
desamt, 2023). Hence, 14.8 million people with lower literacy, 15.45 million foreign language 

learners, and 18.6 million elderly Germans could benefit from texts written or simplified into 

German Plain Language. 
Following Maaß (2020), the target group of German Easy Language in Germany comprises 

400,000 to 800,000 people with cognitive disabilities, 1.3 million people with dementia, partially 

80,000 people with pre-lingual hearing impairments, and 130,000 to 240,000 people with apha-
sia. However, the numbers cannot be summed to a total number of people in the target group, 
as some people might refer to more than one of these groups. Furthermore, people who are not 
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directly addressed in the target group can also benefit from German Easy Language, such as 

foreign language learners. 
In an ideal world, many texts could be directly prepared in plain language so that they can 

be understood by many people. However, as previously discussed, the complexity of texts is 

highly subjective because of the foreknowledge and experiences of a reader. Furthermore, many 

texts have already been published in only complex versions; hence, simplification can help to 

produce a new variant of the text which is better readable. 

2.2.4.3 SIMPLIFICATION PURPOSES 

Text simplification can also be seen as an intra-lingual translation task in which texts are trans-
lated from a language variety into another variety of the same language (Hansen-Schirra et al., 
2021), e.g., standard German to German Plain Language or German texts with jargon into stan-
dard language. 

Now, focusing on simplification rather than writing in simplified varieties, each text (except 
texts written in easy language) can be considered as complex (or to-be-simplified) and can be 

simplified into any variety with lower complexity. In Table 2.2, I summarize the simplification 

purposes from technical to standard and to complexity-reduced varieties (see Table 2.2a), from 

standard language to texts better comprehensible for language learners with different skills 

(see Table 2.2b), from standard language to texts suitable for children of different ages (see 

Table 2.2c), and from standard language into complexity-reduced varieties (see Table 2.2d). 

The longer the bars are in Table 2.2, the more strong the simplification is, e.g., a simplifica-
tion from technical language to easy language is expected to be the most strong simplification, 
whereas simplification within one CEFR step (e.g., from A2 to A1 or B1 to A2) is expected to 

be the most mild simplification. 
Each simplification purpose further requires special simplification operations: While it 

might be sufficient in expert-laypeople simplification to explain technical terms, in standard-
children simplification many more operations are necessary, e.g., reducing the number of used 

tenses, replacing rare terms with simpler terms, and making the content more explicit. In 

order to include these factors in automatic simplification, parallel resources for this purpose 

are required (see the last column in Table 2.2). 

2.2.5 GERMAN SIMPLIFICATION 

In the previous sections, I have mostly described a general overview regarding complexity and 

text simplification. In this section, I will focus more on the complexity of the German language 

and German texts. I discuss if and to what extent the German language and German texts are 

complex in order to motivate more why one could benefit from German text simplification. 

2.2.5.1 COMPLEX GERMAN LANGUAGE – LINGUISTIC COMPLEXITY 

There is a debate on whether languages are all equally complex or if they can be ranked accord-
ing to their complexity (Joseph and Newmeyer, 2012). Nevertheless, in the following, I present 
some research results on the linguistic complexity of the German language. 
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JargonStandard 
German 

Plain 
German 

Easy
German 

Resources 

x 
x 
x 
x 

x 
x 
x 
x 

x 
x 
x 

x 
x 
x 

x 
x 
x 

x 
x 
x 

x 
x x 

Simple Patho Corpus 
einfach Politik (bpb), ABGB 
German basic law by BAMF 
Corona Leichte Sprache 

Standard 
German 

C2 C1 

(a) Simplification of German technical language. 
B2 B1 A2 A1 Resources 

x 
x 
x 
x 

x 
x 
x 
x 

x 
x 
x 
x 

x 
x 
x 
x 

x 
x 
x 
x 

x 
x 
x 

x 

Alumniportal
APA-OR-B1, capito-OR-B1 
APA-OR-A2, capito-OR-A2, Alumniportal, Spaß am Lesen 
capito-OR-A1, Spaß am Lesen 
APA-B1-A2 

(b) Simplification for foreign language learners. 

Standard Youth Kids Kids Resources German (8-14) (6-12) (<6) 
x x x x x Spaß am Lesen 

x x x GEOlino corpus 
x x x x x x Wikipedia-Klexikon 
x x x x x x x Wikipedia-Miniklexikon 

x x Klexikon-Miniklexikon 

(c) Simplification for youth and children. 

Standard 
German 

Plain 
German 

Easy
German 

Resources 

x x x x x Spaß am Lesen, Apotheken Umschau, BZFE 
x x x x x x x NDR Märchen, Einfach Teilhaben, Stadt Hamburg 

(d) Simplification into simplified German language varieties. 

Table 2.2: Simplification purposes. The length of the bars indicates the degree of simplification. All 
URLs have lastly been accessed at July 24, 2024. 

Marzari (2010) evaluated the seven European languages with the highest amount of speak-
ers in Europe (i.e., Spanish, English, French, Polish, Russian, and German) regarding their 
complexity for language learners. The analysis includes linguistic features regarding grammar, 
lexis, and text composition. He found that out of these languages, German has the most com-
plex text composition, most complex lexis (shared with Russian), and a more complex grammar 
than English, Spanish, Italian, and French. On the one hand, he argues that German is difficult 
to read due to idiosyncrasies in the alphabet (i.e., umlauts and case sensitivity), in the basic 

vocabulary (i.e., mostly Germanic), in the morphology (i.e., inflection of adjectives), in the 

sentence construction (i.e., participle constructions and nested sentences), and in the textual 
structure (i.e., subject-object-verb order in clauses and less linearity) (Marzari, 2010). On the 

other hand, following Marzari (2010), German is easy to read due to the writing system (i.e., 
in total 26 Latin characters + umlauts) and medium complexity of the conjugation (less forms 

than in French, Italian, Spanish, or Polish) and usage of tenses and mood (i.e., only conjunctive 

being complex). However, he also argues that this complexity is subjective due to foreknowl-
edge in other languages, e.g., for native English speakers, the basic vocabulary would be easier 
than for native speakers of a Romance language.4 

In the analysis, always the highest complexity value is considered even if it may be easy for some language 
learners. 

4 

https://github.com/jantrienes/simple-patho
https://www.bpb.de/shop/materialien/einfach-politik/
https://github.com/MeisterFa/ABGB-TextSimplification-Datasets
https://www.bamf.de/SharedDocs/Anlagen/DE/LeichteSprache/leichte-sprache-grundgesetz.pdf
https://corona-leichte-sprache.de/page/6-startseite.html
https://www.alumniportal-deutschland.org/de/
https://science.apa.at/nachrichten-leicht-verstandlich/
https://www.capito.eu/en/easy-language/
https://science.apa.at/nachrichten-leicht-verstandlich/
https://www.capito.eu/en/easy-language/
https://www.alumniportal-deutschland.org/de/
https://einfachebuecher.de/Buecher/Leseniveau/A2-B1/
https://www.capito.eu/en/easy-language/
https://einfachebuecher.de/Buecher/Leseniveau/A1-A2/
https://science.apa.at/nachrichten-leicht-verstandlich/
https://einfachebuecher.de/Buecher/Fuer-Kinder-Jugendliche/
https://github.com/Jmallins/ZEST-data
https://de.wikipedia.org/wiki/Wikipedia:Hauptseite
https://klexikon.zum.de/
https://de.wikipedia.org/wiki/Wikipedia:Hauptseite
https://miniklexikon.zum.de/
https://klexikon.zum.de/
https://miniklexikon.zum.de/
https://einfachebuecher.de/Buecher/Fuer-Erwachsene/
https://www.apotheken-umschau.de/einfache-sprache/
https://www.bzfe.de/einfache-sprache/
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.einfach-teilhaben.de/DE/AS/Home/alltagssprache_node.html
https://www.hamburg.de/barrierefrei/leichte-sprache/
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Dammel and Kürschner (2008) analysed morphological complexity of German and com-
pared it to other Germanic languages. Following them, the German morphology is more com-
plex than the morphology of the other languages due to stem involvement, number of allo-
morphs, direction of determination, but less complex in terms of the fusion of number and 

case (Dammel and Kürschner, 2008). 
Following these results, simplification of German texts seems to be useful in making texts 

easier to read for foreign language learners. 

2.2.5.2 COMPLEX GERMAN TEXTS – TEXT COMPLEXITY 

Even though there are languages that are more complex (but also less complex) than German, 
still many people have trouble reading or writing German (Maaß, 2020; Grotlüschen et al., 2020; 
Baumert, 2018). By nature, technical language texts are complex in any language, as they are 

written by experts for experts (Baumert, 2018). For example, law texts, scientific texts, political 
texts are in general more complex than other texts because they are written for an audience with 

specific expert knowledge. In contrast, newspapers are generally more simple than the texts in 

the other domains named before because news texts are written for a broad audience without 
expecting foreknowledge (Bamberger and Vanecek, 1984). 

Due to different literacy and language skills, as well as different foreknowledge and ex-
periences, readers comprehend texts differently; therefore, text comprehension is very subjec-
tive (Bock and Pappert, 2023). However, in order to reduce the cognitive processing cost when 

reading texts, texts can be rewritten in simpler language, i.e., via intra-lingual translation or sim-
plification (Hansen-Schirra et al., 2020a). Therefore, linguistic phenomena have been identified 

that are often described as complex, e.g., long compound nouns, nested sentences, or passive 

voice. In order to avoid these phenomena, guidelines have been written to write more simply; 
for example, they include: splitting nested sentences into several sentences, visually segmenting 

one-token compounds, or writing in active instead of passive voice (e.g., see Netzwerk Leichte 

Sprache 2022, Baumert 2018, or Maaß 2020). 
Unfortunately, research is missing whether and to what extent texts in German Easy or Plain 

Language actually comply with these rules and guidelines. Furthermore, it is unclear how the 

applied simplification operations differ between languages, e.g., between English and German. 

2.3 SUMMARY & OUTLOOK 

In summary, in this section I have provided background knowledge regarding complexity, sim-
plicity, and text simplification. I have motivated why and how German texts could be simpli-
fied with respect to different simplification purposes and simplification operations. Currently, 
there is a research gap between manual and automatic simplification and, hence, it is unclear 
which simplification rules (in the form of simplification operations) have been applied during 

the manual and automatic simplification of German texts. More research is required on the 

definition and differences of operations in the scope of German simplification (see RQ 2-1). 
Furthermore, I have also briefly introduced the automatic text simplification workflow and 

have identified research gaps regarding the first part of the simplification process, i.e., complex-
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ity identification and prediction. In text simplification research, it is often overlooked whether 
a text requires simplification or if it is already simple enough for a specific target group. To 

advance the integration of complexity prediction in TS research, more research is necessary 

regarding how to automatically identify complex text passages (see RQ 2-2). 
In the following, I describe the state of research regarding the other parts of the simplification 

workflow. Therefore, I provide more details on the construction of TS corpora (see Chapter 3), 
existing TS resources (Chapter 4), evaluation methods (Chapter 5), and models (Chapter 6). 
In each of these sections, I will present the current state and discuss current challenges. 
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Chapter 3 
Building Text Simplification Corpora 

Such as in all machine learning tasks, in the field of automatic text simplification, also a data 

collection (also called corpus) is required to evaluate and/or train automated text simplification 

systems. A corpus for text simplification is a monolingual data collection that always consists of 
a collection of pairs, where one side of the pair consists of a complex text in one language and the 

other side consists of at least one simplified version of these texts (called simplified texts) in the 

same language. Ideally, both sides of a simplification pair contain the same content but differ 
in their complexity level. 

Building complex-simple pairs (or parallel TS corpora) is as important for TS as for other 
natural-language generation tasks. Based on the complex-simple texts, a supervised machine 

learning model can learn how to generate a text close to the provided target simplification. Fur-
thermore, (un)supervised models can be evaluated against TS corpora to estimate their quality. 

In the remainder of this chapter, I am explaining relevant terms and concepts to build TS 

corpora, e.g., parallel corpora vs. comparable corpora (see Section 3.2), or one vs. many tar-
get simplifications (see Section 3.1). Furthermore, I am introducing the workflow for building 

text simplification corpora (see Section 3.3) including i) finding relevant data (see Section 3.4), 
ii) sentence-wise alignment (see Section 3.6 and Section 3.7), and iii) additional annotation re-
garding simplification operations and quality assessment (see Section 3.9). Before I conclude 

the chapter (see Section 3.11), I give a short overview on existing annotation interfaces which 

can support the building process (see Section 3.10). 

3.1 ONE VS. MANY TARGET SIMPLIFICATIONS 

As TS research is based on machine translation research, often the same terminology is used. 
Hence, the complex text can also be named as source text and the simplified text as target text. 

For a source text, there exists not one perfect simplification, but several equally good target 
simplifications that are tailored to the individual needs of people (Siddharthan, 2014). There-
fore, in TS research, target texts are also referred to as reference texts (Alva-Manchego et al., 
2020b). As there is a lack of high-quality TS corpora in languages other than English, many 

non-English TS corpora contain one-to-one pairs with only one gold simplification for a com-
plex sentence (Martin et al., 2023). 
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But, many English TS corpora contain pairs with one complex text and many references. If 
more than one reference is available, a generated simplification can also be evaluated against 
more possible reference simplifications and not only against one idealized target simplification. 

3.2 COMPARABLE VS. PARALLEL CORPORA 

As previously mentioned, the collection of complex-simple pairs is called a TS corpus. However, 
a TS corpus can be further described by its degree of meaning overlap between both sides of the 

pair, i.e., parallel or comparable. 
Following Teubert (1996), a corpus is called parallel corpus if a complex text at hand is di-

rectly translated or simplified into the corresponding version in another language or language 

variety.1. In contrast to parallel corpora, comparable corpora do not contain direct translations 

(or simplifications) of the source texts; they comprise texts in another (or simplified) language 

with similar but not necessarily exactly the same content (Teubert, 1996). 
For a better illustration, if two individuals independently write a text on the same topic X, it 

is called a comparable pair: Person A posts a complex-to-read text with topic X on Wikipedia. 
Person B publishes a text in simpler words on the same topic X on a Wikipedia-based page 

for children without knowing or considering the text of person A. Then this pair of a complex 

document by person A and the simple document by person B would be considered following 

the named definition as comparable as both texts might contain different insights even if both 

address the same topic X. 
On the other hand, if person B would a) read the text by person A, b) would try to keep most 

of the content when rewriting it, and c) at the same time would try to simplify the wording and 

the structure of the original text, then, we would call this a parallel document pair, following 

my definition above. 
With regard to text simplification, most resources are comparable resources as the complex 

and simple texts are written independently. Another indicator for this is that for a huge pro-
portion of the document pairs it is not possible to identify or assign a simplified sentence to an 

origin in the complex document. 
Comparable resources for German TS are, for example, the German version of Wikipedia 

and a Wikipedia version for children (e.g., Vikidia2, Klexikon3, or Miniklexikon4), or news ar-
ticles written in simplified German without a corresponding news article in standard German 

(e.g., Deutschlandfunk5 or NDR6). 
In comparison, the Austrian News Agency7 offers their news articles in three different com-

plexity levels, all containing nearly the same content. In addition, the simplified texts of the 

1 Different definitions for parallel and comparable corpora exist (see McEnery and Xiao 2007), however, I follow 
the definition of Teubert (1996) as it is easily transferable to text simplification. 

2 https://de.vikidia.org/wiki/Hauptseite [last access: July 24, 2024] 

3 https://klexikon.zum.de/ [last access: July 24, 2024] 

4 https://miniklexikon.zum.de/ [last access: July 24, 2024] 

5 https://www.nachrichtenleicht.de/ [last access: July 24, 2024] 

6 https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/ 
Nachrichten-in-Leichter-Sprache,nachrichtenleichtesprache100.html [last access: July 24, 2024] 

7 https://science.apa.at/nachrichten-leicht-verstandlich/ [last access: July 24, 2024] 

https://de.vikidia.org/wiki/Hauptseite
https://klexikon.zum.de/
https://miniklexikon.zum.de/
https://www.nachrichtenleicht.de/
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Nachrichten-in-Leichter-Sprache,nachrichtenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Nachrichten-in-Leichter-Sprache,nachrichtenleichtesprache100.html
https://science.apa.at/nachrichten-leicht-verstandlich/


3.3. Building Process 51 

Hamburg Public Authority8 are a direct translation of the text into standard German with low 

information loss. Therefore, the last two are examples of parallel resources for German TS. 

3.3 BUILDING PROCESS 

The creation of text simplification corpora most often contains the following steps or compo-
nents: 

A) Building a web harvester to download and harvest documents in standard German and 

simplified German, 

B) Alignment of complex and simple documents to document pairs – resulting in a document 
simplification dataset, 

C) Sentence-wise alignment (manually or automatically using some alignment algorithms), 

E) Resulting in a sentence simplification dataset, 

F) Adding some human annotations on the aligned sentence pairs for insights into the sim-
plifications. 

Figure 3.1: Corpus building process (Cutout of the whole TS workflow of Figure 1.1). 

For a better overview, the process and the connections between the components are visual-
ized in Figure 3.1. When creating parallel corpora, a distinction can be made between the text 
units of interest. For a document simplification corpus, components C and E would be skipped. 
For a paragraph simplification corpus, the same procedure can be applied as for a sentence 

simplification corpus (components A to F). 

https://www.hamburg.de/barrierefrei/leichte-sprache/ [last access: July 24, 2024] 8 

https://www.hamburg.de/barrierefrei/leichte-sprache/
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In the following, I will describe each step or component in more detail (see Section 3.4 -
Section 3.9) and explain how to facilitate the process with digital interfaces (see Section 3.10). 

3.4 FINDING SUITABLE DATA (COMPONENT A & B) 

In order to build a TS corpus, comparable or better parallel resources are required in which one 

part is more complex than the other. A good origin for parallel corpora could be i) professional 
translators, who could share their simplifications as well as the original texts, ii) data providers, 
which offer their material directly, or iii) crawling the simplified and complex texts from web 

pages. A prominent example for type ii) is Newsela9, a news agency that offers professionally 

simplified English news articles for scientific purposes. This resource has been used for the first 
time for automatic text simplification by Xu et al. (2015). 

Following guideline 3.1 of the Web Content Accessibility Guidelines (WCAG) 2.0 (World 

Wide Web Consortium, 2008), the international standard for web content, texts on webpages 

should be understandable by people with at least nine years of school education. If the con-
tent is more complex, they recommend providing a simpler summary, providing visual illus-
trations, providing a spoken version, providing a version in sign language, or simplifying the 

text (at W3C, 2024). Based on these recommendations, many webpages contain texts in easily 

understandable language and for some webpages also parallel versions in standard language 

and simplified language are provided. Hence, in recent years, an increasing number of websites 

have offered texts that have been simplified both manually and professionally. 
A good start to find relevant simplified German web pages are references listed on the web 

pages of professional translators or looking at public authority web pages because public au-
thorities in Germany are obliged to offer easily readable texts on their web pages following the 

barrier-free information technology ordinance (“German Barrierefreie-Informationstechnik-
Verordnung” (BITV, 2011). Nevertheless, I want to highlight the importance of the copyright 
of the complex and simplified data. Before downloading the data, I recommend carefully 

checking the copyright if it is permitted to download, use, and distribute the data.10 

Furthermore, if simplified or even parallel texts are available on websites, but the website 

owners do not provide a bundled download, building and/or using a web scraper could be 

helpful to build a new TS corpus. Examples of simplified German text web scrapers are pro-
posed in Battisti et al. (2020), Anschütz et al. (2023), or Toborek et al. (2023). 11 

Depending on the aimed text unit, if interested in sentence simplification but only paral-
lel (or comparable) documents are available, manually or automatically identifying parallel 
pairs on the sentence level could be another option (see Section 3.6 and Section 3.7). Com-
mon English corpora following this strategy are, e.g., WikiLarge (Zhang and Lapata, 2017) or 
WikiAuto (Jiang et al., 2020). 

9 https://newsela.com/data/ [last access: July 24, 2024] 

10 For more information regarding copyright of data and re-using it, I refer the interested reader to Moorkens and 
Lewis (2020). It is beyond the scope of this thesis to provide a more detailed analysis of this topic. 

11 More details on web scrapers used for building German TS corpora can be found in Section 4.1. 

https://newsela.com/data/
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3.5 MANUAL SIMPLIFICATION (COMPONENT C) 

If no parallel documents or paragraphs are available or are not specific enough for the simplifi-
cation purpose, professional translators could be asked to simplify complex texts wrt. a specific 

target group or simplification guideline. In SimplePatho (Trienes et al., 2022), for example, Ger-
man medical students have simplified German medical reports to ensure the correctness of the 

technical language. 
If simplifying general texts for a more general audience, also non-professional translators, 

such as crowd-workers, could be asked to simplify original texts based on given simplification 

guidelines. This strategy has been applied, for example, to the English TS corpora, for example, 
TurkCorpus (Xu et al., 2016) or ASSET (Alva-Manchego et al., 2020a). 

3.6 ALIGNMENT (COMPONENT C) 

3.6.1 ALIGNMENT 

If parallel texts are available, the next step is to find the corresponding simple text for a com-
plex text if not yet grouped or linked. The process of identifying the corresponding parallel or 
comparable parts in a bunch of texts is called alignment (McEnery and Xiao, 2007). Following 

McEnery and Xiao (2007) or Paetzold et al. (2017), aligning can take place at various levels, e.g. 

• Document level: Assignment of documents with similar content, 

• Paragraph level: Assignment of paragraphs with similar content within similar docu-
ments, 

• Sentence level: Assignment of sentences with similar content within similar documents, 
or 

• Word level: Assignment of words with similar content within similar sentences. 

In text simplification, simplification pairs are most often aligned on the sentence level, but 
in recent years also some approaches regarding document and paragraph simplification with 

aligned document pairs and aligned paragraph pairs have arisen (e.g., Sun et al. 2021 or Crip-
well et al. 2023a). 

Looking more closely at sentence simplification, English TS corpora mostly contain 1:1, n:1 

and 1:m sentence pairs, but for German n:m and 0:1 pairs are also frequent. In addition to 

rephrasing (mainly in 1:1 pairs), splitting (1:m pairs) and merging (n:1 pairs), in German sim-
plification, new sentences are often added to explain a term (instead of substitution; 0:1). Fur-
thermore, there exists an option in which a few sentences are combined, rephrased, and re-
ordered at the same time, resulting in new sentences (n:m pairs). 

In the following, I use complex sentence and complex text interchangeably. With both terms, 
I refer to the complex side of a complex-simple pair which can either contain one or more sen-
tences. The same holds for simple sentence, simple text, and simple side. 
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3.6.2 ALIGNMENT TYPES 

To the best of my knowledge, no guidelines and clear definitions of alignment types can be 

found in the literature. Therefore, I am introducing my own definition per alignment type in 

the following. 

1:1 ALIGNMENTS Probably the most common alignment option in text simplification is 1:1 align-
ment. 1:1 alignments (e.g., see Petersen and Ostendorf 2007; Zhang and Lapata 2017; Alva-
Manchego et al. 2020b) are annotated when the meaning of a source sentence is transferred 

into exactly one simplified sentence. Examples include reordering the sentence, omitting words, 
adding words, or substituting words in the simplification (e.g., replacing a long or infrequent 
word with a short or common word). 

1:m ALIGNMENT 1:m alignments are considered as pairs in which one source sentence has been 

split into several sentences (see Petersen and Ostendorf 2007; Zhang and Lapata 2017; Alva-
Manchego et al. 2020b). This is the case, for example, where subordinate clauses are rewritten as 

independent sentences. If a fraction of the content of the original sentence also appears in other 
simplified sentences, all of these simplified sentences should be annotated in the pair. Sentences 

on one side of the pair can (but do not have to) be adjacent to each other. The order and distance 

between the simplified sentences do not matter; hence, simplifications corresponding to one 

complex sentence can be scattered throughout the simplified text. Spring et al. (2023) call this 

phenomenon crossing alignment as the inlying sentences can also be aligned in another alignment 
pair. Hence, the alignments of both pairs would cross each other. An example of a crossing 

alignment is provided in Figure 3.2 between the complex sentences 13 to 15 and the complex 

sentences 19 and 20. 
However, if another simplified sentence just refers to one word of the previous simplified 

sentence, e.g., as a term explanation or exemplification, and this explanation is not part of the 

complex document, I do not consider this sentence as part of the alignment pair. Instead, this 

simplified sentence should be aligned as 0:1 and not assigned to any source sentence. 

n:1 ALIGNMENT If fractions of content from more than one source sentence have been conveyed 

into one simplified sentence, it is an n:1 alignment (e.g., see Petersen and Ostendorf 2007; Zhang 

and Lapata 2017; Alva-Manchego et al. 2020b). In a common n:1 alignment, a few pieces of 
information from the source sentences are omitted and no longer included in the simplified 

sentence to make the sentence shorter and more concise. However, if the deletion does not 
change the original meaning, a merge of sentences can still be a valid simplification. 

n:m ALIGNMENT If there is a mixture of a summary and information deletion of multiple clauses 

into multiple sentences, the sentences are annotated with an n:m alignment. Thus, several cross-
sentence simplification transformations occur simultaneously. In an n:m alignment, many dif-
ferent simplification operations are applied to several source sentences at the same time. For 
example, a subordinate clause from a first complex sentence might be split into a new simpli-
fied sentence, while at the same time the main information of a second complex sentence is 



55 3.7. Automatic Alignment (Component C) 

Figure 3.2: Crossing alignment in a news document pair of the Austrian Press Agency (Title: “News 
from June 21, 20191”; ID = 403). 

integrated into the main clause of the first complex sentence. This kind of alignment can be 

annotated whenever no clear 1:1, 1:m or n:1 sentence assignment can be made, but the meaning 

of a complex passage is still preserved in the simplified document. 

1:0 OR 0:1 ALIGNMENTS As content deletion and word explanations are also relevant simplifica-
tion operations, 1:0 (deletions; see (Petersen and Ostendorf, 2007)) and 0:1 alignments (addi-
tions) can also be considered as alignment types. If, after the annotation of a document pair, 
some source sentences are not aligned with any simplified sentence, they are considered as 

deletions and vice versa for additions. These alignment pairs can be helpful for getting insight 
into the simplification of a document, e.g., how similar the documents are to each other, how 

much new content has been added, or how much of the original document was removed. Usu-
ally, text simplification systems are not trained directly on 1:0 and 0:1 sentence pairs. However, 
the additions could be used as augmented data to fine-tune a language model on simplified 

sentences before fine-tuning on the complex-simple pairs (e.g., see Subsection 4.7.3). 

3.7 AUTOMATIC ALIGNMENT (COMPONENT C) 

Manual sentence-wise alignment of parallel documents is a very time-consuming task as it re-
quires skimming two documents (the original and the simplified document) at the same time 

and trying to identify sentences with the same or very similar meaning, keeping all possible 

alignment types in mind. As previously stated, a faster way of alignment – compared to man-
ual alignment following the above definitions – is automatic alignment which could be trained 

or evaluated on manual alignments. The two most commonly used automatic alignment meth-
ods are CATS (Štajner et al., 2018) and MASSalign (Paetzold and Specia, 2016c; Paetzold et al., 
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2017), both developed for English (and CATS also for Spanish). However, in recent years, more 

alignment methods have been developed; for an overview, see Table 3.1. Only some of the meth-
ods are capable of aligning n:m and crossing alignment pairs. 

Name Reference 

MASSAlign Paetzold et al. (2017)
linear feature-based classifier Cardon and Grabar (2018)
CATS Štajner et al. (2018)
LHA Nikolov and Hahnloser (2019)
VecAlign Thompson and Koehn (2020)
SentenceTransformer Reimers and Gurevych (2020)
Neural CRF Jiang et al. (2020)
BERTAlign Liu and Zhu (2022) 

Crossing Nature of 
Alignments Alignment 
no n:m 
n/a n:1 
yes n:1 
yes n:m 
no n:m 
no 1:1 
yes n:m 
yes n:m 

Table 3.1: Automatic alignment methods. Extended Table of Table 1 in Spring et al. (2023). 

MASSAlign by Paetzold et al. (2017) is a Python package that includes an easy-to-use align-
ment method on the paragraph and sentence levels by Paetzold and Specia (2016c). The method 

uses a vicinity-driven approach with a similarity matrix based on n-grams in a TF-IDF model. 
It is capable of 1:1, 1:m, and n:1 alignments. 

Linear Feature-based Classifier by Cardon and Grabar (2018) is, as the name suggests, a feature-
based linear classifier for sentence-wise alignment. It has been tested for multiple domains as 

well as multiple languages. Its features include, e.g., stop-word overlap, word overlap, sentence 

length, and word-based similarity. 
CATS by Štajner et al. (2018) is an alignment method that can also align paragraphs and 

sentences. CATS aligns each original sentence with the closest simple sentence by calculating 

the similarity of all of them based on n-grams (option: C3G) or word vectors (option: CWASA 

and WAVG). C3G is a character tri-gram model with similarity metrics, whereas CWASA and 

WAVG both calculate the cosine similarity between word embeddings of a complex or simplified 

entity. To make CATS suitable for languages other than English and Spanish, the selection of 
the word embeddings can be changed to embeddings in the language of interest. Officially the 

code was published in Java12, for better integrity with the other alignment methods, but there 

is also a Python implementation of it13. 
LHA by Nikolov and Hahnloser (2019) is an unsupervised method that finds 1:1 sentence 

alignments in monolingual parallel corpora where documents do not need to be aligned before-
hand. It works with a hierarchical strategy by aligning documents on the first level and then 

aligning sentences within these documents. 
VecAlign by Thompson and Koehn (2020) is a bilingual sentence alignment method that was 

designed to align sentences in documents of different languages. However, it was also tested in 

other works on monolingual parallel corpora (e.g., Spring et al. (2022)). It has two main advan-
tages: it can produce n:m alignments, and it can work with more than 200 languages (as it uses 

the LASER14 (Artetxe and Schwenk, 2019) sentence representation model in the background, 
which is multilingual). 

12 https://github.com/neosyon/SimpTextAlign [last update: December 4, 2020; last access: July 24, 2024] 

13 https://github.com/kostrzmar/SimpTextAlignPython [last update: March 22, 2021; last access: July 24, 2024] 

14 https://github.com/facebookresearch/LASER [last update: May 2, 2024; last access: July 24, 2024] 

https://github.com/neosyon/SimpTextAlign
https://github.com/kostrzmar/SimpTextAlignPython
https://github.com/facebookresearch/LASER
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Sentence Transformer by Reimers and Gurevych (2020) can be used as a straightforward 

method to find 1:1 sentence alignments by computing cosine similarity between embedding 

vectors (produced by a sentence transformer model) of sentences on both sides of the parallel 
corpora, and then picking the most similar pairs and labeling them as aligned. This method is 

totally dependent on the transformer model (e.g., LaBSE Feng et al., 2022 or RoBERTa Conneau 

et al., 2020), and the similarity threshold to set (e.g., values between 0.7 and 0.9). 
Neural CRF by Jiang et al. (2020) is a neural conditional random field (CRF) classifier which 

is trained on manual alignment pairs. This alignment method classifies for each sentence of a 

complex document and each sentence of a simplified document whether these sentences should 

be (partially) aligned or not. Hence, it learns on a bulk of data (i*j where i = length of the com-
plex document and j equals the length of the simple document) with unbalanced data because 

the category of non-aligned data is overrepresented. Due to this strategy, the method is capable 

to align crossing n:m alignment pairs. However, because Neural CRF is a supervised metric, it 
requires training data in the language and domain of interest in order to be applicable to other 
languages and domains than the ones it was trained on. 

BertAlign by Liu and Zhu (2022) is an attempt to allow sentence transformer-based meth-
ods to produce n:m alignments. It was tested on Chinese-English parallel corpora and showed 

promising results. 
In summary, there are a few methods for automatic sentence-wise alignment of parallel doc-

uments, but only a few of them are capable of n:m alignments and crossing alignments. Further-
more, most of the metrics were originally developed for aligning English document pairs, but 
most of them (except the neural CRF) can be applied to other languages with small adaptations. 

In previous work on building German corpora, it has already been shown that a sentence-
wise alignment is not suitable for some corpora (mostly comparable and non-parallel corpora) 

(Aumiller and Gertz, 2022), or the alignment results in low accuracy even when aligning mild 

simplifications automatically (see Spring et al. 2023). In Chapter 4, I will present in more detail 
the results of automatic alignment on different German TS corpora. 

3.8 SIMPLIFICATION PLANS (COMPONENT D) 

Based on the alignment pairs per document pair, a simplification plan can be built. In this plan, 
each complex sentence of a complex document can be labeled with a suitable simplification op-
eration corresponding to the alignment type, e.g., merging, splitting, or rephrasing. This plan can 

either be helpful to train an automatic sentence-wise alignment method (e.g., Jiang et al. 2020) 

or to train a sentence simplification system with additional simplification operation instructions 

(e.g., Cripwell et al. 2023b). 

3.9 ANNOTATION OF SIMPLIFICATION OPERATIONS AND QUALITY ASSESSMENT 

(COMPONENT F) 

In addition to the alignment of a corpus, the annotation or marking of the sentence pairs with 

the change(s) made during the simplification and an assessment regarding the quality of the 
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simplifications can also be part of building a text simplification corpus. In the following, I will 
first highlight the relevance of the annotation on simplification operations and give an overview 

on existing typologies for the operations (see Subsection 3.9.1). Then I summarize the relevance 

and strategies for the assessment of the quality of a TS corpus (see Subsection 3.9.2). 

3.9.1 SIMPLIFICATION OPERATIONS 

During manual simplification of a text, many different operations or transformations can be 

applied to the complex sentence. Following Cardon and Bibal (2023), sentence level simplifi-
cation operations can be split into syntactical operations (e.g., reordering sentence elements), 
lexical operations (e.g., paraphrasing or synonym substitution), or morphological operations 

(e.g., changing the verb’s tense or mood). On the document level, further operations can be 

applied, for example, coreference resolution, sentence deletion, or reordering of sentence posi-
tions (Cardon and Bibal, 2023). 

Information on simplification operations can be helpful for analyzing the characteristics of 
a corpus. For example, the operations provide information on how the sentence pairs can be 

grouped with respect to lexical or syntactic simplifications or whether they are suitable data for 
evaluation of syntactical TS models. 

For text simplification, for example, the following typologies of simplification operations 

exist for the following languages (Cardon and Bibal, 2023): 

1. Bott and Saggion (2014) for Spanish, 

2. Brunato et al. (2015), Brunato et al. (2022) for Italian, 

3. Gonzalez-Dios et al. (2018) for Basque, 

4. Koptient et al. (2019) for French, 

5. Caseli et al. (2009) for Brazilian Portuguese, and 

6. Amancio and Specia (2014) for English. 

Furthermore, simplification operations can be used as part of a guideline for translators on 

how to simplify texts. However, in this case, often only one simplification is performed at once. 
Alva-Manchego et al. (2020a) present the first corpus (so-called ASSET) that specifically con-
tains simplifications via multiple operations. Barancikova and Bojar (2020) also describes a 

controlled text simplification approach. Following their simplification guidelines, several oper-
ations have been proposed for each complex sentence, which have been consecutively applied 

to a complex sentence. 
In addition, an existing corpus can be extended by annotation of simplification operations, 

for example, to derive hand-crafted rules for a TS system (Koptient et al., 2019), to get more 

insights into the behaviors of metrics for automatic TS evaluation (e.g., see ASSETann by Cardon 

et al. 2022), to evaluate system outputs based on applied operations (e.g., see Yamaguchi et al. 
2023), or train evaluation metrics including performed operations (e.g., see Heineman et al. 
2023). The list of simplification operations can also be extended with error categories, e.g., 
hallucination or information deletion, to get more insights and comparisons in what have been 

correctly and wrongly simplified (e.g., see Yamaguchi et al. 2023 or Heineman et al., 2023). 
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3.9.2 SIMPLIFICATION QUALITY ASSESSMENT 

When building an TS corpus, I follow the proxy that a sentence in the target document is simpler 
than its corresponding sentence(s) in the source document. To check whether this assumption 

holds, the simplicity of both documents or sentence pairs should be compared to guarantee a 

high quality of the corpus. Most often, the simplification quality of new corpora is evaluated 

with readability metrics (e.g., see Vajjala and Lučić 2018), linguistic criteria such as sentence 

length or word length (e.g., see Scarton et al. 2018 or Ryan et al. 2023), or manual inspection of 
random samples (e.g., see Joseph et al. 2023). 

As suggested in Alva-Manchego et al. (2021), manually simplified sentences (or manual 
references) should be annotated with their simplicity level when building a new TS corpus. The 

simplicity level can help to evaluate the model performance based on the maximum simplicity 

level they could achieve wrt. the given references. Unfortunately, the simplicity or other criteria 

(e.g., the grammaticality or the meaning preservation) in the gold simplifications are currently 

very rarely evaluated during the creation of a new TS corpus. 
A few English TS corpora have been extended with annotations regarding simplification 

quality. Examples for this evaluation strategy are the English TS corpora: QATS (Štajner et al., 
2016b), HSplit (Sulem et al., 2018a), PWKP (Sulem et al., 2018b), ASSET (Alva-Manchego et al., 
2020a), Simplicity-DA (Alva-Manchego et al., 2021), and Fusion (Schwarzer et al., 2021). Fur-
thermore, Taylor et al. (2022) have evaluated the general acceptability of all their professionally 

simplified documents in qualitative interviews prior to sentence-wise alignment. In addition, 
Joseph et al. (2023) verified the validity or meaning preservation of their aligned sentence pairs 

in a random sample of their multi-lingual medical TS corpus. 
In some studies (e.g., see Mallinson et al. 2020 or Ryan et al. 2023), the quality of the target 

texts is assessed at the same time as when evaluating the automatic simplifications. This kind of 
annotation is more motivated by getting comparable scores of the annotation of system outputs 

and references and focuses less on the overall quality of the corpus. This procedure has the 

advantage that the ground truth ratings are originated from the same group of participants, 
which also evaluates the system outputs. In manual evaluation, the sentence pairs are most 
often evaluated wrt. simplicity, grammaticality, and meaning preservation (see Chapter 5). 

Previously to our work, no German TS corpus has been annotated regarding simplifica-
tion quality during the building of the corpus, except TextComplexityDE (Naderi et al., 2019). 
Naderi et al. asked German language learners to rate the simplicity of 1000 sentences from Ger-
man Wikipedia; the most complex 250 sentences have then been manually simplified. However, 
no additional evaluation has been made on the simplified sentences. Further, I am aware of one 

German TS research paper in which the gold reference has been evaluated wrt. grammaticality, 
meaning preservation, and simplicity during the evaluation of the output of the TS system, that 
is, Mallinson et al. (2020). 

3.10 ANNOTATION INTERFACES 

As previously presented, most of the creation of a TS corpus corresponds to manual annota-
tion, which is very costly. Some annotation interfaces have been built to facilitate the creation 
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and annotation of TS corpora. The interfaces focus either on the alignment process (see Sub-
section 3.10.1), the annotation of the simplification operations (see Subsection 3.10.2), or the 

annotation of the simplification quality. 

3.10.1 INTERFACES FOR SENTENCE-WISE ALIGNMENT 

Manual sentence-wise alignment of parallel documents is a very time-consuming task, as it 
requires skimming two documents (the original and the simplified document) at the same time 

and trying to identify sentences with the same or very similar meaning, keeping all possible 

alignment types in mind. 
To assist annotators in the alignment task, there are a few alignment interfaces (also called 

bi-text editors or alignment tools), e.g., ISA by Tiedemann (2006), MASSalign’s interface Paet-
zold et al. (2017), or the interface by Jiang et al. (2020). However, they all have some limitations 

with respect to text simplification corpora construction: The MASSalign interface focuses on the 

analysis of an alignment pair after automatic alignment and does not have an option for man-
ual alignment or correction. Further, ISA (Tiedemann, 2006) supports only 1:1 alignment, and 

hence, many sentence pairs for TS would not be recognized or wrongly aligned. The annotation 

interface of Jiang et al. (2020) is built directly for the purpose of aligning sentence pairs for TS. 
Their tool is a simple HTML script plus JavaScript in which an uploaded document pair can 

be aligned. The tool allows a user to mark unlimited spans of texts in both documents (which 

are n:m alignments); however, it does not support crossing n:m alignments as the span in their 
annotation is not allowed to be interrupted by a sentence which is not part of the alignment. 
Unfortunately, there are details missing on how to use it, e.g., it is unclear in which format the 

documents have to be uploaded in the tool. 

3.10.2 INTERFACES FOR ANNOTATION OF SIMPLIFICATION OPERATIONS 

The identification and annotation of rewriting transformations can be described as a sequence 

labeling challenge. Consequently, widely used sequence labeling tools such as BRAT (Stenetorp 

et al., 2012) can be used for this purpose. Gonzalez-Dios et al. (2018) modified BRAT to annotate 

rewriting in the context of text simplification by indicating the affected sequence in the original 
sentence and assigning the corresponding transformation label. In comparison, Koptient et al. 
(2019) labeled transformations at the word level in parallel text using a modified version of 
YAWAT (Germann, 2008). Heineman et al. (2023) built an annotation interface called SALSA 

which is especially designed for the annotation of simplification operations and the quality of 
system outputs.15 

3.10.3 INTERFACES FOR ANNOTATION OF SIMPLIFICATION QUALITY 

To the best of my knowledge, previously to our work, no annotation tool has focused on sup-
porting the annotation of simplification quality of manual references. However, interfaces that 
support the manual assessment of system outputs could also be applied for the evaluation of the 

15 This interface has been proposed after the release of our text simplification annotation tool TS-ANNO (Stodden 
and Kallmeyer, 2022). 
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gold data. For this, crowd-workers have been asked to rate the simplicity through crowdsourc-
ing platforms such as Amazon Mechanical Turk16 or Figure Eight17 (e.g., see Alva-Manchego 

et al. 2020a) or a small group of annotators or experts have evaluated the system outputs (e.g., 
see Cripwell et al. 2022). 

3.11 SUMMARY & OUTLOOK 

In summary, I have presented the typical process of building a text simplification corpus includ-
ing finding suitable data, aligning the data on the sentence level, annotating the simplification 

quality and operations, and how to support this process with digital interfaces. For the most 
part, I have presented strategies referring to English TS research due to the imbalanced research 

between English and non-English TS. 

3.11.1 CHALLENGES & RESEARCH GAPS 

However, most of the strategies can also be applied to German TS to some extent. For exam-
ple, the resource-finding strategies or the alignment types are universal across languages. But 
some of the automatic alignment strategies are language-dependent and need some adaptation 

to also support German. However, the challenges can also be transferred to German TS, e.g., 
lack of accessible resources for parallel corpora (further called BUILDING CHALLENGE A), time-
consuming manual alignment (further called BUILDING CHALLENGE B), or missing reliability of 
automatic alignment methods (further called BUILDING CHALLENGE C). 

Furthermore, prior to my work, there was no typology of simplification operations for Ger-
man TS except guidelines for manual simplification into German Plain or Easy Language. A 

comparison between both resources could benefit the research directions of manual as well as 

automatic simplification. I have further shown that these simplification typologies and annota-
tions have more use cases than just being instructions for simplifying, e.g., they could be utilized 

as criteria for quality control of corpora (further called BUILDING CHALLENGE D). 
On the one hand, the manual annotation of simplification operations or quality assessment 

aspects involves a high human effort, but, on the other hand, it can be supported by annotation 

interfaces. However, existing annotation interfaces have also not been utilized to build German 

TS corpora (BUILDING CHALLENGE B). In addition, before our work, there has been a lack of an 

annotation tool that comprises all parts of the process of building a TS corpus. Following this, 
more alignment tools are required that support manual alignment of all types of alignment, 
including crossing alignment. 

The named challenges are inline with my previously introduced research questions which 

I will address in the following of my thesis, i.e., how to overcome challenges during corpus 

creation (see RQ 3-1), determining relevant characteristics of new corpora (see RQ 3-2) and 

identifying the quality and representativeness of corpora (see RQ 3-3). 

16 https://www.mturk.com/ [last access: July 24, 2024] 

17 https://www.figure-eight.com/; recently called Appen (https://www.appen.com/) [last access: July 24, 2024]. 

https://www.mturk.com/
https://www.figure-eight.com/
https://www.appen.com/
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3.11.2 OUTLOOK 

In the next section (see Chapter 4), we will have a closer look at how the corpus building strate-
gies have been applied on resources to build German TS corpora and which challenges are 

arising in this sub-field. 
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Chapter 4 
German Simplification Corpora 

In the era of pretrained and large language models, high quality datasets are still of high rel-
evance. Indeed, there is a current trend to promote (new) datasets for pre-training models, 
e.g., by curating previous corpora or adding new resources (Li et al., 2024), or building new 

corpora to critically evaluate large language models (Röttger et al., 2024). In the case of TS as 

a downstream task of natural language generation, most often already pre-trained models are 

fine-tuned for automatic simplification. Therefore, smaller but parallel text pairs are required 

to fine-tune as well as to judge the quality of TS systems on unseen data. 
Thus, in this chapter, I am introducing corpora for training and evaluating German text sim-

plification models. Such as for other machine learning tasks, a corpus for text simplification also 

consists of a training set, development set, and test set. The training set, as the name suggests, 
is used to train or fine-tune a (pre-trained) model, whereas a development set is used for first 
evaluations of the model and to tune parameters of the model based on the first results. The 

test set is then used to finally evaluate the model by verifying the predictions of the model on a 

second unseen evaluation set to check that the model is overall capable of solving the task and 

does not only perform well on the development set (Jurafsky and Martin, 2009). 
In order to build a TS corpus, the corpus building strategies introduced in the previous 

sections have already been applied to data in many languages, including many for English, but 
also some for German, Spanish, or French. Besides the building strategy and language of the 

corpora, the TS corpora also differ regarding the simplification purpose, target group, and text 
domain. In German Easy Language, most texts correspond to the domains of news, health, and 

politics (including public authorities) (Maaß, 2020, p. 176). 
In the remaining of this chapter, I am introducing existing German sentence and document 

simplification corpora and shortly linking them to non-German corpora. I group the TS cor-
pora according to the domain or type of their texts. Nonetheless, all digital data could be made 

available or accessible via the Web, e.g., shared with a cloud service, sent via email, made avail-
able on web pages, made available as a downloadable database. Consequently, to an extent, all 
of these resources could be named “web data”. In order to distinguish between the corpora, 
I have decided to group them by their type or domain of the texts, even if they are still some-
how all related to the Web. Therefore, I think of corpora from the web domain as a collection 

of text data from the Web originated from different webpages and containing texts in different 
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domains. Hence, it is a mixed group of several texts having in common that they are available 

on HTML pages and are too few to be gathered in separate corpora. TS corpora assigned to 

this group will be introduced in Section 4.1. Referring back to the corpus building process of 
the previous section, web corpora are the group of corpora which always include component A 

“web harvesting” (see Figure 3.1). 
On the other hand, corpora of other domains are more often derived by data collection be-

sides web crawling, e.g., direct simplification or data preparation and provision by the data 

providers or curators. Corpora are assigned to a domain other than web, if several texts can be 

grouped to one particular webpage or one particular text domain. Corresponding corpora per 
these domains will be introduced in dedicated sections: In more detail, for TS corpora which 

are originated from Wikipedia see Section 4.2. For TS corpora consisting of only news texts see 

Section 4.3, for corpora with medical corpora see Section 4.4, for corpora with political texts see 

Section 4.5, and for corpora with narrative texts see Section 4.6. 
Additionally, I will present corpora with only simplified texts (see Section 4.7), and data 

augmentation strategies on how to extend a training dataset (see Section 4.8). 
For an extensive overview of non-German TS corpora, I refer to, e.g., Trienes et al. (2024); 

Ryan et al. (2023); Martin et al. (2023); Madina et al. (2023); Štajner et al. (2022); Alva-Manchego 

et al. (2020b); Brunato et al. (2022). 

4.1 CORPORA WITH WEB TEXTS 

As previously discussed, many data can be retrieved from webpages (even when respecting 

copyright restrictions). The Web also contains many data written in simplified language which 

is sometimes also linked to a more complex version. With the help of a web crawler, these data 

can be harvested and stored in simplification corpora. Referring back to the corpus building 

process of the previous section, web corpora are the group of corpora which always include 

component A “web harvesting” (see corpus building workflow in Figure 3.1). However, using 

text data from webpages raises some special challenges compared to other resources, i.e., 

1. they are not static, if a website is crawled at a different time the content might have been 

changed or deleted. 

2. the texts of the websites have often restricted licenses. 

3. the domain of web texts is rather broad, as in the Web any texts of any domain can be 

published. 

4. texts of different target groups are often mixed. 

5. simplified texts published on the Web often do not pass quality control. 

To overcome the first two challenges, at first the webpages can be archived and addressed using 

archived links, and second, the data is not made available directly. In order to not hurt copyright 
restrictions, only a web crawler and the name of the web pages can be made available to facilitate 

others to download the corpus themselves. 
Regarding points 3 and 4, mixing different resources and subdomains often also causes a mix 

of different target groups of the simplifications. However, a combined corpus or a TS model 
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trained on this corpus cannot meet the needs of all target groups, as each target group has 

different needs on how a text should be simplified (Siddharthan, 2014; Gooding, 2022). 
Focusing on the last point, in contrast to news texts, texts posted on the Web (and also on 

Wikipedia-like resources) are often not checked whether they are well-written, simple, or meet 
Plain or Easy Language guidelines. Taking into account these points, the TS corpora of the web 

domain should be used with caution. 

4.1.1 GERMAN RESOURCES 

In Germany, many texts on webpages are available in simplified German. A recent study by 

Asghari et al. (2023) showed that 15.5 % of German websites are written in simplified language. 
They also show that webpages with scientific or governmental content have the least proportion 

of simplified language (less than 8 %) while news pages and webpages with the topic games 

have the highest proportion (roughly 30 %). Texts addressing games might be written in general 
simpler than texts addressing scientific content, and hence no simplification might be required. 

One reason for the high amount of simplified texts might be due to an enforcement to pro-
vide simplified content on web pages of (at least) public authority websites. Some recent re-
search states that webpages of public authorities are difficult to understand (e.g., see Asghari 
et al. 2023; Heuer et al. 2024). To counteract, Germany has passed the barrier-free information 

technology ordinance (“German Barrierefreie-Informationstechnik-Verordnung” (BITV)) for 
the webpages of German public authorities to improve accessibility on the Web. Regarding the 

use of language, they strengthen the requirements in the first version of BITV by providing web 

content only in “the clearest and simplest language that is appropriate” (BITV, 2011). In the 

second version of BITV (BITV, 2011), the language use is made more clear: public authorities 

have to provide the most important part of their information additionally in German Easy Lan-
guage. In more detail, the ordinance states that they should provide at least on introductory 

and navigating pages in German Easy Language. Hence, it might be just a small proportion in 

relation to the total number of webpages on a website. 
However, to make use of the simplified web texts, several web crawlers or web harvesters 

have been built in recent years, which extract the content of these parallel web pages. An 

overview of existing web crawlers is provided in Table 4.1 (for non-parallel web crawlers, see 

Table 4.15).1 

Reference Corpus Name URL 
Klaper et al. (2013) Simple German Web ’13 upon request 
Battisti et al. (2020) Simple German Web ’20 not reproducible 
Klepp (2022b) † - github.com/krupper/transformer-text-readability-classification 
Anschütz et al. (2023) † - github.com/brjezierski/scrapers
Toborek et al. (2023) Simple German Web ’23 github.com/buschmo/Simple-German-Corpus 
Klöser et al. (2024) - github.com/MSLars/German-Text-Simplification 

Stodden et al. (2023) DEplain-web github.com/rstodden/data_collection_german_simplification 

Table 4.1: Web crawler of websites with texts in simplified German. The crawler marked with † only 
extract simplified texts and no parallel text pairs. Last part shows own contributions. All 
URLs have lastly been accessed at July 24, 2024. 

I have excluded the web scarper of Hewett and Stede (2021) and Aumiller and Gertz (2022) because they focus 
on Wikipedia-based web pages which will be explained in Section 4.2. 

1 

https://github.com/krupper/transformer-text-readability-classification
https://github.com/brjezierski/scrapers
https://github.com/buschmo/Simple-German-Corpus
https://github.com/MSLars/German-Text-Simplification
https://github.com/rstodden/data_collection_german_simplification
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An overview of the included subdomains and webpages per corpus or web crawler is pro-
vided in Table 4.2. Unfortunately, for some of the corpora, the name of the included webpages 

is not made public, thus, I could not include them in the overview. 

4.1.2 SIMPLE GERMAN WEB CORPUS ’13 

The first who built a parallel corpus based on parallel German web documents are Klaper et al. 
(2013). Their corpus is very small with overall 1, 888 manually aligned sentence pairs of 256 

short parallel texts (see component B to E in the corpus building process in Figure 3.1). The 

simplifications of their corpus are mostly written in German Easy Language. An overview of 
the included webpages can be found in Table 4.2. Due to copyright limitations of the web doc-
uments, they could not make their corpus publicly available, but it is available upon request. 

4.1.3 SIMPLE GERMAN WEB CORPUS ’20 

A few years later, Battisti et al. (2020) extended the corpus by adding more web pages from 

public authorities, specialized institutions, and non-profit organizations. In total, the corpus 

contains 378 parallel documents with 21, 072 complex sentences and 17, 121 simple sentences 

that address topics such as politics, health, or culture. Additionally, the web crawler of Battisti 
et al. (2020) harvests a large amount of web pages with only simplified monolingual data, i.e., 
5, 461 documents with 172, 773 sentences and 1, 916, 045 tokens. Following Ebling et al. (2022) 

and Spring et al. (2023) of the same research group, the corpus was manually aligned, result-
ing in 1, 080 sentence pairs of 36 documents (with 1, 454 complex sentences and 1, 440 simple 

sentences). These alignments have been used as gold data for the evaluation of automatic align-
ment methods. They compared the alignment methods named CATS (Štajner et al., 2018) and 

MASSalign (Paetzold et al., 2017) and proposed to use CATS on their datasets as it performed 

better. Spring et al. (2023) has used the same data to verify more alignment methods and found 

that LHA (F1: 0.355) can clearly perform better than CATS (F1: 0.046) and MASSalign on the 

data (F1: 0.108). 

Unfortunately, neither the dataset paper by (Battisti et al., 2020) nor one of the closely related 

papers of the same research group (e.g., Ebling et al. 2022 or Spring et al. 2023) provide more 

information regarding sentence or word length of the data. Furthermore, neither the document 
pairs (see component B in the corpus building process in Figure 3.1) nor the sentence pairs (see 

component E ) are made publicly available (outside their research group) as their used web data 

is not openly licensed. Upon request, they do share the code for the web crawler to download 

the data oneself (see component A), but they do not share the required URLs of the websites 

to be crawled, which makes it impossible to reproduce the data. Hence, it is unclear which 

webpages are included in the corpora and the web crawler. Due to the missing details, I cannot 
add an overview table with statistics here. However, based on the description in the paper, I 
can assume that the corpus contains simplified texts in German Plain and Easy Language. 
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https://www.alumniportal-deutschland.org
https://www.alumniportal-deutschland.org
https://www.alumniportal-deutschland.org
https://apotheken-umschau.de/einfache-sprache/
https://apotheken-umschau.de/einfache-sprache/
https://www.apotheken-umschau.de/einfache-sprache/
https://www.bzfe.de/einfache-sprache/
https://www.bzfe.de
https://www.passanten-verlag.de/
https://www.projekt-gutenberg.org/
https://einfachebuecher.de/
https://www.projekt-gutenberg.org/
https://www.behindertenbeauftragter.de/DE/LS/startseite/startseite-node.html
https://www.behindertenbeauftragter.de
https://offene-bibel.de/
https://offene-bibel.de/
https://www.brandeins.de/themen/rubriken/leichte-sprache
https://www.brandeins.de/themen/rubriken/leichte-sprache
https://www.einfach-teilhaben.de/DE/LS/Home/leichtesprache_node.html
https://www.einfach-teilhaben.de
https://www.gww-netz.de/de-LS/
www.gww-netz.de
www.os-hho.de
https://www.lebenshilfe-main-taunus.de
https://www.lebenshilfe-main-taunus.de
https://www.lebenshilfe-main-taunus.de
https://www.mdr.de/nachrichten-leicht/index.html
www.owb.de
https://www.sozialpolitik.com/es
https://www.sozialpolitik.com/
https://www.hamburg.de/barrierefrei/leichte-sprache
https://www.hamburg.de/barrierefrei/leichte-sprache
https://www.hamburg.de
https://www.stadt-koeln.de/leben-in-koeln/soziales/informationen-leichter-sprache
https://www.stadt-koeln.de/leben-in-koeln/soziales/informationen-leichter-sprache
https://www.stadt-koeln.de/leben-in-koeln/soziales/informationen-leichter-sprache
https://www.stadt-koeln.de
https://taz.de/Politik/Deutschland/Leichte-Sprache/!p5097/
https://taz.de/Politik/Deutschland/Leichte-Sprache/!p5097/
https://taz.de/


68 Chapter 4. German Simplification Corpora 

4.1.4 SIMPLE GERMAN WEB CORPUS ’23 

Recently, Toborek et al. (2023) have published a larger web corpus with accessible archived 

URLs. Hence, the parallel documents are retrievable and available. Their corpus is a collection 

of texts in various genres, e.g., public authorities, news, politics, accessibility, and health data. 
In addition, their corpus contains simplifications in different target levels, i.e., mostly in German 

Easy Language and some in German Plain Language (see Table 4.2). Due to copyright issues, 
the data can only be downloaded with the help of the provided web crawler and the archived 

web texts on web-archive and cannot be made available in a pre-processed version (see compo-
nent A in corpus building process in Figure 3.1). This corpus tackles the problem of non-static 

web content by providing links to archived web texts on web-archive. Hence, on any date the 

same data can be retrieved. On the one hand, even if this is an inconvenient way of accessing 

the data, it solves the problem of non-static data and incomparability of the data (if it would be 

retrieved on different dates). On the other hand, the dynamic addition of new documents, one 

main benefit of web corpora, is prevented by this approach. 
In total, the corpus comprises ~700 parallel documents from eight webpages (see component 

B). The SGW corpus ’23 overlaps in only one webpage with the SGW corpus ’13 (see Table 4.2), 
i.e., Lebenshilfe Main Taunus2. They aligned 39 of their documents manually, in more detail 
webpages of MDR (16), Stadt-Köln (5), Apotheken Umschau (5), brandeins (4), lebenshilfe (3), 
TAZ (2), sozialpolitik (2), behindertenbeauftragter (2). Their manual sentence-wise alignment 
(see component E) results in 391 sentence pairs with 1:m alignment (152 1:1 alignment, 109 1:2 

alignment, and 130 1:m (where m > 2). Their alignment is limited to a n:1 relation, hence, only 

rephrasing and merging, but no splits are recognized. The resulting aligned sentence pairs have 

been used as gold data for experiments with variants of the CATS alignment algorithm (Štajner 
et al., 2018) (see component C). 

They have combined CATS with different similarity measurements, e.g., cosine similarity 

or SBERT, and have found that SBERT and “maximum” similarity performed best on their test 
set (F1: 0.32), but they recommend using maximum similarity as it has higher precision. If 
comparing two similar strategies (CATS with CWASA) on similar data (web data) in different 
alignment studies, Toborek et al. (2023) report a 10-times higher F1-Score on their web dataset 
(0.21) than Spring et al. (2023) on their web dataset (0.024, see Subsection 4.1.3). The reasons 

for these significant different results remain an open question. It might be due to idiosyncrasies 

of the test set, the pre-processing, the evaluation method, or other factors. More analysis is 

required to find the reasons by evaluating on the same test set, with exactly the same algorithm 

settings, the same n:m relation, and the same evaluation procedure. 
Furthermore, Toborek et al. (2023) report that the quality of the alignment method is vary-

ing with respect to the source documents: they achieve very high scores (F1 of 0.66) for texts 

on the websites of the commissioner for the disabled3 but very low for the German newspaper 
TAZ4 (F1 0.06) using the same setting. Nonetheless, they used their best-performing alignment 
algorithm to automatically align the remaining parallel web documents, resulting in 5, 942 sen-

2 https://www.lebenshilfe-main-taunus.de [last access: July 24, 2024] 

3 behindertenbeauftragter.de [last access: July 24, 2024] 

4 taz.de [last access: July 24, 2024] 

https://www.lebenshilfe-main-taunus.de
behindertenbeauftragter.de
taz.de


4.1. Corpora with Web Texts 69 

tence pairs where ~2, 300 are derived from Apotheken Umschau (in German Plain Language), 
~1, 500 from MDR (in German Easy Language), and ~1, 100 from the City of Cologne (in Ger-
man Easy Language), and the remaining pairs from smaller websites. 

4.1.5 BISECT 

BiSECT by Kim et al. (2021) is a multi-lingual, synthetic simplification dataset focusing on syn-
tactical simplification, i.e., splitting and rephrasing one complex sentence into two simpler sen-
tences (1:2 alignment) or merging two complex sentences into one simple sentence (2:1 align-
ment). Its basis is a bilingual corpus (i.e., OPUS Tiedemann and Nygaard, 2004) from which 

they extracted German-English pairs with 1:2 or 2:1 sentence alignments. The English parts 

were then automatically translated into German and filtered regarding lexical and semantic 

overlap. After removing sentence pairs with too little semantic overlap, the assumption is that 
the translated sentences are good simplifications of the original English sentences as typical 
simplification strategies were applied, i.e., splitting or merging. Kim et al. (2021) apply the 

same approach also to German, French, and Spanish. Additionally, an original, non-translated 

version of BiSECT is also available in English. 
The German version of BiSECT consists mainly of texts in the web domain (89 %) and a few 

in the political domain. After cleaning, the corpus consists of 186, 237 sentence pairs. Unfortu-
nately, the test and development sets have a problem with encoding: umlauts are misspelled, 
i.e., diacritical markers are missing (“ü” is encoded as “u” and so on), and ‘ß‘-letters are com-
pletely omitted. This evokes problems in training and evaluation of a simplification model: 
During training, a simplification tool would be trained on grammatically wrong texts. During 

evaluation, a correctly simplified word with umlauts would rather be considered as wrong as 

it is neither included in the gold reference nor in the original text. Automatic grammar error 
correction approaches could help to repair the texts. I experimented with an out-of-the-box 

German grammar error correction system from Huggingface called “mbart-german-grammar-
corrector”5 to repair the data automatically, but a few examples have shown that the model 
could not resolve all errors (see Example 1 to 4). More research is needed on how to repair the 

data and make it usable for German TS. 

(1) Simple Sentence of BiSECT: “Im Herzen von Warschau , 15 Minuten zu Fu vom Haupt-
bahnhof entfernt , begrut Sie Nathan’s Villa . Die erschwinglichen Unterkunfte bieten 

kostenfreien Internetzugang und einen kostenlosen Snack am Morgen .” 

(2) Output using mBART-German-Grammar-Corrector: “Im Herzen von Warschau , 15 

Minuten zu Fus vom Hauptbahnhof entfernt , begrüssen Sie Nathan’s Villa . Die er-
schwinglichen Unterkunften bieten kostenfreien Internetzugang und einen kostenlosen 

Snack am Morgen .” 

(3) Manual Correction: “Im Herzen von Warschau , 15 Minuten zu Fuß vom Hauptbahnhof 
entfernt , begrüßt Sie Nathan’s Villa . Die erschwinglichen Unterkünfte bieten kosten-
freien Internetzugang und einen kostenlosen Snack am Morgen .” 

5 https://huggingface.co/MRNH/mbart-german-grammar-corrector [last update: August 19, 2023; last access: 
July 24, 2024] 

https://huggingface.co/MRNH/mbart-german-grammar-corrector
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(4) Correct Translation: “In the heart of Warsaw , a 15-minute walk from the main train sta-
tion , Nathan’s Villa welcomes you . The affordable accommodations offer free internet 
access and a free snack in the morning .” 

4.1.6 CAPITO CORPUS 

Spring et al. (2021)6 propose a corpus for German TS based on professionally translated texts 

by the capito translation agency7. This corpus is based on texts in standard German of differ-
ent genres, e.g. brochures, information texts, websites, and legal texts, which have been pro-
fessionally simplified into three simplification levels, i.e., OR-B1, OR-A2, and OR-A1. For the 

simplification, simplification guidelines have been used, which are unfortunately not publicly 

available. A small part of the corpus was manually aligned on the sentence level, which serves 

as evaluation data for automatic alignment algorithms. 
Following Spring et al. (2023), the gold data consists of in total 42 documents (OR-A1: 

22, OR-A2: 8, and OR-B1: 12), and 1, 254 aligned sentence pairs (OR-A1: 416, OR-A2: 412, 
and OR-B1: 426). The authors have again experimented with different alignment methods, 
i.e., CATS (Štajner et al., 2018), LHA (Nikolov and Hahnloser, 2019), MASSalign (Paetzold 

et al., 2017), SentenceBERT (Reimers and Gurevych, 2020) and Vecalign (Thompson and Koehn, 
2020). They found Vecalign to perform best on the subcorpora capito OR-A2 (F1-Score: 0.392) 

and OR-A1 (F1: 0.215), but LHA is best in OR-B1 (F1 of 0.513) (Spring et al., 2023). Spring 

et al. (2021) found out that ensembling three alignment methods, i.e., LHA, SentenceBERT and 

Vecalign, performs better on the subcorpora capito OR-A1 (F1: 0.379) and capito OR-A2 (F1: 
0.621) but worse on capito OR-B1 (F1: 0.359) compared to one alignment method only. It seems 

that the more mild the simplifications, the better the performance of the alignment methods. 
Based on the results of the evaluation of the alignment methods, they automatically aligned 

the remaining 3, 440 documents (OR-B1: 1, 055, OR-A2: 1, 546, OR-A1: 839) of the capito corpus 

with LHA. It results in 54, 224 sentence pairs for capito OR-B1, 136, 582 sentence pairs for capito 

OR-A2, and 10, 952 sentence pairs for capito OR-A1. 
Spring et al. (2023) also claim that the simplified texts are written in a different order than 

the original texts as the sentences are not simplified one by one but moved within the new docu-
ment. To be more clear, in each subcorpus more than 87% of the sentence pairs contain crossing 

sentence pairs. However, they do not find an effect that corpora with more crossing sentence 

pairs are more difficult to automatically align than corpora with fewer crossing sentence pairs. 
Unfortunately, due to copyright issues, the data are not available and, hence, no further details 

can be reported, nor can the data be used to train TS models. 

4.1.7 HDA-LEICHTE-SPRACHE-CORPUS & GEASY & DE-LITE 

The HDA-Leichte-Sprache-Corpus by Siegel et al. (2019) and the GEASY corpus by Hansen-
Schirra et al. (2021) are both relatively small corpora with German Easy Language as the target 
language. In comparison, the GEASY corpus is smaller (93 document pairs) and is focused on 

texts in German Easy Language, whereas the leichte-sprache-corpus contains also German Plain 

6 More versions of the corpus are also introduced in Ebling et al. (2022) and Spring et al. (2023). 
7 https://www.capito.eu/ [last access: July 24, 2024] 

https://www.capito.eu/
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Language and therefore more parallel documents (351 parallel documents). For both corpora, it 
is not clear which websites are included in the corpus. However, for the leichte-sprache-corpus, 
the names of the subcorpora give more information on the genres of the texts, e.g., bible, news, 
fairy tales, election manifesto, and literature. A long list of websites with comments on their 
availability has been collected for the GEASY corpus8, even so it is not clear which documents 

are finally part of the corpus. 
However, in contrast to the leichte-sprache-corpus, the GEASY corpus has been (manually) 

aligned on the sentence level using memsource9, resulting in 1, 816 alignment pairs. In addi-
tion, the authors of GEASY give more insight into the alignment types (see Table 4.3). Their 
manually aligned corpus contains more n:m pairs (54.46%, mostly 1:m pairs (overall 47.8%)) 

than 1:1 pairs (36.56%) and also a small proportion of additions (0:1, 8.04%) and only a surpris-
ingly low portion of deletions (1:0, 1%). Following this, GEASY (and more generally German 

Easy Language) seems to contain many cross-sentence simplification operations (e.g., as sen-
tence splitting or term explanations) than German Plain Language (compared to APA-RST in 

Table 4.10). 

Level 1:1 (total) n:1 1:m n:m n:m (all) 1:0 0:1 
all 664 21 868 100 989 17 146 

Table 4.3: Characteristics of the document simplification corpus GEASY. The Table is based on Table 3 
in Hansen-Schirra et al. (2020b). 

Unfortunately, the GEASY corpus is not publicly available. But the leichte-sprache-corpus 

is available online10 and can be used as a test set for document simplification. 
Jablotschkin et al. (2024) recently proposed another web-based corpus, named DE-Lite. This 

corpus contains parallel complex-simple pairs and additional monolingual data of the LeiKo 

corpus (Jablotschkin and Zinsmeister, 2020) (see Subsection 4.7.3). The parallel subcorpus 

partially overlaps with previously named corpora, i.e., Simple German Web Corpus ’20 (see 

Subsection 4.1.3), Simple German Web Corpus ’23 (see Subsection 4.1.4), GEASY, and our pro-
posed corpus DEplain (see Part II Subsection 7.4.2). More details regarding the overlap are not 
available, e.g., which webpages are overlapping or to what extent. In its current version, the 

corpus contains roughly 8,000 parallel documents and is planned to be extended soon. At the 

moment, the data is not available yet, but will hopefully be available online soon11, which would 

facilitate experiments with document simplification on German Easy Language. 

4.1.8 SEMI-SYNTHETIC SIMPLE GERMAN WEB CORPUS 

Recently, Klöser et al. (2024) also proposed a parallel German corpus for document simpli-
fication based on simplified documents crawled from the Web. In order to gather simplified 

documents, they extended the web crawler proposed by Anschütz et al. (2023). However, it 
remains open whether they dropped webpages, added new webpages, or both. 
8 https://traco.uni-mainz.de/geasy-korpus/ [last update: September 28, 2024; last access: July 24, 2024] 
9 https://www.memsource.com/ now called phrase https://phrase.com/ [last update: December 4, 2020; last 

access: July 24, 2024] 
10 https://github.com/hdaSprachtechnologie/easy-to-understand_language [last update: March 16, 2022; 

last access: July 24, 2024] 
11 https://github.com/HeikeZinsmeister/DE-Lite [last access: July 24, 2024] 

https://traco.uni-mainz.de/geasy-korpus/
https://www.memsource.com/
https://phrase.com/
https://github.com/hdaSprachtechnologie/easy-to-understand_language
https://github.com/HeikeZinsmeister/DE-Lite
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In total, their corpus contains 8,130 parallel, but semi-synthetic documents. In more de-
tail, they align the manually simplified document with complex texts that are automatically 

generated by GPT-4 (OpenAI, 2024). For their complex texts, they prompted GPT-4 with 15 

different instructions on how to rephrase the simplified texts. Unfortunately, the formulation 

of the prompts is not available. 
Furthermore, their corpus relies on the assumption that the language model is trained on 

difficult-to-read texts and, hence, that it produces more complex versions of the simplified texts. 
More analysis is required to justify this proxy. Unfortunately, the data is not yet available. How-
ever, it is anticipated that it will be accessible in the near future12. Due to the missing data and 

details regarding the web crawler, I cannot add more statistics regarding the readability or sim-
plification extent of the corpus nor compare the corpus to other corpora in the same domain. 

4.1.9 MISCELLANEOUS 

Besides the corpora previously named in this chapter, there are some studies which analyze 

parallel data in standard German and simplified German, e.g., Jekat et al. (2017), or Lange 

(2018). These datasets are not publicly available, and many details are missing regarding the 

corpus description, e.g., it is not clear whether they are sentence-wise aligned. Hence, they are 

not further described in this work because too much information is missing. 

4.2 CORPORA WITH WIKIPEDIA TEXTS & KNOWLEDGE ACQUISITION TEXTS 

Following Ferschke et al. (2013), texts from “Wikipedia – The Free Encyclopedia” are very often 

used to build NLP corpora because it contains huge data (e.g., more than 6.8 million articles in 

English Wikipedia contributors, 2024b), is available in more than 300 languages (Wikipedia 

contributors, 2024b), and most of the content (except images) is openly licensed (Wikipedia 

contributors, 2024a). Following this, Wikipedia is also a prominent resource for building text 
simplification corpora. 

4.2.1 NON-GERMAN CORPORA 

For English text simplification, Wikipedia-based corpora are a predominant resource because 

there are two English versions, i.e., the standard English Wikipedia13 and the Simple English 

Wikipedia14. The Simple English Wikipedia is addressed to non-native English speakers, but 
can also be helpful for people with learning difficulties (Alva-Manchego et al., 2020b). It seems 

probable that the majority of the articles in both Wikipedia versions were written indepen-
dently, a phenomenon also observable in different language versions of Wikipedia articles. 
Consequently, this resource merely comprises comparable, rather than parallel, articles. 

Nevertheless, researchers have utilized this openly licensed resource by linking the doc-
uments of both versions and automatically aligning the content sentence-wise. The result-
ing corpora are, for example, PWKP (108, 000 pairs) (Zhu et al., 2010), EW-SEW (392, 000 

12 https://github.com/MSLars/German-Text-Simplification [last access: July 24, 2024] 

13 https://www.wikipedia.org/ [last access: July 24, 2024] 

14 https://simple.wikipedia.org/wiki/Main_Page [last access: July 24, 2024] 

https://github.com/MSLars/German-Text-Simplification
https://www.wikipedia.org/
https://simple.wikipedia.org/wiki/Main_Page
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pairs) (Hwang et al., 2015), or WikiLarge (286, 000 pairs) (Zhang and Lapata, 2017). Although 

these corpora are suitable to train TS models due to their large size, these corpora have been 

also criticized wrt. i) low quality due to many misalignments, and ii) monotonous simplifica-
tion operations (Alva-Manchego et al., 2020b). 

To address the problem of misalignments (see component C in corpus building process in 

Figure 3.1), Jiang et al. (2020) proposed a new alignment method (i.e., neural CRF alignment), a 

new manual aligned (i.e., Wiki-manual), and an automatically aligned corpus (i.e., Wiki-auto). 
To overcome the challenge of monotonous simplification operations, three Wikipedia-based cor-
pora with higher quality have been built, i.e., TurkCorpus (Xu et al., 2016), HSplit (Sulem et al., 
2018a), and ASSET (Alva-Manchego et al., 2020a). All three corpora contain several simplifica-
tion options for the same original sentences, but focusing on different simplification types, i.e., 
TurkCorpus on lexical simplification, HSplit on structural simplification, and ASSET on multi-
ple rewriting strategies. Following this, nowadays ASSET is the most common evaluation data 

set for evaluation of English sentence simplification models. 
Also in other languages than English, Wikipedia has been used as a resource to build text 

simplification corpora, even if no simple version of the original Wikipedia exists in these lan-
guages. For example, for Italian, Tonelli et al. (2016) proposed SIMPITIKI, a simplification cor-
pus based on Wikipedia’s revision history. In French, Tack et al. (2016), Grabar and Cardon 

(2018), and Ormaechea and Tsourakis (2023) build a comparable simplification corpus based 

on the French Wikipedia (written for French speaking people) and a Wikipedia version written 

for French speaking children called Vikidia15. Although Vikidia also exists in other languages 

(e.g., Arabic, Basque, Greek, German, or Spanish) (Vikidia contributors, 2024), to the best of 
my knowledge, this resource is currently only used to build French simplification corpora. 

Another strategy to use Wikipedia for building simplification corpora is machine transla-
tion, e.g., WikiLarge has been automatically translated to Russian (resulting in RuWikiLarge) 

(Sakhovskiy et al., 2021) and French (resulting in WikiLarge FR) (Cardon and Grabar, 2020). 

4.2.2 GERMAN RESOURCES 

There is no parallel or comparable simple German version of the documents on the original 
Wikipedia website. But there are a few similar resources, for example, three webpages 

which include simplified texts in Wikipedia style written for children, i.e., Vikidia, Klexikon16 

and Miniklexikon17. Klexikon addresses children between 8 and 13 (Klexikon contributors, 
2023), whereas Miniklexikon addresses younger children and also people with low German 

reading skills (MiniKlexikon contributors, 2024). Klexikon and Miniklexikon are at least 
comparable documents, as for each document of one source a document exists also in the other 
source (MiniKlexikon contributors, 2024). Besides Wikipedia-like platforms for children, there 

is also a platform with Wikipedia-like texts written in German Easy Language called Hurraki18. 

15 https://fr.vikidia.org/wiki/Vikidia:Accueil [last access: July 24, 2024] 

16 https://klexikon.zum.de/ [last access: July 24, 2024] 

17 https://miniklexikon.zum.de/ [last access: July 24, 2024] 

18 https://hurraki.de/ [last access: July 24, 2024] 

https://fr.vikidia.org/wiki/Vikidia:Accueil
https://klexikon.zum.de/
https://miniklexikon.zum.de/
https://hurraki.de/
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Another German resource for simple knowledge acquisition texts (except Miniklexikon and 

Klexikon) is GEOlino19. GEOlino is a German science magazine for children between the ages 

of 8 and 14 years (GEO.de, 2024). 
To build German TS corpora upon Wikipedia or similar texts, a few strategies have been 

applied to use Wikipedia resources to build German TS corpora, i.e., 

1. translation of English Simple Wikipedia pages (see Subsection 4.2.3), 

2. translation of English Wikipedia-based TS corpora (see Subsection 4.2.4), and 

3. manual simplification of Wikipedia pages (see Subsection 4.2.6), and 

4. simplifying simple German texts written in Wikipedia style (see Subsection 4.2.5 and Sub-
section 4.2.7). 

However, in contrast to the English Wikipedia test sets, all German sets (except translated 

ASSET) contain only one reference, which corresponds to only one gold simplification. 

4.2.3 TRANSLATED WIKIPEDIA CORPUS 

A German TS corpus based on standard English and Simple English Wikipedia has been pro-
posed by Ebling et al. (2022): it is a synthetic corpus called Wikipedia-Corpus. In this corpus, 
Wikipedia articles in standard German were automatically aligned to their English and Sim-
ple English counterparts based on inter-language linking of Wikipedia itself. Subsequently, the 

Simple English Wikipedia articles were automatically translated into German using the DeepL 

translator20 and then aligned to the original German Wikipedia articles. 
Overall, the size of the corpus is comparably huge, i.e., ~106, 000 document pairs with ~7 

million tokens on the source side and ~1.1 million tokens on the target side. Hence, the corpus 

would be large enough for training document simplification systems. 
In order to be able to use this corpus also for sentence simplification, the corpus has been 

sentence-wise aligned. Therefore, approximately 200 of the document pairs have been manually 

aligned at the sentence level (resulting in 1, 382 sentence pairs) to enable the evaluation of auto-
matic alignment methods. Spring et al. (2023) have experienced with many different alignment 
methods for automatic alignment (see component C in corpus building process in Figure 3.1). 
In more detail, they used the methods called MASSalign Paetzold et al. 2017, CATS Štajner et al. 
2018, and LHA Nikolov and Hahnloser 2019. Based on their report, it seems that the methods 

do not perform well on this task, which might be due to many misalignments (lower precision 

than recall). Overall, their best method, i.e., large-scale hierarchical alignment (LHA) (Nikolov 

and Hahnloser, 2019) achieves an F1-score (F1: 0.170) on the manually aligned sentence pairs. 
Furthermore, their experiments are limited to their chosen alignment methods as they are not 
able to identify n : m sentence pairs. 

Unfortunately, neither the document level corpus, the sentence level corpus, nor the code to 

rebuild the corpus is available. Hence, I cannot report on more insight into the corpus. I can 

only argue that due to its size, the corpus might be very suitable for training TS models, but the 

alignments and simplification quality should be checked before using it. 
19 https://www.geo.de/geolino [last access: July 24, 2024] 
20 https://www.deepl.com/translator [last access: July 24, 2024] 

https://www.geo.de/geolino
https://www.deepl.com/translator
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It is another open question how this corpus relates to similar English TS corpora such as 

WikiLarge or PWKP. The articles in Simple English Wikipedia are written in English Plain Lan-
guage; however, it is unclear whether the articles are of the same complexity after the trans-
lation. If the complexity has remained the same during translation, the texts would address 

language learners on CEFR level A2 or B1. 

4.2.4 TRANSLATED ASSET 

Schlippe and Eichinger (2023) experiment on German TS by training and evaluating on syn-
thetic data also generated with machine translation, in more detail with Google Translate21. 
Their corpus contains automatic translations of 1, 000 sentences from the English simplification 

corpus named TurkCorpus (Xu et al., 2016) and additional 500 sentence pairs of ASSET (Alva-
Manchego et al., 2020a). All pairs have been translated into 40 languages including German. 
Unfortunately, neither their training data nor their test data is publicly available. Therefore, I 
cannot provide any further insights into this corpus. But similarly to the translated Wikipedia 

Corpus, I would recommend checking whether the simplifications and the simplification vari-
ety of ASSET and TurkCorpus have been lost or kept during the translation. 

4.2.5 LEXICA CORPUS AND KLEXIKON 

As previously mentioned, some Wikipedia articles have been simplified for children of dif-
ferent ages, e.g., Klexikon for children between 8 and 13 (Klexikon contributors, 2023) and 

Miniklexikon for even younger children (MiniKlexikon contributors, 2024). In the following 

corpora, these resources have been utilized: i.e., a simplification and summarization corpus 

called Klexikon (Aumiller and Gertz, 2022), a document simplification corpus Lexica-corpus-
klexikon (Hewett and Stede, 2021) and another document simplification corpus Lexica-corpus-
miniklexikon (Hewett and Stede, 2021). 

In all three corpora, the document alignments are based on title matching of the articles. 
For the Klexikon corpus, the authors automatically aligned the documents of Klexikon and 

Wikipedia based on their titles, but considered disambiguation of the titles, e.g., different arti-
cles for homonyms without disambiguation in the title, e.g., “Bank” vs. “Bank (credit institu-
tion)”. The title matching process for the lexica corpora is not described in more detail. Overall, 
Klexikon results in total in 3, 000 comparable documents, whereas Lexica contains 300 compara-
ble documents for each subcorpus (see Table 4.4 and Table 4.5). As some articles were too long 

or were not available on both webpages (Hewett and Stede, 2021), the number of comparable 

documents in the Lexica corpus is less than in the Klexikon corpus. However, the Lexica corpus 

is dynamic as with the provided code the corpus can grow over time. An extended version of 
March 2022 already includes 1000 documents per subcorpus (Hewett and Stede, 2022). 

Furthermore, the Lexica corpus is also smaller than the Klexikon corpus in terms of length 

per document, more precisely, the number of sentences per document. The main reason for that 
is that in the Lexica corpus only the first original paragraph is aligned with the full simplified 

texts, whereas in Klexikon the full original and simplified articles are aligned with each other. 

21 https://translate.google.com/about/ [last access: July 24, 2024] 

https://translate.google.com/about/
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Therefore, Klexikon is supposed to be a gold dataset for the combined tasks of text simplification 

and text summarization, while the Lexica corpus aims for only text simplification. 
Comparing standard Wikipedia with Klexikon and Miniklexikon (see Table 4.4 and 

Table 4.5), as expected, standard Wikipedia contains on average the longest sentences (be-
tween 18.41 and 22.7 words) whereas sentences in Klexikon are up to 10 words shorter, and 

Miniklexikon is even 14 words shorter. 
Both corpora are openly available due to the open licenses of their resources (i.e., Wikipedia, 

Klexikon, and Miniklexikon). 
It can be assumed that simplification between Wikipedia and Klexikon or Miniklexikon re-

sults in strong simplifications, whereas the simplification between Klexikon and Miniklexikon 

results in a mild simplification as the target groups are closer than the ones of Klexikon and 

original Wikipedia. 
Both corpora also have in common that they are aligned on the document level but not on 

the sentence level. Hence, the corpus building process for these corpora ends at component B 

(see Figure 3.1). Aumiller and Gertz (2022) state that automatic sentence alignment does not 
apply to these resources as the documents are independently written and contain several n:m 

alignments (i.e., sentence splits and merges of sentences). 

Complex Simple 
# Doc. 
Pairs 

n:m FRE↓ Sent. Len.↑ Word Len.↑ FRE↑ Sent. Len.↓ Word Len.↓ 

Klexikon 3,000 100% 40.1 22.7 8.7 66.7 13.5 6.9 

Table 4.4: Characteristics of the document simplification corpus Klexikon. Scores are based on Table 4 
in Aumiller and Gertz (2022). Word length in characters. 

Complex Simple 
# Doc. 
Pairs 

n:m FRE↓ Sent. Len.↑ Word Len.↑ FRE↑ Sent. Len.↓ Word Len.↓ 

lexica-Klexikon 295 100% - 18.41 - - 13.29 -
lexica- 295 100% - 18.41 - 9.57 -
Miniklexikon 

Table 4.5: Characteristics of the document simplification corpus Lexica-Corpus. Scores are based on 
Table 1 in Hewett and Stede (2021). 

4.2.6 TEXTCOMPLEXITYDE 

Naderi et al. (2019) (updated version proposed in Mohtaj et al. 2019) have built a sentence 

simplification corpus based on manual simplifications of 23 Wikipedia articles originally written 

in standard German. In the first step, they asked crowd workers with a self-indicated CEFR level 
of A or B to rate 11 aspects in 1, 000 sentences of these Wikipedia articles. Their rating aspects 

include, for example, understandability, complexity, or lexical complexity. In a second step, the 

authors picked 265 sentences from these 1, 000 sentences, which were ranked as complex and 

not easily understandable. Then they again assigned crowd-workers to simplify these sentences 

manually.22 As a result, their corpus, called TEXTCOMPLEXITYDE, contains 250 sentence pairs 

22 The paper does not give any information whether simplification guidelines were provided to the 
non-experts to unify and support the simplifications. 
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manually simplified by non-experts. Due to the manual sentence-wise simplification, they could 

skip the alignment of the documents and sentences. The corpus is openly licensed with an MIT 

license and available online23. 
Following the automatic readability assessment using Flesch-Reading-Ease (FRE), the orig-

inal Wikipedia texts can be interpreted as difficult (FRE: 28.1, see Table 4.6) and the simplifi-
cation as “on average” (FRE: 51.2) so that the simplifications are neither very strong nor mild. 
Nevertheless, the corpus seems to include many simplification operations as 83 % of the sen-
tence pairs are n:m alignments (see Table 4.6). 

Despite its small size, the corpus has not only been used as a test set (see e.g., Stodden et al. 
2023), but has also been divided into development and test sets (see Mallinson et al. 2020) or 
training and test sets (see Ryan et al. 2023). 

# Sent. 
Pairs 

n:m FRE↓ 

Complex 

Sent. Len.↑ Word Len.↑ FRE↑ 

Simple 

Sent. Len.↓ Word Len.↓ 

TextComplexityDE 250 83 % 28.1 27.75 2.08 51.2 14.17 1.9 

Table 4.6: Characteristics of the sentence simplification corpus TextComplexityDE. Own calculation. 
Sentence length in Tokens. Word length in syllables. 

4.2.7 GEOLINO 

In comparison to the previous corpora, the sentence simplification corpus proposed by 

Mallinson et al. (2020) called GEOlino is based on a different resource for knowledge acqui-
sition, i.e., a German science magazine for children called GEOlino24. The same source has 

already been used in the context of readability classification of German text, e.g., in Hancke 

et al. 2012 or Weiss and Meurers 2018. However, in contrast to the data of Mallinson et al. 2020, 
their data is not available. 

Similarly to the TextComplexityDE corpus, the data of GEOlino has been manually simpli-
fied. However, instead of crowd-workers, a trained German linguist simplified 20 GEOlino ar-
ticles, following a simplification guideline that has been especially written for this purpose (see 

Appendix A in Mallinson et al. 2020). The original articles are written for children between 

the age of 8 and 14 (similarly to Klexikon articles), while the simplifications are directed at chil-
dren between 5 and 7 (similarly to Miniklexikon articles). In total, their corpus consists of 1, 198 

manually simplified sentence pairs, split into development and test data. Following the target 
groups of both sources and the recalculated Flesh-Reading Ease scores (FRE) (see Table 4.7), I 
can expect very mild simplifications in the corpus as both sources (FREoriginal : 61.5 (interpreta-
tion: simple), FREsimpli f ied: 66.0 (interpretation: simple)) are on average written more simple 

than texts in standard German (FREstandard: 40 to 60). Following the FRE scores, the simplified 

GEOlino texts seem to be similarly complex as the Klexikon texts (FRE: 66.7) even if they are 

written for older children. The word length of Klexikon (see Table 4.4) and GEOlino (see Ta-

23 https://github.com/babaknaderi/TextComplexityDE [last update: April 8, 2022; last access: July 
24, 2024] 

24 https://www.geo.de/geolino [last access: July 24, 2024] 

https://www.geo.de/geolino


78 Chapter 4. German Simplification Corpora 

ble 4.7) are not comparable, as the first is measured in characters, whereas the latter is measured 

in syllables. 
Even if the simplification extent is smaller in GEOlino than in TextComplexityDE, the GE-

Olino corpus seems to be of a higher quality considering the expert simplifications. GEOlino 

is also four times larger than TextComplexityDE and can therefore unhesitatingly be split into 

a development and test set. Unfortunately, this corpus does not contain training data as it was 

not required in the original approach, i.e., zero-shot simplification (see Section 6.5). Hence, the 

corpus is great for evaluation, but still too small for training language models. 
Another limitation of the corpus is that even if the texts were simplified per article, only par-

allel sentence pairs are openly available (dev: 535 pairs, test: 663 pairs). Furthermore, I could 

not find any information on whether the sentence pairs are extracted manually or automatically 

from the parallel documents (see component C in the corpus building process in Figure 3.1). 

Complex Simple 
# Sent. 
Pairs 

n:m FRE↓ Sent. Len.↑ Word Len.↑ FRE↑ Sent. Len.↓ Word Len.↓ 

GEOlino (test) 663 40 % 61.5 13.31 1.7 66.0 9.94 1.66 

Table 4.7: Characteristics of the sentence simplification corpus GEOlino. Own calculation. Sentence 
length in tokens. Word length in syllables. 

4.3 CORPORA WITH NEWS TEXTS 

In addition to Wikipedia texts, news texts are also a popular resource for building text simplifi-
cation corpora, because some news providers simplify their articles to make them accessible to 

a wider audience. Their aim is to enable people to participate in information processes (APA – 

Austria Presse Agentur, 2020) and to create a good basis for forming their own pattern of opin-
ions (capito, 2020). On the one hand, the vast array of news providers and the multitude of 
news articles published daily means that there is a mass of parallel documents with varying de-
grees of complexity. On the other hand, the frequency with which news articles are published 

presents a great opportunity for TS to support translators in their daily work. 

4.3.1 NON-GERMAN CORPORA 

In many languages comparable or parallel news articles have been used to build text simplifi-
cation corpora: e.g., Arabic (Al-Raisi et al., 2018), Danish – DSIM (Klerke and Søgaard, 2012), 
English – Newsela-EN (Xu et al., 2015) or OneStopEnglish (Vajjala and Lučić, 2018), Spanish – 

Newsela-ES (Štajner et al., 2017), Italian – READ-IT (Dell’Orletta et al., 2011), Japanese (Goto 

et al., 2015; Kodaira et al., 2016; Maruyama and Yamamoto, 2018; Katsuta and Yamamoto, 2018), 
Brazilian Portuguese (Caseli et al., 2009), Dutch (Bulté et al., 2018), Czech – COSTRA (Baran-
cikova and Bojar, 2020), Swedish – LäsBarT (Heimann Mühlenbock, 2008), Finnish (Dmitrieva 

and Konovalova, 2023) or Urdu – SimplifyUR (Qasmi et al., 2020). In order to build these cor-
pora, publicly available, professionally simplified news have been utilized (e.g., see Bott and 

Saggion 2011 or Xu et al. 2015) or the original news have been professionally translated espe-
cially for the purpose of building a text simplification corpus (e.g., see Caseli et al., 2009, Klerke 
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and Søgaard, 2012, or Vajjala and Lučić, 2018). Most of these corpora are created for sentence 

simplification, and unfortunately, the parallel documents of which the sentence pairs have been 

extracted are often not additionally provided to also support document simplification. 
Furthermore, the news articles of some news providers are simplified, but there is no par-

allel version in the standard version. An example of a collection of these (not necessarily com-
parable) news data is provided in the SNIML corpus (Hauser et al., 2022). It is a dynamic, 
monthly updated corpus with simplified news in six languages (i.e., English, Italian, Belgian 

French, Swiss German, Finnish, and Swedish). However, since no parallel version in the stan-
dard language is available, the resources cannot be used to train a sequence-to-sequence text 
simplification model. 

The most prominent English news text simplification corpus is Newsela (Xu et al., 2016) 

which contains parallel news texts in standard and simplified English. In addition, it also con-
tains data in standard and simplified Spanish. For both languages, the documents are available 

in 5 to 6 versions of different complexity levels, where one of them is the original resource. In 

total, it contains roughly 1, 000 document pairs for Spanish and roughly 9, 000 document pairs 

for English. All of the simplified versions were written by professional translators of simple 

language. Furthermore, Xu et al. (2015) also provides sentence pairs which were automatically 

aligned for the English version of this corpus. This corpus is not publicly available, but can 

be requested for academic purposes25. Jiang et al. (2020) extended the original Newsela-EN 

corpus in the following way: 1, 932 documents are available at 5 different language levels (0 to 

4, where 0 is the original text), each of the levels can be aligned with each other (except self-
alignment), resulting in a total of 10 different alignment settings. Following this procedure, 
their corpus consists of 19, 320 document pairs. Furthermore, they manually and automatically 

aligned these document pairs also sentence-wise, resulting in the corpora Newsela-auto and 

Newsela-manual (Jiang et al., 2020). 

4.3.2 GERMAN RESOURCES 

In German-speaking countries, several newspaper agencies also offer their news articles in sim-
pler versions. For example, Deutschlandfunk26, Nord-Deutscher Rundfunk27, Mitteldeutscher 
Rundfunk28, Saarländischer Rundfunk29, taz Verlag30, kurier.at31, or infoeasy32. However, they 

cannot be used to train a text simplification model because a corresponding parallel (or nei-
ther comparable) version of the same news report is often not available in standard German. 
Aligning the simplified news with news in standard German by other news agencies does not 

25 https://newsela.com/data/ [last access: July 24, 2024] 
26 nachrichtenleicht.de [last access: July 24, 2024] 
27 https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/index.html [last 

access: July 24, 2024] 
28 https://www.mdr.de/nachrichten-leicht/nachrichten-in-leichter-sprache-114.html [last 

access: July 24, 2024] 
29 https://www.sr.de/sr/home/nachrichten/nachrichten_einfach/index.html [last access: July 

24, 2024] 
30 https://taz.de/tazleicht/!t5425449/ [last update: August 20, 2021; last access: July 24, 2024] 
31 https://kurier.at/einfache-sprache [last access: July 24, 2024] 
32 https://infoeasy-news.ch/ [last access: July 24, 2024] 

https://newsela.com/data/
nachrichtenleicht.de
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/index.html
https://www.mdr.de/nachrichten-leicht/nachrichten-in-leichter-sprache-114.html
https://www.sr.de/sr/home/nachrichten/nachrichten_einfach/index.html
https://taz.de/tazleicht/!t5425449/
https://kurier.at/einfache-sprache
https://infoeasy-news.ch/
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seem useful as it is not guaranteed that they contain similar information, and they would nei-
ther build a parallel nor comparable resource. In Section 4.8, I will demonstrate how to utilize 

these simplified monolingual texts despite their inherent limitations of not being parallel. 
Since 2017, the Austrian Press Agency (APA)33 is publishing one news report (including 

four to five news items) in two language levels on each working day, i.e., news in standard Aus-
trian German and news to be understandable for foreign language learners with CEFR level 
B1. Starting in November 2018, they added versions in a third language level, i.e., CEFR level 
A2. APA is obtaining the two professionally simplified versions from the Capito translation 

agency34, which are also the editors of the capito corpus (see Subsection 4.1.6). Hence, all APA 

corpora described in the following are written with respect to the same simplification guide-
lines as the capito corpus. Each news report includes the following topics: culture, economics, 
politics, or sports (capito, 2020; Kneil et al., 2020). The news articles in all three language levels 

are fully parallel, as they were translated upon the standard version. An example of a news 

report including four news items which are simplified for people with CEFR level B1 and A2 of 
German is provided in the Appendix. 

This resource can and already has been used to build corpora with up to four different 
combinations of complex-simple variations, i.e., OR-B1 (see German-News-Corpus in Subsec-
tion 4.3.3, APA-LHA in Subsection 4.3.4, and APA-RST in Subsection 4.3.5) OR-A2 (see APA-
LHA in Subsection 4.3.4, and APA-RST in Subsection 4.3.5), B1-A2 (see APA-RST in Subsec-
tion 4.3.5), or OR-B1-A2 (with two references). 

4.3.3 GERMAN NEWS CORPUS 

The first paper in which the APA resource was used for text simplification is Säuberli et al. 
(2020). They propose a TS corpus named “German News Corpus” based on APA news articles 

that were published between August 2018 and December 2019. They automatically aligned 

the original articles and the simplification at level B1 on the sentence level with the alignment 
method called CATS (Štajner et al., 2018). The alignment results in 3, 616 sentence pairs. 

This resource is also claimed to be part of the multi-lingual TS benchmark MultiSim (Ryan 

et al., 2023). However, comparing the corpus size stated in Säuberli et al. (2020), and the size 

stated in Ryan et al. (2023), the latter is much larger. It remains unclear whether Ryan et al. 
(2023) has used an extension of the German News Corpus or a different German news corpus 

such as APA-LHA (Spring et al., 2022) (see Subsection 4.3.4), whose size is more close to the 

size referred to in Ryan et al. (2023). 

4.3.4 APA-LHA 

In 2021, Spring et al. extended the German News Corpus wrt. several aspects, i.e., publication 

period, number of news articles, number of language levels, and as a result a higher number of 
sentence-wise aligned pairs. 

The resulting corpus, called APA-LHA, includes ca. 480 news articles (the number is esti-
mated based on the number of documents) that were published between August 2018 and April 

33 https://science.apa.at/nachrichten-leicht-verstandlich/ [last access: July 24, 2024] 
34 https://www.capito.eu/ [last access: July 24, 2024] 

https://science.apa.at/nachrichten-leicht-verstandlich/
https://www.capito.eu/
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2021. As during this time, news articles in two language levels, i.e., A2 and B1, were made avail-
able, they propose two parallel subcorpora: OR-B1 and OR-A2. In addition, the authors describe 

that their corpus consists of about 2, 300 pairs of documents per language level. As the number 
of documents is higher than the number of possible daily articles (equal to working days in the 

time duration, which is 144 weeks x 5 working days = 720 working days), I assume that they 

count their number of documents based on the number of news items (720 news articles x 4 

news items = 2, 880 documents). 
As described in Ebling et al. (2022) and Spring et al. (2023), they manually aligned 134 

news items (67 for each level) at the sentence level, resulting in 518 sentence pairs for OR-B1 

and 504 sentence pairs for OR-A2. The manually aligned sentence pairs are utilized to eval-
uate automatic alignment methods in this dataset. In a comparison of 8 alignment methods, 
including CATS (Štajner et al., 2018), MASSalign (Paetzold et al., 2017), and LHA (Nikolov 

and Hahnloser, 2019), LHA achieved the best F1-Score. The same holds as previously reported 

for the translated Wikipedia corpus, LHA (and the other alignment methods) shows again the 

same problems of many misalignments (lower precision than recall) and missing capability of 
aligning n:m sentence pairs (also see percentage of n:m pairs in Table 4.8 and Table 4.9). 

With the best-performing alignment method on the APA data, i.e., LHA, they automatically 

aligned the remaining document pairs. In total, APA-LHA-OR:B1 results in 10, 268 parallel sen-
tence pairs and APA-LHA-OR: A2 in 9, 456 sentence pairs (Spring et al., 2021; Ebling et al., 2022). 
As APA-LHA contains alignments between the original texts and the simplified texts, I expect 
rather strong simplifications in the corpus. By definition, the simplifications of the original texts 

in CEFR level A2 are stronger than those in level B1. I could justify this based on FRE-scores: 
the distance between the FRE scores of the original and simplified texts is higher for OR-A2 

(distance: ~24) than for OR-B1 (distance: ~18) (see Table 4.8 and Table 4.9). The automatically 

aligned sentence pairs are made available via Zenodo35, however, the document pairs and the 

manually aligned sentence pairs are not available. 
An analysis of the alignments of the APA-LHA alignments by Stodden et al. (2023) has 

shown that the alignments made by LHA are error-prone and should be used with caution. As 

the automatically aligned data are part of the training, validation, and test set, also the generated 

outputs on these test data (even if trained on different training data) should be interpreted with 

caution. 

Complex Simple 
# Sent. 
Pairs 

n:m FRE↓ Sent. Len.↑ Word Len.↑ FRE↑ Sent. Len.↓ Word Len.↓ 

APA-LHA-OR- 8, 455 7.1 % 45.1 19.68 1.92 69.45 11.3 1.75 
A2-train 
APA-LHA-OR- 500 6 % 44.7 20.2 1.92 69.55 11.27 1.78 
A2-test 

Table 4.8: Characteristics of the sentence simplification corpus APA-LHA OR-A2. Own calculation. Sen-
tence length in tokens. Word length in syllables. 

35 https://zenodo.org/record/5148163 [last update: Septemeber 1, 2021; last access: July 24, 2024] 

https://zenodo.org/record/5148163
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Complex Simple 
# Sent. 
Pairs 

n:m FRE↓ Sent. Len.↑ Word Len.↑ FRE↑ Sent. Len.↓ Word Len.↓ 

APA-LHA-OR- 9, 268 6.9 % 44.70 19.82 1.93 62.3 12.93 1.82 
B1-train 
APA-LHA-OR- 500 8 % 43.7 20.48 1.93 62.6 12.82 1.83 
B1-test 

Table 4.9: Characteristics of the sentence simplification corpus APA-LHA OR-B1. Own calculation. Sen-
tence length in tokens. Word length in syllables. 

4.3.5 APA-RST 

Hewett (2023) also published a corpus based on news texts from the APA called “APA-RST”. 
The main aim of creating the resource was not primarily to build a training or evaluation corpus 

for text simplification, but to analyze structural aspects regarding text simplification and text 
readability in parallel texts. To achieve this, they randomly selected 5 news documents from 

articles published between 2018 and 2022, each of which includes 5 news articles. Each article is 

available in three language levels: CEFR level A2, B1, and C2. They manually aligned sentence-
wise each of the 25 news items between each language level, i.e., OR-A2, OR-B1, and B1 to A2. 

For structural analysis, they also annotated the resulting sentence pairs with the Rhetorical 
Structure Theory (RST) framework (Mann and Thompson, 1988) (see component F in the cor-
pus building process in Figure 3.1). Overall, APA-RST consists of 75 parallel documents (25 per 
OR-B1, OR-A2 and B1-A2) and 393 sentence pairs (OR-B1: 128 pairs, OR-A2: 112, B1-A2: 153). 
From the statistics of this small sample (see Table 4.10), we can infer that, as expected, the texts 

in B1 and A2 are more similar to each other than either of them to the original texts. Hence, the 

simplification between B1 and A2 seems to be less strong than between OR and B1 or OR and 

A2. First, more information has been deleted in the simplification from OR to B1 (415 deletions) 

and OR to A2 (429 deletions) than from B1 and A2 (26 deletions). And B1 to A2 contains fewer 
syntactical changes than in the other pairs. Furthermore, simplifications from OR to A2 contain 

more n:m alignments than from OR to B1 and from B1 to A2 (see Table 4.10). In future work, it 
would be interesting to calculate these statistics also for APA-LHA and compare them against 
the statistics of APA-RST to verify the (automatic) alignment quality of APA-LHA. 

Level 1:1 
(rephrased) 

1:1 
(copied) 

1:1 
(total) 

n:1 1:m n:m 
n:m 
(all) 

1:0 0:1 
total 

(original) 
total 

(simple) 
APA-RST OR-B1 
APA-RST OR-A2 
APA-RST B1-A2 

97 
65 
116 

1 
0 
4 

98 
65 
120 

11 
10 
4 

18 
33 
29 

1 
4 
0 

30 
47 
33 

415 
429 
26 

36 
54 
21 

555 
555 
183 

183 
203 
203 

Table 4.10: Characteristics of the sentence simplification corpus APA-RST. Extended version of Table 3 
in Hewett (2023) with additional own calculations. 

4.3.6 20MINUTEN 

20Minuten (Rios et al., 2021) is a Swiss German news corpus for document simplification. It is 

a news TS corpus which is intended to be used for training text summarization and text sim-
plification models. The split of the data into training, development, and test data is publicly 

available.36 Following the FRE scores for the corpus, there is no huge difference between the 
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readability of the complex and simplified documents (see Table 4.11); the readability of both 

texts can be interpreted as “on average”. In comparison to Klexikon (see Subsection 4.2.5), the 

sentences in the complex documents are much shorter in 20Minuten than in Klexikon. 
This corpus was extended by Kew et al. (2023), but they put the summarization task more in 

the foreground. For this corpus, no sentence-wise alignments exist; it is predominately designed 

for document summarization and document simplification. 

# Doc. 
Pairs 

n : m FRE↓ 

complex 

Sent. Len.↑ Word Len.↑ FRE↑ 

simple 

Sent. Len.↓ Word Len.↓ 

20Minuten-test 200 100% 54.45 16.82 1.8 52.1 12.27 1.9 

Table 4.11: Characteristics of the document simplification corpus 20Minuten. Own calculation. Sentence
length in tokens. Word length in syllables. 

4.4 CORPORA WITH MEDICAL & HEALTH TEXTS 

In the previous sections, I have so far only discussed simplification from standard to simpli-
fied German. Another purpose of text simplification is to simplify texts from an expert lan-
guage to standard language. Medical, clinical and health texts represent a prominent exam-
ple of this type of expert-to-laypeople simplification, given that they often contain a consid-
erable amount of technical jargon and are therefore challenging for many individuals to com-
prehend (Baumert, 2018). To overcome this, much research has emerged in the direction of 
simplification of medical texts in recent years. As mentioned above, the task of text simplifi-
cation also has a high overlap with the task of text summarization. In the genre of medical 
corpora, both tasks are often combined to plain text summarization (Goldsack et al., 2023). 

The medical and health domain also distinguishes itself from other domains as it can be 

described as a “safety critical domain”. Wrong content-related translations can have an effect (of 
different extents) on the health condition of the readers, e.g., if the dose, name or regularity of a 

medication is wrongly translated or simplified (Canfora and Ottmann, 2020). Furthermore, the 

relevance and impact of simplification of health information have especially gained awareness 

during the COVID-19 pandemic. Updating the population of current protection measures or 
protection by vaccination has been distributed in many different language varieties to reach 

a wide audience, e.g., in expert language (e.g., for an overview see Abd-Alrazaq et al. 2021), 
standard German (e.g., see Robert Koch-Institut 2024a or Bundeszentrale für gesundheitliche 

Aufklärung 2024), German Plain Language (e.g., see Forschungsstelle Leichte Sprache 2023), 
or German Easy Language (e.g., see Robert Koch-Institut 2024b or Task Force Corona Leichte 

Sprache et al. 2024). 

4.4.1 NON-GERMAN CORPORA 

There are some document simplification corpora in some languages, for example, the CLEAR 

corpus in French (Grabar and Cardon, 2018), the CLARA-MeD corpus in Spanish (Campillos-

36 https://github.com/ZurichNLP/20Minuten [last update: August 17, 2023; last access: July 24, 
2024] 
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Llanos et al., 2022), the BioLaySumm corpus (Goldsack et al., 2022) or the PLABA corpus which 

are both in English (Attal et al., 2023). For more information, I direct the interested reader to 

the original papers. 

4.4.2 GERMAN RESOURCES 

Simplifications of medical texts are also becoming more common in German. For example, 
during the COVID-19 pandemic many pieces of information were also published in simplified 

language to inform as many people as possible about the current situation, for example, the 

latest information on COVID as a disease and its symptoms as well as health rules and sug-
gestions. On the webpage “Corona Leichte Sprache” (Corona German Easy Language)37, for 
example, many pieces of information in German Easy Language have been published. How-
ever, the intention of this webpage is to inform people in German Easy Language and not to 

provide a translation of information that was written in standard German. Hence, no parallel 
documents are available. 

On another webpage, i.e., “Apotheken Umschau” (pharmacy review)38, diseases, symp-
toms, medications, and the health system are described for easy access to health information. 
Even if these texts are already written in standard German including jargon, they are also pro-
vided in a German Plain Language version to be accessible to more people. The documents in 

German Plain Language are linked to the standard German documents and, hence, easily re-
trievable parallel data. This resource has been included in the Simple German Web Corpus ’23 

(see Subsection 4.1.4), even though it is restricted with copyright. 
More parallel health information in standard German and German Plain Language is also 

provided by the “Bundeszentrum für Ernährung” (BZFE, Federal Center for Nutrition)39. Al-
though the parallel articles are also linked with each other and are published under an open 

license, these data have not yet been included in text simplification corpora. 

4.4.3 SIMPLE-PATHO 

Focusing on medical data and German text simplification, this domain is not a prominent re-
source in TS as for other languages; I am only aware of one resource. Trienes et al. (2022) 

introduce the so far only German TS corpus containing medical data, i.e., a document simplifi-
cation corpus called Simple-patho. The corpus contains 851 clinical notes that were manually 

simplified by medical students for laypeople and patients. The corpus is aligned on the docu-
ment level and also on the paragraph level (n =3, 280). Following the reported FRE scores in 

Trienes et al. (2022) (see Table 4.12), in contrast to the previous corpora, the text and sentence 

length increases through simplification. This effect is due to rephrasing notes into full sentences 

and explaining medical terminology (Trienes et al., 2022). Following this, the FRE score of the 

simplified texts (in standard German) is still lower (equals more complex) than the FRE scores 

of the complex texts of the news or web domains (except TextComplexityDE). Currently, the 

corpus is not available due to data privacy concerns40. 

37 https://corona-leichte-sprache.de/page/6-startseite.html [last access: July 24, 2024] 
38 https://www.apotheken-umschau.de/krankheiten-symptome/ 
39 https://www.bzfe.de/einfache-sprache/ [last access: July 24, 2024] 

https://corona-leichte-sprache.de/page/6-startseite.html
https://www.bzfe.de/einfache-sprache/
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Complex Simple 

Text Unit # Par. 
Pairs 

n:m FRE↓ Sent. Len.↑ Word Len.↑ FRE↑ Sent. Len.↓ Word Len.↓ 

document 851 n/a 32.9 14 n/a 40.30 16 n/a
paragraph 3, 280 n/a 27.65 13 n/a 40.05 16 n/a 

Table 4.12: Characteristics of the paragraph simplification corpus Simple-Patho. The values are copied
from Trienes et al. (2022). 

FRE Sent. Len. Word Len. 
original 30 16.84 7.16 
German Plain Language 39 11.61 7.04 
German Easy Language 59 7.44 6.74 

Table 4.13: Characteristics of the paragraph simplification corpus Online Participation Corpus. Own 
calculation. 

4.5 CORPORA WITH POLITICAL & LEGAL TEXTS 

Another example of expert-laypeople text simplification is the simplification of political texts. 
Political and legal texts comprise a wide spectrum including, e.g., laws, contracts, political 
debates, reports of a parliament, election manifestos, or also governmental content. They all 
have in common that they contain legal jargon, long and complex sentences, are legally bind-
ing, and have a large target audience (Schomacker et al., 2023b). Following Garimella et al. 
(2022), English legal texts are more difficult than Wikipedia texts wrt. sentence length, parse 

tree height, and readability. Although legal texts are attested to be very difficult to read, they 

are rarely simplified and, therefore, no parallel legal simplification corpus has existed in recent 
years (Schomacker et al., 2023b). A few approaches regarding automatic simplification of legal 
texts exist (e.g., Garimella et al. 2022 or Cemri et al. 2022), but they are using unsupervised 

methods and are evaluated with reference-less metrics and human assessments. 

4.5.1 GERMAN RESOURCES 

For German, I am aware of a few resources with political and legal content. The Simple German 

Corpus (Jach, 2020) contains a few simplified documents for children and simplified to German 

Easy Language. However, no parallel documents in standard German and jargon are available 

for these resources. But Klepp (2022a) make of this data in the scope of text simplification even 

if not using parallel data: their web scraper downloads a dictionary of political terms from the 

Bundeszentrale für politische Bildung ((German) Federal Agency for Civic Education) in two 

versions: In German Plain Language41 and in standard German42. Unfortunately, they do not 
align the documents with each other, and, hence, the resource in its current state cannot be used 

for text simplification yet. 

40 https://github.com/jantrienes/simple-patho [last access: July 24, 2024] 

41 https://bpb.de/kurz-knapp/lexika/lexikon-in-einfacher-sprache/ [last access: July 24,
2024] 

42 https://bpb.de/kurz-knapp/lexika/politiklexikon/ [last access: July 24, 2024] 

https://github.com/jantrienes/simple-patho
https://bpb.de/kurz-knapp/lexika/lexikon-in-einfacher-sprache/
https://bpb.de/kurz-knapp/lexika/politiklexikon/
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Other materials such as election manifestos43 or the basic law44 have been manually trans-
lated into simplified German and are also available in a parallel version in more complex Ger-
man, but these texts have not yet been made available as parallel text simplification resources. 

4.5.2 ABGB 

Bydlinski (2015) and Kaban and Krottmaier (2023) propose a legal corpus of the Austrian 

General Civil Code (DE: “Allgemeines bürgerliches Gesetzbuch”, abbreviation: “ABGB”) with 

manually simplified versions for law students and laypeople. It contains three language ver-
sions for most of the ABGB paragraphs, that is, “original text”, “suggested text”, and “alter-
native text”. The original text contains the legally binding version in complex German par-
tially written in the year 1812. The suggested text is a reformulation of the original text with-
out changes in content but simplified into the Austrian German Plain Language, i.e., Klar-
sprache, (Bydlinski, 2015). The alternative text is again a simplification of the suggested text 
with additional content additions and deletions resulting in a lower meaning preservation of 
the original text. 

Meister (2023) have recently made this resource available with sentence-wise alignments45. 
Overall, ABGB contains 448 sentence pairs for which two alternative simplifications are avail-
able, making it an ideal resource for evaluating German sentence simplification in the legal 
domain. 

4.5.3 ONLINE PARTICIPATION 

Gutermuth (2020a) have linguistically evaluated the understanding of instructions of an online 

participation process regarding a German transparency law in three language levels, i.e., stan-
dard German, professional simplification into German Plain Language, and professional sim-
plification into German Easy Language. They evaluated the comprehension of different people 

of the target groups regarding all three text levels. As can be seen in Table 4.13, the complexity 

wrt. FRE, sentence length and word length decrease for each level. The texts of their analysis 

Gutermuth (2020b) are aligned per paragraph. Unfortunately, these data have not been used 

yet for any text simplification experiments. 

43 Examples of election manifestos in German Easy Language are: https://csu.de/common/ 
download/KM_Broschuere_Leichte_Sprache_BTW_2021_Ansicht.pdf, https://spd.de/ 
fileadmin/Dokumente/Europa_ist_die_Antwort/SPD_Wahlprogramm_Europa_Wahl_Leicht.pdf, 
https://cms.gruene.de/uploads/assets/2019_Europawahl-Programm_LeichteSprache.pdf, 
https://die-linke.de/fileadmin/download/wahlen2019/wahlprogramm_leichte_sprache/ 
wahlprogramm2019_leichte_sprache_neu.pdf, or https://fdp.de/sites/default/files/ 
2021-08/FDP_BTW2021_KWP_leichteSprache.pdf [all last accessed: July 24, 2024]. 

44 Examples of the basic law in German Easy or Plain Language are: https://bamf.de/ 
SharedDocs/Anlagen/DE/LeichteSprache/leichte-sprache-grundgesetz.pdf, https: 
//hurraki.de/wiki/Artikel_des_Grundgesetzes, or https://nachrichtenleicht.de/ 
das-grundgesetz-100.html, or https://bpb.de/shop/materialien/einfach-politik/236587/ 
das-grundgesetz-die-grundrechte/ [all last accessed: July 24, 2024]. 

45 https://github.com/MeisterFa/ABGB-TextSimplification-Datasets [last update: September 
24, 2023; last access: July 24, 2024] 

https://csu.de/common/download/KM_Broschuere_Leichte_Sprache_BTW_2021_Ansicht.pdf
https://csu.de/common/download/KM_Broschuere_Leichte_Sprache_BTW_2021_Ansicht.pdf
https://spd.de/fileadmin/Dokumente/Europa_ist_die_Antwort/SPD_Wahlprogramm_Europa_Wahl_Leicht.pdf
https://spd.de/fileadmin/Dokumente/Europa_ist_die_Antwort/SPD_Wahlprogramm_Europa_Wahl_Leicht.pdf
https://cms.gruene.de/uploads/assets/2019_Europawahl-Programm_LeichteSprache.pdf
https://die-linke.de/fileadmin/download/wahlen2019/wahlprogramm_leichte_sprache/wahlprogramm2019_leichte_sprache_neu.pdf
https://die-linke.de/fileadmin/download/wahlen2019/wahlprogramm_leichte_sprache/wahlprogramm2019_leichte_sprache_neu.pdf
https://fdp.de/sites/default/files/2021-08/FDP_BTW2021_KWP_leichteSprache.pdf
https://fdp.de/sites/default/files/2021-08/FDP_BTW2021_KWP_leichteSprache.pdf
https://bamf.de/SharedDocs/Anlagen/DE/LeichteSprache/leichte-sprache-grundgesetz.pdf
https://bamf.de/SharedDocs/Anlagen/DE/LeichteSprache/leichte-sprache-grundgesetz.pdf
https://hurraki.de/wiki/Artikel_des_Grundgesetzes
https://hurraki.de/wiki/Artikel_des_Grundgesetzes
https://nachrichtenleicht.de/das-grundgesetz-100.html
https://nachrichtenleicht.de/das-grundgesetz-100.html
https://bpb.de/shop/materialien/einfach-politik/236587/das-grundgesetz-die-grundrechte/
https://bpb.de/shop/materialien/einfach-politik/236587/das-grundgesetz-die-grundrechte/
https://github.com/MeisterFa/ABGB-TextSimplification-Datasets
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4.6 CORPORA WITH NARRATIVES TEXTS 

In contrast to the domains described thus far, narrative texts are written with the intention of 
entertaining the reader, rather than informing them, as is the case with medical or news texts 

(Mar et al., 2021). Examples of narrative or fictional texts are stories, novels, classical literature, 
or fairy tales. Following Mar et al. (2021), narrative texts are overall easier to comprehend for 
adults than informative texts (e.g., news or medical texts) due to their analogy to everyday 

experiences of people. However, despite being more simple, narrative texts are an interesting 

domain for text simplification, as through simplification literary classics can be made accessible, 
for example, for non-native speakers or children. Especially, fairy tales or other stories written 

in previous centuries might contain vocabulary or sentence structures that are uncommon and 

difficult to read nowadays. 
Furthermore, the simplification process of narrative texts includes other strategies than in 

other domains. As for many fictional texts, the author’s style is an important characteristic; 
translators try to transfer the style to some extent also to the simplified version. Fictional texts 

often contain a high degree of implicitness, which is made more explicit during translation. 
Consequently, narrative TS corpora consist of many 0:1 (addition) and 1:n (splitting or exten-
sion) alignment pairs. Therefore, the manual and automatic alignment gets more complicated 

as the complex and simplified documents are rather comparable than truly parallel. Narrative 

text simplification contains more strong rewriting than, for example, simplification of news. 

4.6.1 NON-GERMAN CORPORA 

There are a few parallel corpora with narrative texts for TS: For example, RuAdapt, a Russian 

corpus with simplified books (Dmitrieva and Tiedemann, 2021), or Italian novels (Brunato 

et al., 2015) or Italian stories for children (Barlacchi and Tonelli, 2013). For further details, I 
direct the interested reader to the original papers. 

4.6.2 GERMAN RESOURCES 

There are some German publishers who release only books which have been manually simpli-
fied from books in standard German, e.g., Spaß am Lesen Verlag (EB; simple books)46, Pas-
santen Verlag (PV)47, and Kindermann Verlag (KV). Further, the North German Broadcast-
ing Corporation (Norddeutscher Rundfunk, NDR) has simplified a few famous fairy tales into 

German Easy Language48. However, there are many more publishers of simplified language or 
children’s books. Often, these books have been written directly in simpler language and have 

not been adapted from more complex texts, so no parallel documents are available. 

46 https://einfachebuecher.de [last access: July 24, 2024] 

47 https://www.passanten-verlag.de/ [last access: July 24, 2024] 

48 https://www.ndr.de/fernsehen/service/leichte_sprache/Maerchen-in-Leichter-Sprache, 
maerchenleichtesprache100.html [last access: July 24, 2024] 

https://einfachebuecher.de
https://www.passanten-verlag.de/
https://www.ndr.de/fernsehen/service/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.ndr.de/fernsehen/service/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
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4.6.3 GNATS 

For German, the document simplification corpus GNATS proposed by Schomacker et al. 
(2023a) made use of the previously named resources. This corpus contains four subcorpora, 
i.e., German simplified fairy tales in MILS (Märchen in Leichter Sprache; fairy tales in German 

Easy Language)49, and books of three publishers in simplified German, i.e., Spaß am Lesen 

Verlag (EB; simple books)50, Passanten Verlag (PV)51, and Kindermann Verlag (KV). All 
publishers have different reader groups in their addressed audience: While the fairy tales 

are simplified for people with learning problems or people with dementia (or German Easy 

Language target group), EB especially addresses young readers and adults who cannot read 

well (Spaß am Lesen Verlag, 2024), PV addresses readers who like to read but have reading 

problems (Passanten Verlag, 2024), and KV simplifies for children (Kindermann Verlag, 
2024). However, these publishers only make the simple versions available. The counterparts 

in standard German are available through the Gutenberg Project: The documents have been 

manually aligned to the complex-simple document pairs. This corpus does not overlap with 

any of the web corpora introduced before. 
Overall, GNATS contains 33 parallel documents, which are also split into a train (27 docu-

ments), development (3 documents), and test set (3 documents). To the best of my knowledge, 
the documents are not aligned on the sentence level. The corpus as well as the URLs of the 

resources are available online.52 

4.7 NON-PARALLEL CORPORA 

As previously discussed, for some simplified resources no parallel complex version exists. How-
ever, this simplified, non-parallel or monolingual data can also be helpful in the scope of text 
simplification besides parallel training or evaluation pairs. In this section, I introduce non-
parallel resources for TS, i.e., lexical simplification corpora that do not require a parallel format 
(see Subsection 4.7.1), data augmentation strategies to gather more data for structural simpli-
fication (see Subsection 4.7.2), and more resources of monolingual data (see Subsection 4.7.3), 
which can be helpful for data augmentation. 

4.7.1 LEXICAL SIMPLIFICATION DATA 

Prominent examples of non-parallel data for text simplification are corpora for lexical simpli-
fication. Lexical simplification does not require parallel data, as its subtasks require complex 

texts with annotations regarding their complexity (e.g., see Shardlow et al. 2021 or Mohtaj et al. 
2022) or regarding complex words and their simpler substitutes (e.g., see Yimam et al. 2018 or 
Shardlow et al. 2024). 

49 https://www.ndr.de/fernsehen/service/leichte_sprache/Maerchen-in-Leichter-Sprache, 
maerchenleichtesprache100.html [last access: July 24, 2024] 

50 https://einfachebuecher.de [last access: July 24, 2024] 

51 https://www.passanten-verlag.de/ [last access: July 24, 2024] 

52 For data see: https://github.com/tschomacker/aligned-narrative-documents [last update:
September 16, 2023; last access: July 24, 2024]; for URLs see: Table 2 in Schomacker et al. (2023a) 

https://www.ndr.de/fernsehen/service/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.ndr.de/fernsehen/service/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://einfachebuecher.de
https://www.passanten-verlag.de/
https://github.com/tschomacker/aligned-narrative-documents
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Regarding complex word identification (CWI), a few shared tasks have been conducted, 
including new resources for this task, e.g., CWI shared task 2016 (Paetzold and Specia, 2016a) 

or the CWI shared task 2018 (Yimam et al., 2018). While the first tackles only English CWI, the 

second considers also German and Spanish. Furthermore, the CWI shared task 2018 aims at the 

automatic identification of the complexity of words, in more detail if a word within a sentence 

is complex for native and non-native speakers. However, this shared task has not aimed at 
predicting substitutions of complex words with simpler synonyms. 

For lexical complexity prediction, i.e., estimating the complexity of a sentence on a scale 

from 0 to 1 for people with special needs (e.g., foreign language learners), there are also a few 

resources, that is, an English dataset (Shardlow et al., 2020, 2021), a German dataset (Mohtaj 
et al., 2022), and very recently a multi-lingual dataset (including the following languages: En-
glish, Spanish, French, Brazilian Portuguese, Bengali, Sinhala, Filipino, Japanese, Italian, Cata-
lan, and German) (Shardlow et al., 2024). 

However, all of these resources cannot be used for simplification as a sequence-to-sequence 

task, as they do not contain substitutes for the complex words which could be used to build 

complex-simple sentence pairs. I am not aware of any other German resource that focuses es-
pecially on lexical simplification. 

4.7.2 SYNTACTICAL SIMPLIFICATION DATA 

As mentioned previously, the BiSECT corpus (see Subsection 4.1.5) is designed for syntactical 
simplification because each sentence pair includes at least one split or merge operation. I am 

not aware of any other German resource that focuses especially on syntactical simplification. 

4.7.3 MONOLINGUAL DATA 

In recent years, a few monolingual corpora have been proposed that contain news articles in 

German Easy Language, i.e., LeiKo (Jablotschkin and Zinsmeister, 2020) and SNIML (Hauser 
et al., 2022). SNIML additionally contains simplified news in other languages, i.e., French, Ital-
ian, Finnish, Swedish, and English. Further, Anschütz et al. (2023) and Asghari et al. (2023) 

also propose corpora which contain only texts in German Easy Language, but their texts origi-
nate from web documents with different subdomains. Other corpora with web documents and 

mixed domains are the corpus proposed by Klepp (2022a), the KED corpus (Jach, 2023), or 
the corpus proposed by Klöser et al. (2024). An overview of simplified German monolingual 
corpora can be found in Table 4.14. 

Reference 
Jablotschkin and Zinsmeister 
(2020)
Hauser et al. (2022)
Klepp (2022a)
Anschütz et al. (2023)
Asghari et al. (2023)
Jach (2023)
Klöser et al. (2024) 

Name Target Simple Domain # Docs # Sents 
LeiKo v1.5 German Easy Language news 216 5, 961 

SNIML German Easy Language news 303+ 8, 136 
- German Easy & Plain Language web 81, 928 -
- German Easy Language web - 544, 467 
LSWeb23 German Easy Language web - -
KED 2.0 simplified German mix 7, 098 -
- German Easy & Plain Language 8, 130 -

Table 4.14: Corpora with non-parallel simplified German data. 
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Some resources of monolingual corpora are used in more than one of the named corpora. 
An overview of how the corpora overlap can be found in Table 4.15.53 News of the news agencies 

of nachrichtenleicht54, and NDR55 are included in LeiKo, as well as in the corpus by Anschütz 

et al. (2023), but the latter also includes several other web resources. In addition, the corpora of 
Klepp (2022a) and Anschütz et al. (2023) overlap in three resources, whereas the KED corpus 

is quite different from the other corpora, as it contains many other resources. 
Comparing the list of web pages of the parallel web corpora with the monolingual corpora, 

I can also see some overlaps: for example, texts from brandeins, Lebenshilfe Main-Taunus are 

used in the simple German web corpus ’23 (see Subsection 4.1.4) as well as the monolingual 
selection of Anschütz et al. (2023). Further, the Klexikon articles have been used to build the 

parallel corpora of lexica and Klexikon (see Subsection 4.2.5) as well as part of the monolingual 
corpora of Klepp (2022b) and KED 2.0. 

In the next section, I will show how these corpora can be used as augmented data for TS. 

4.8 DATA AUGMENTATION 

As shown in the previous sections, in some cases the number of available complex-simple sen-
tence pairs is too low to train a text simplification model, especially if training from scratch 

and not fine-tuning a pre-trained model. In natural language processing, some strategies are 

proposed on how to cope with limited data, for example, data augmentation, few-shot and 

zero-shot learning, or transfer learning56. 
In general, data augmentation is a technique to enrich a training dataset in its size and di-

versity by adding more training samples, but without labeling (or aligning) more data (Feng 

et al., 2021). This strategy can counteract the overfitting of an NLP model on a small training 

set (Feng et al., 2021). Following Yang et al. (2022), general data augmentation or data synthe-
sis strategies are, for example, increasing the existing data but replacing, inserting, or deleting 

some words, or paraphrasing the existing data by translating the data into another language 

and back-translating it into the original language (also called round-trip translation or back-
and-forth translation Gaspari, 2006). 

These approaches can also be applied to TS, for example, Palmero Aprosio et al. (2019) pro-
posed two techniques: oversampling (multiplying the gold data several times), and training a 

simple-to-complex model on the gold data and using the generated more-complex sentences as 

the source part of a new complex-simple pair. A method to generate synthetic data for syntacti-
cal simplification has been proposed by Maddela et al. (2021), they automatically split sentences 

into smaller parts and use them as additional 1:m sentence pairs. In the following, I summarize 

strategies which have been applied to augment German TS data. 

53 Unfortunately, I can not include all corpora listed in Table 4.14 also in Table 4.15, because information 
regarding the exact resources for these corpora is missing. 

54 https://www.nachrichtenleicht.de/ [last access: July 24, 2024] 

55 https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/index.html [last 
access: July 24, 2024] 

56 For more information regarding few-shot and zero-shot approaches I refer to Section 6.5 and for 
transfer learning to Section 6.4. 

https://www.nachrichtenleicht.de/
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/index.html
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Subcorpus Website Simple Simple Domain Description LeiKo 
1.5 

Klepp Anschütz 
et al. 

Jach 

Einfach Politik: 
Lexikon 
kurier.at 
nachrichtenleicht 

bpb.de/kurz-knapp/lexika/ 
lexikon-in-einfacher-sprache/ 
kurier.at/einfache-sprache 
nachrichtenleicht.de 

PL 

PL 
PL 

politics dictionary of political 
terms 

news news 
news news x 

x 

x 
x 
x 

Arbeit & 
Gesundheit 
Bibel in EL 

brandeins 

Einfachstars 

Hurraki 

Lebenhilfe 

Lebenshilfe 
Main Taunus 
MDR 
Nachrichten 
MDR Wörter-
buch 
NDR Märchen 

NDR 
Nachrichten 

aug.dguv.de/leichte-sprache/ 

evangelium-in-leichter-sprache. 
de 
brandeins.de/themen/rubriken/ 
leichte-sprache 
einfachstars.info/ 

hurraki.de 

lebenshilfe.de 

lebenshilfe-main-taunus.de 

mdr.de/nachrichten-leicht 

mdr.de/nachrichten-leicht/ 
woerterbuch/ 
ndr.de/fernsehen/ 
barrierefreie_angebote/ 
leichte_sprache/ 
Maerchen-in-Leichter-Sprache, 
maerchenleichtesprache100.html 
ndr.de/fernsehen/ 
barrierefreie_angebote/ 
leichte_sprache 

EL 

EL 

EL 

EL 

EL 

EL 

EL 

EL 

EL 

EL 

EL 

health health information 

bible bible texts 

Translating excerpts
from various topics 

gossip gossip of movie stars,
sport stars and fashion 

wikipedia dictionary of many top-
ics 

accessibility Non-profit association 
for disabled people 

accessibility Non-profit association 
for disabled people 

news State-funded public
broadcasting service 

wikipedia dictionary of many top-
ics 

fiction Fairytales in EL 

news State-funded public
broadcasting service 

x 

x 

x 

x 

x 

x 

x 

x 

x 

x 

x 

x 

x 

x 

Hanisauland 

Klexikon 

Labbe 

Oekoleo 

rossipotti 

SimplyScience 

Rechte-einfach 

hanisauland.de 

klexikon.zum.de 

labbe.de/lesekorb 

oekoleo.de 

rossipotti.de 

simplyscience.ch 

mixed 

children 

children 

children 

children 

children 

children 

mixed 

politics Texts, encyclopedia en-
tries, book reviews, etc.
on political topics 

Wikipedia Online encyclopedia for
children 

fiction Stories, fairy tales, and
handicraft & game in-
structions 

nature nature and environ-
mental protection 

fiction Online literary maga-
zine 

science Texts and encyclopedia
entries on scientific top-
ics 

politics simplified texts on legal
topics and laws 

x 

x 

x 

x 

x 

x 

x 

x 

Table 4.15: Characteristics of simplified German resources per web crawler. PL = German Plain Lan-
guage, EL = German Easy Language. All URLs have lastly been accessed at July 24, 2024. 

4.8.1 WORD REPLACEMENT 

In the word replacement strategy, random words in source texts (and also in a target) are re-
placed with synonyms to create slightly different sentences (e.g., see Wang et al. 2018). To the 

best of my knowledge, no word replacement strategies have been applied to create a German 

TS corpus so far. In my opinion, this strategy seems not to be ideal for text simplification, as we 

do not know if the alternative word will have the same, higher, or lower complexity than the 

original word. In the last case, a TS model would learn from this instance how to adapt a text 
by increasing its complexity, which would result in the opposite of the intended task. 

Therefore, before generating synthetic data by replacing words, I recommend evaluating the 

generated data on the basis of its complexity before using it for training. Only if a complexity 

measure would give a higher score for the new augmented data than for the simplified text, I 
would consider this data point as a relevant augmented complex sentence. 

https://zenodo.org/records/6362739
https://zenodo.org/records/6362739
https://www.bpb.de/kurz-knapp/lexika/lexikon-in-einfacher-sprache/
https://www.bpb.de/kurz-knapp/lexika/lexikon-in-einfacher-sprache/
https://kurier.at/einfache-sprache
https://www.nachrichtenleicht.de/
https://aug.dguv.de/leichte-sprache/
https://www.evangelium-in-leichter-sprache.de/
https://www.evangelium-in-leichter-sprache.de/
https://www.brandeins.de/themen/rubriken/leichte-sprache
https://www.brandeins.de/themen/rubriken/leichte-sprache
https://www.einfachstars.info/
https://hurraki.de
https://www.lebenshilfe.de/
https://www.lebenshilfe-main-taunus.de
https://www.mdr.de/nachrichten-leicht
https://www.mdr.de/nachrichten-leicht/woerterbuch/
https://www.mdr.de/nachrichten-leicht/woerterbuch/
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Nachrichten-in-Leichter-Sprache,nachrichtenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Nachrichten-in-Leichter-Sprache,nachrichtenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Nachrichten-in-Leichter-Sprache,nachrichtenleichtesprache100.html
https://www.hanisauland.de/index.html
https://klexikon.zum.de/
http://www.labbe.de/lesekorb
https://www.oekoleo.de/
https://www.rossipotti.de/
https://www.simplyscience.ch
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4.8.2 TRANSLATION & ROUND-TRIP TRANSLATION 

Similar to problems in machine translation (Saunders, 2022), in text simplification, often mono-
lingual data in the language of interest (here simplified or complex data) are available in large 

quantities, whereas parallel (here sentence-wise aligned) data is less available. This can be 

counteracted by translating available TS resources from other languages or by round-trip trans-
lation of small parallel corpora to increase them. Data synthesis by translation or round-trip 

translation has been applied in some German TS studies yet. 

TRANSLATION In the previous section, I have already introduced some synthetic corpora which 

have been generated with the help of machine translation, i.e., BiSECT (Kim et al., 2021) (see 

Subsection 4.1.5), the translated Wikipedia corpus by Ebling et al. (2022) (see Subsection 4.2.3), 
and the translated ASSET corpus by Schlippe and Eichinger (2023) (see Subsection 4.2.4). 

ROUND-TRIP TRANSLATION In addition to the previously introduced German News corpus (see 

Subsection 4.3.3), Säuberli et al. (2020) propose to back-and-forth-translate the simplified sen-
tence (target) of a source-target pair (or complex-simple pair) into another language and back 

to German. The back-translated target sentence is then used as the source sentence of the pair 
in which the target sentence remains the same. They call this process BT2TRG. They com-
pare this approach with other data augmentation strategies such as adding simple-simple pairs 

(they call it TRG2TRG) in which the model sees new simple pairs and learns to copy them, or 
empty-simple pairs (they call it NULL2TRG). In their experiments with German news data, the 

BT2TRG and NULL2TRG approaches achieved worse results with respect to SARI and BLEU 

than the baseline without augmented data. But, the TRG2TRG approach improved the baseline 

and achieved the best results of all approaches. 
However, in an additional human evaluation, they found that in all approaches their models 

mostly preserved no content. Furthermore, the generations of the system with BT2TRG and 

TRG2TRG were less fluent than the model trained on only gold complex-simple pairs. The 

simplicity of the generated sentences was rated similarly for all approaches. More experiments 

regarding round-trip translation and simple-simple pairs for German TS are required to finally 

assess whether this augmentation strategy is helpful or harmful for text simplification. 

4.8.3 MONOLINGUAL DATA 

As briefly discussed in Subsection 4.7.3, some corpora contain simple German texts, but there 

are no parallel or comparable versions in standard German (or a more complex version). This 

data can be used, for example, 

• to train or fine-tune a language model to generate texts in simplified language (see An-
schütz et al. 2023), or 

• as additional simple-simple pairs (TGR2TRG). 

Anschütz et al. (2023) used monolingual simplified data to fine-tune an autoregressive 

language model as a basis for a text simplification model (for more information, see Subsec-
tion 6.6.1). For sentence simplification, resources for such kinds of simplified data can be docu-
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ment simplification corpora which are not aligned on the sentence level, non-parallel simplified 

German corpora, or texts which can be scraped from German websites. Examples of web scrap-
ers for monolingual data are summarized in Subsection 4.7.3. 

As mentioned above, Säuberli et al. (2020) additionally trained their model on simple-simple 

pairs (TRG2TRG) by using the same simplification twice, i.e., in a complex-simple pair and the 

simple-simple pair. However, instead of using the aligned simple sentence, non-aligned simple 

sentences could also be used for this approach to let the model see more different simple sen-
tences, which need no simplification operation (except copying). To the best of my knowledge, 
this strategy has not yet been employed. 

4.9 SUMMARY & OUTLOOK 

In this section, I have described the current state of resources for German text simplification, 
i.e., 40 TS corpora (see Table 4.16) and additional monolingual data. I introduced ten parallel 
document simplification corpora (see n/a in # Pairs column in Table 4.16) of five different text 
genres (Wikipedia texts, news texts, web texts, medical texts, and narrative texts) and written 

for seven different target audiences. For paragraph simplification, I have presented 4 corpora, 
i.e., simple-patho and three versions of Online Participation. I have also described 30 parallel 
corpora for sentence simplification (see Table 4.16 with a number in # Pairs column) of seven 

domains and written for 12 different target groups (when combining mixed target groups into 

one category). 

4.9.1 CHALLENGES & RESEARCH GAPS 

However, all corpora have some advantages and disadvantages. Considering the most com-
monly used German sentence simplification corpora (see Figure 4.1), we can see imbalances 

regarding the size of the corpora (see ZEST vs. APA-LHA), the alignment type of the corpora 

(see TextComplexityDE vs. APA-LHA) as well as one-domain vs. many-domain corpora (see 

APA-LHA vs. Simple German Corpus ’23). In the following, I briefly summarize the challenges 

of the corpora that have been identified in the previous presentation of the corpora. 
These challenges serve to illustrate the relevance of providing new contributions to my re-

search questions regarding the imbalance of domains and target groups in current resources 

(see RQ 4-1) and the relevance of new data (see RQ 4-2). 

4.9.1.1 AVAILABILITY 

The availability of corpora is a relevant issue (further called DATA CHALLENGE B); of all 40 cor-
pora, 16 corpora are not available at all, and 3 corpora are only available upon request due to 

copyright restrictions. Reasons for restrictions are, for example, data privacy, copyright issues, 
or link rot. The lack of availability hampers the reproducibility of previous studies as well as 

the progress in the field of German TS. Therefore, new corpora are required that have an open 

license or are otherwise accessible. 
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Reference Name Target
Simple 

Domain Available # # Aligned Split
Docs Pairs 

Klaper et al. (2013) 

Battisti et al. (2020)
Battisti et al. (2020)
Toborek et al. (2023)
Toborek et al. (2023)
Kim et al. (2021) 

Siegel et al. (2019) 

Hansen-Schirra et al. 
(2021)
Jablotschkin et al. (2024)
Spring et al. (2021)
Spring et al. (2021)
Spring et al. (2021)
Spring et al. (2021)
Spring et al. (2021)
Spring et al. (2021)
Säuberli et al. (2024) 

SGC ’13 

SGC ’20 
SGC ’20 
SGC ’23 
SGC ’23 
BiSECT 

leichte-sprache-
corpus 
GEASY 

DE-Lite 
Capito-B1 
Capito-A2 
Capito-A1 
Capito-B1 
Capito-A2 
Capito-A1 
Capito-A2 

EL 

CEFR A2 
CEFR A2 
EL + PL 
EL + PL 
German 
learner 
mixed 

EL 

mixed 
CEFR B1 
CEFR A2 
CEFR A1 
CEFR B1 
CEFR A2 
CEFR A1 
CEFR A2 

web on 
request 

web n/a
web n/a
web available 
web available 
web available 

web available 

web n/a 

web not yet 
web n/a
web n/a
web n/a
web n/a
web n/a
web n/a
web n/a 

256 1, 888 manual n/a 

36 1, 080 manual train.+val. 
378 n/a automatic train.+val. 
39 391 manual train.+val. 
700 5, 942 automatic train.+val. 
n/a 186, 237 automatic train.+val. 

351 n/a n/a val. 

93 n/a n/a n/a 

8, 000 n/a n/a n/a 
12 426 manual train.+val. 
8 412 manual train.+val. 
22 416 manual train.+val. 
1, 055 54, 224 automatic train.+val. 
1, 546 136, 582 automatic train.+val. 
839 10, 952 automatic train.+val. 
n/a n/a n/a train.+val. 

Naderi et al. (2019) 

Spring et al. (2023)
Ebling et al. (2022)
Schlippe and Eichinger 
(2023)
Hewett and Stede (2021) 

Hewett and Stede (2021) 

Aumiller and Gertz 
(2022)
Mallinson et al. (2020) 

TextcomplexityDE 

Wikipedia-Corpus 
Wikipedia-Corpus 
Translated ASSET 

Lexica-klexikon 

Lexica-miniklexikon 

Klexikon 

geolino 

German 
learner 
CEFR A2 
CEFR A2 
n/a 

children 
6-12 
children 
≤ 6 
children 
6-12 
children 
5-7 

wiki available 

wiki n/a
wiki n/a
wiki n/a 

wiki available 

wiki available 

wiki available 

wiki available 

23 265 simplified val. 

198 1, 382 manual n/a 
106, 126 n/a automatic n/a
n/a 1, 000 simplified train.+val. 

1, 090 n/a n/a n/a 

1, 090 n/a n/a n/a 

2, 898 n/a n/a train.+val. 

20 1, 198 simplified val. 

Säuberli et al. (2020) 

Spring et al. (2023)
Spring et al. (2023)
Spring et al. (2021) 

Spring et al. (2021) 

Hewett (2023)
Hewett (2023)
Hewett (2023)
Rios et al. (2021) 

German News Cor-
pus
APA-LHA-OR-A2 
APA-LHA-OR-B1 
APA-LHA-OR-A2 

APA-LHA-OR-B1 

APA-RST 
APA-RST 
APA-RST 
20Minuten 

CEFR B1 

CEFR A2 
CEFR B1 
CEFR A2 

CEFR B1 

CEFR B1 
CEFR A2 
CEFR A2 
general 

news n/a 

news n/a 
news n/a 
news on 

request 
news on 

request 
news available 
news available 
news available 
news available 

n/a 3, 916 automatic train.+val. 

67 504 manual n/a 
67 518 manual n/a 
2, 300 9, 456 automatic train.+val. 

2, 300 10, 268 automatic train.+val. 

25 128 manual n/a 
25 112 manual n/a 
25 153 manual n/a 
18, 305 n/a n/a train.+val. 

Trienes et al. (2022) simple-patho laypeople medical not yet 850 3, 280 simplified train.+val. 
Meister (2023)
Meister (2023)
Gutermuth (2020a)
Gutermuth (2020a)
Gutermuth (2020a) 

ABGB-non-experts
ABGB-plain
Online Participation 
Online Participation 
Online Participation 

laypeople 
PL 
PL 
EL 
EL + PL 

politics available 
politics available 
politics available 
politics available 
politics available 

1 448 manual val. 
1 448 manual val. 
1 13 simplified n/a 
1 13 simplified n/a 
1 13 simplified n/a

Schomacker et al. (2023a) MILS+EB+PV+KV mixed narrative available 33 n/a n/a train.+val. 

Table 4.16: Summary of German document, paragraph, and sentence simplification corpora without 
own work. The lines separate the domains of the corpora. EL = German Easy Language, 
PL = German Plain Language. All URLs have lastly been accessed at July 24, 2024. 

https://github.com/buschmo/Simple-German-Corpus
https://github.com/buschmo/Simple-German-Corpus
https://github.com/mounicam/BiSECT
https://github.com/hdaSprachtechnologie/easy-to-understand_language
https://github.com/HeikeZinsmeister/DE-Lite
https://github.com/babaknaderi/TextComplexityDE
https://github.com/fhewett/lexica-corpus
https://github.com/fhewett/lexica-corpus
https://github.com/dennlinger/klexikon
https://github.com/Jmallins/ZEST-data
https://zenodo.org/record/5148163
https://zenodo.org/record/5148163
https://zenodo.org/record/5148163
https://zenodo.org/record/5148163
https://github.com/fhewett/apa-rst
https://github.com/fhewett/apa-rst
https://github.com/fhewett/apa-rst
https://github.com/ZurichNLP/20Minuten
https://github.com/jantrienes/simple-patho
https://github.com/MeisterFa/ABGB-TextSimplification-Datasets
https://github.com/MeisterFa/ABGB-TextSimplification-Datasets
https://www.frank-timme.de/de/programm/produkt/leichte_sprache_fuer_alle
https://www.frank-timme.de/de/programm/produkt/leichte_sprache_fuer_alle
https://www.frank-timme.de/de/programm/produkt/leichte_sprache_fuer_alle
https://github.com/tschomacker/aligned-narrative-documents
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& knowledge acquisition 

Figure 4.1: Common German sentence simplification corpora including alignment types and domains. 

4.9.1.2 ENCODING 

A minor issue which tackles only one corpus, i.e., BiSECT (see Subsection 4.1.5), is error-prone 

encoding (further called DATA CHALLENGE C): in more detail, in this corpus, all diacritics are 

missing. Unfortunately, training and evaluation on BiSECT would not result in reliable results 

for German TS. 

4.9.1.3 SIZE 

Another challenge of using the named TS corpora is that their size is often too small to train 

a deep learning model for TS from scratch (further called DATA CHALLENGE D). As can be seen 

in Table 4.16, most sentence simplification corpora contain less than 5, 000 pairs except Sim-
ple German Corpus ’23 (see Subsection 4.1.4), APA-LHA (see Subsection 4.3.4), BiSECT (see 

Subsection 4.1.5), and the capito corpora (see Subsection 4.1.6). But, due to huge advances 

in the last years of NLP, the small corpora can be nowadays used to fine-tune or prompt pre-
trained language models. Hence, the knowledge of pre-trained regarding language and other 
pre-trained tasks can be transferred to text simplification models. 

Some of the document simplification corpora are of comparatively small size in terms of 
samples, but their size in terms of sentences and complex-simple sentence pairs would result 
in a comparatively large size for sentence simplification. To achieve this, a higher quality of au-
tomatic alignment or more support for manual simplification is required. Prior to our work, no 

corpus has been existing which is available on the document and sentence level and containing 

the same data (further called DATA CHALLENGE E). 
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4.9.1.4 PARALLEL VS. COMPARABLE CONTENT 

However, not all corpora are well suited for document simplification and additionally sentence 

simplification. For example, in some corpora, the simple document is written independently of 
the complex document. In this case, the documents are comparable as they might contain sim-
ilar content, but are not parallel, which would mean that the simple document was simplified 

with the complex document used as a prototype (further called DATA CHALLENGE F). Compara-
ble documents might be more suitable for summarization or other related tasks than for sim-
plification (further called DATA CHALLENGE H). Examples of comparable corpora are Klexikon 

(see Subsection 4.2.5) or Wikipedia translation (see Subsection 4.2.3). 
As a consequence, if the documents are only comparable, the content between both versions 

might be so different that they cannot be aligned on the sentence level. This might also ex-
plain the worse results of automatic alignment methods on some corpora, e.g., on Wikipedia 

Translation (see Subsection 4.2.3). 

4.9.1.5 ALIGNMENT 

For corpora on which sentence-wise alignment is applicable, approaches on manual and au-
tomatic alignment have been shown (see step C in the corpus building process). For manual 
alignment, annotation guidelines are often missing or are not specifying which alignment types 

(only 1:1, only 1:m, or n:1, or all n:m?) are considered. In addition, technical support is required 

to facilitate manual alignment of n:m pairs (see BUILDING CHALLENGE B). 
However, the high variation in alignment options makes alignment difficult, not only for 

humans, but also for algorithms (further called DATA CHALLENGE G). I showed that many algo-
rithms are limited to some of the alignment types (e.g., only 1 : 1 alignments). Previous work 

on building (German) TS corpora has already shown that 

• alignment methods perform only well on nearly identical sentence pairs (Stajner, 2021), 
• automatic alignment results in low accuracy even when aligning mild simplifications (see 

Spring et al. 2023), or 
• a sentence-wise alignment is not suitable to some corpora as the documents are simpli-

fied independently and, hence, sentence-pairs with parallel meaning can not be identified 

(Aumiller and Gertz, 2022), 
• but, manual alignment is very costly in human resources. 

So far, newer alignment methods, such as the neural CRF approach of Jiang et al. (2020), have 

not yet been applied to German data. 
Although automatic alignment is often criticized, it is applied to many corpora (see Ta-

ble 4.16) because it is a much faster way of aligning many sentence pairs than aligning them 

manually. In comparison of the alignment techniques, automatically aligned corpora are 100 

times larger (up to 200,000 pairs) than manually aligned corpora or manually simplified cor-
pora (up to 2,000 pairs; see Figure 4.2; pay attention to different scale sizes). On the one hand, 
to ensure high quality of large, automatically aligned corpora, more reliable and more flexible 

alignment methods are available. On the other hand, larger manually aligned sentence simpli-
fication corpora could also address the gap of missing large, high-quality corpora. 
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(a) Manually aligned. (b) Manually simplified. 

(c) Automatically aligned. 

Figure 4.2: Corpus sizes of German sentence simplification corpora. 

4.9.1.6 OWN SIMPLIFICATION 

Another strategy of building simplification corpora of non-parallel documents has been pre-
sented in a few corpora, i.e., to instruct crowd-workers or professional translators to simplify 

complex texts for the purpose of building a new simplification corpus (see step C in the corpus 

building process). Examples of corpora built following this approach are TextComplexityDE 

(see Subsection 4.2.6), GEOlino (see Table 4.7), or Online Participation (see Subsection 4.5.3). 
However, the guidelines on how the translators have simplified the texts are often not avail-

able. Also, the quality of the translations is often not verified (e.g., for TextComplexityDE (see 

Subsection 4.2.6) or ABGB (see Subsection 4.5.2)). Hence, it is also not clear whether the sim-
plifications are simple enough for a specific target group and if they show a variety of possible 

simplification operations (see BUILDING CHALLENGE D). 

4.9.1.7 SIMPLIFICATION OPERATIONS 

Following the corpus descriptions, only one corpus exists which especially addresses selected 

simplification operations, i.e., splitting and merging in BiSECT. However, the other parallel cor-
pora do not contain further annotation except for the language level, domain, and sentence-wise 

alignment. 
Annotation regarding the simplification quality or simplification operations included in the 

corpus is missing (see step F in the corpus building process). That is why the quality, the extent, 
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and the variety of the simplifications of the corpora are unclear (further called DATA CHALLENGE 

J). More insights on the extent of simplification, or operations made during the simplification, 
can be of high gain for the corpus (see e.g., Cardon and Bibal 2023 or Heineman et al. 2023). 

For some corpora, especially the web corpora, the proxy is made that sentences written for 
children or non-native speakers are simpler than the counterpart in Standard German, but this 

is often not verified. In some cases, the readability is estimated with often criticized readability 

metrics. Following this, more annotations on simplification corpora are demanded. 
Previous to this work, no German corpus has existed that includes the annotation of sim-

plification operations and simplification quality per sentence pair in order to get more insights 

regarding the gold data. 

4.9.1.8 DATA AUGMENTATION 

I have also discussed a few strategies on how to deal with small corpora, e.g., by adding aug-
mented or synthetic data. Previous studies have experimented with only a few strategies on 

a few datasets. Hence, no conclusions can be drawn yet about whether data augmentation or 
which data augmentation strategy is most helpful for German TS (see Model Challenge A). 
Nevertheless, when using additional datasets for training TS models, the quality of the simpli-
fication as well as the addressed target group should always be considered. 

4.9.1.9 TARGET GROUP 

Further, it should be paid attention to not mix target groups within a corpus or add texts of 
another target group as additional training data, because each target group requires different 
simplification operations (Siddharthan, 2014) (further called DATA CHALLENGE I). However, five 

of the 40 presented corpora mix the target group or language varieties (see Figure 4.3) as oth-
erwise the number of simplification pairs would have been too few. The following corpora 

are examples with mixed data, e.g., Simple German Corpus ’23 (see Subsection 4.1.4), leichte-
prache-corpus (see Subsection 4.1.7), or GNATS (see Subsection 4.6.3). 

Figure 4.3: Target groups of all German TS corpora. 

Furthermore, in the German TS corpora, German language learners are overrepresented 

with 27 of 40 corpora (CEFR A2: 10, CEFR B1: 6, non-native speaker: 2, CEFR A1: 2; German 

Plain Language: 2, mixed: 5; see Figure 4.3) whereas other target groups of simplification, 
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e.g., laypeople (laypeople: 2; simplified from jargon), or people with cognitive impairments 

(German Easy Language: 3, mixed: 5) are underrepresented. Following this, more and larger 
corpora with the focus on one target group or one language variety are required. 

4.9.1.10 EVALUATION DATA 

A few of the corpora are too small for training and fine-tuning, and they are only useful for 
validation: i.e., 5 of 30 sentence simplification corpora (with < 1, 2000 complex-simple pairs) 

and 5 of 10 document simplification corpora (with < 1, 100 complex-sentence pairs). For further 
11 corpora, it is not clear whether and how they have been used for TS yet; they were originally 

built for other purposes, e.g., evaluation of automatic alignment methods for TS. 
Furthermore, in comparison to English TS evaluation sets, which include multiple alterna-

tive simplifications for better evaluation, in German TS there are only three corpora with more 

than one simplification per original sentence (see Evaluation Challenge F), i.e., APA-RST (see 

Subsection 4.3.5), Online Participation (see Subsection 4.5.3), and ABGB (see Subsection 4.5.2). 
However, they all contain exactly two simplifications, which is comparably low to up to 10 ref-
erences in ASSET (see Section 4.2). In other corpora with more than one simplified version 

(e.g., APA-LHA (see Subsection 4.3.4) or lexica-corpus (see Table 4.5)), no sentence pairs are 

available in which the simplified versions are aligned to the same complex sentence, and hence, 
they cannot be used to evaluate against several references. 

As previously argued, automatic alignment is error-prone and hence should (if necessary) 

only be used for training a TS model but not for evaluating it. Unfortunately, for some corpora, 
only automatic alignments are (publicly) available (e.g., BiSECT (see Subsection 4.1.5, APA-
LHA (see Subsection 4.3.4, or translated ASSET (see Subsection 4.2.4)). If these data are used 

to evaluate a TS model, for example, in case it is the only available for the target group of interest, 
an additional manual evaluation is highly encouraged to check whether the automatic scores 

are due to bad alignment of the gold data or bad simplification of the TS model. 

4.9.2 OUTLOOK 

In this section, I have introduced several German text simplification corpora and shown how 

they are related to the previously introduced approaches to building TS corpora (see Chapter 3). 
In the next section, I will introduce the next part of the text simplification process, i.e., eval-

uation (see Chapter 5). I will introduce methods on how to evaluate text simplification models, 
before I combine this knowledge with knowledge regarding the (training and test) corpora to 

discuss the capability of German text simplification models (see Chapter 6). 

https://4.9.1.10
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Chapter 5 
Text Simplification Evaluation 

After finishing the data creation or selection part (see step A to F in text simplification workflow; 
see Figure 2.1 in Subsection 2.2.2), a text simplification model can be trained (see step G) and 

evaluated on this data (see step H). After the first evaluation in the development phase against 
automatic metrics, the parameters of the models will be tuned to achieve better performance 

in the given task, here text simplification. To better understand TS models’ performance, I am 

explaining in this section how and why TS models are evaluated. 

It is essential to evaluate the automatically simplified texts to ensure that TS systems are 

effective in terms of simplicity and meaning preservation (see step H). A good simplification 

should be grammatically correct, simpler, and more readable than the original text, but pre-
serve the original meaning of it by only omitting the least important information. Evaluation 

during the development phase of a text simplification model is usually conducted automati-
cally, but during the final phase manual and/or automatic evaluation are consulted to verify 

the models’ capabilities. In the development and the final phase, a model is evaluated against 
the development and test set of a corpus (see Chapter 4). 

On the one hand, computational methods allow for a fast and efficient automatic evaluation 

of large amounts of text. Therefore, metrics have been designed that are used to automatically 

measure the quality of simplified texts wrt. simplicity, grammaticality, and meaning preser-
vation compared to the original texts and gold simplifications (Alva-Manchego et al., 2020b). 
On the other hand, in manual evaluation, people are asked to carefully read and rate the ex-
tent of these three aspects for the generated simplification with respect to the original sentence. 
However, manual evaluation is very time-consuming; hence, for a first quality check, automatic 

metrics are nearly always used. But, manual evaluation is more reliable than automatic eval-
uation because humans can understand and verify the accuracy of the meaning in a way that 
machines may miss. Additionally, humans can ensure that the text remains clear and easy to 

comprehend. 

In the following, I will provide more details on manual (see Section 5.1) and automatic 

evaluation (see Section 5.2), including their benefits and challenges. Unless otherwise stated, 
I will describe the evaluation procedure of sentence simplification as there is sparse research 

regarding the evaluation of document simplification. I also include much information regarding 
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the evaluation of English TS as non-English TS evaluation studies reuse parts of the English 

evaluation process. 
I then summarize how German TS studies have been evaluated so far, again including man-

ual and automatic evaluation methods (see Section 5.3) before I finally conclude the section 

(see Section 5.4). 

5.1 MANUAL EVALUATION 

Manual evaluation is the most reliable method to determine the quality of system generated 

simplifications (Alva-Manchego et al., 2020b). As summarized in Subsubsection 2.2.2.3, the 

usual process of manual evaluation is to ask a few people to rate the system output regarding 

grammaticality (also called fluency), meaning preservation (also called adequacy) and sim-
plicity. However, detailed best practices on how to manually evaluate text simplification are 

lacking. 
In the following, I will discuss current approaches to manual text simplification evaluation. 

First, I introduce two concepts of evaluation, i.e., intrinsic and extrinsic evaluation (see Subsec-
tion 5.1.1). I then focus on the intrinsic evaluation and explain the evaluation aspects against 
which the text simplification outputs are evaluated (see Subsection 5.1.2). After that, I describe 

how to evaluate the overall quality of the simplification as one score when combining all aspects 

of the intrinsic evaluation (see Subsection 5.1.3). Finally, I present available (English) datasets 

with manual judgments (see Subsection 5.1.4). 

5.1.1 INTRINSIC VS. EXTRINSIC EVALUATION 

Manual evaluation of a natural language generation task, e.g., text simplification or question 

answering, can be measured with intrinsic or extrinsic evaluation methods (Belz and Reiter, 
2006; van der Lee et al., 2019; Stajner, 2021). van der Lee et al. (2019) define both methods as 

follows: 

“Intrinsic approaches aim to evaluate properties of the system’s output, for instance, 
by asking participants about the fluency of the system’s output in a questionnaire. 
Extrinsic approaches aim to evaluate the impact of the system, by investigating to 

what degree the system achieves the overarching task for which it was developed.” 

(van der Lee et al., 2019, p.356) 

On the one hand, in recent years, intrinsic evaluation has been conducted much more often 

than extrinsic evaluation in general in natural language generation (van der Lee et al., 2019), 
and also in automatic text simplification (Stajner, 2021; Säuberli et al., 2024). As mentioned 

previously, generated simplifications are most often intrinsically evaluated on a questionnaire 

on the evaluation aspects of fluency, meaning preservation, and simplicity. In the next section, 
I will describe these evaluation aspects in more detail. 

On the other hand, extrinsic evaluation in the scope of text simplification contains analy-
sis with the target group by comparing the reading speed or the comprehension of a text on 

complex and simplified texts. The assumption is that for well-simplified texts, the reading 
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time would decrease but the comprehension of the text would increase. This kind of analy-
sis can be performed by asking comprehension questions, measuring reading time, or record-
ing eye movements (Stajner, 2021). For measuring the comprehension of a text, some content-
related questions are asked and afterwards the accuracy of responses is measured (Angrosh 

et al., 2014); if the target group can answer more questions correctly after reading the sim-
plified texts, these texts appear to be good simplifications and to be helpful to better under-
stand a text (Alva-Manchego et al., 2020b). However, only in a few TS studies has extrinsic 

evaluation been performed: For example, Saggion et al. (2015) and Angrosh et al. (2014) con-
ducted comprehension-based evaluation with the target group of the simplification, Alonzo 

et al. (2021) measured the reading speed of people of the target group on the simplified texts, 
or Rello et al. (2013) analysed eye movements of people of the target group. 

Extrinsic evaluation has the advantage over intrinsic evaluation that it is able to directly eval-
uate the task for which it was designed (Amidei et al., 2018) and is more goal-oriented (Alva-
Manchego et al., 2020b), i.e., higher comprehensibility of the text by the target group. In con-
trast, in intrinsic evaluation conclusions are drawn from questions that are not standardized 

and answered by the participants who are often not part of the addresses of the simplified texts. 
Further, intrinsic evaluation contains self-indicated complexity assessment, which is often not 
as reliable as actually measuring the comprehension of text with comprehension questions as 

part of extrinsic evaluation (Säuberli et al., 2024). Nevertheless, it is more costly to create and 

execute extrinsic evaluation than intrinsic evaluation because finding participants of the target 
group is more difficult than finding general participants. Additionally, the questions of intrinsic 

evaluation can be reused across different evaluation studies, whereas comprehension questions 

must be designed dependently on each simple-complex text pair. 

5.1.2 EVALUATION ASPECTS (INTRINSIC) 

Following the overall aim of text simplification to generate a grammatically correct simplifica-
tion of a complex text that retains the original meaning, the most used criteria for the evaluation 

of generations are: grammaticality (also called fluency), meaning preservation (also called ad-
equacy), and simplicity (Alva-Manchego et al., 2020b). An overview of the description of these 

three aspects per study is presented in Table 5.1.1 Although the three aspects are used in sev-
eral human evaluation studies, there is no agreement on scale sizes, aspect naming, or scale 

descriptions. 
The most common rating scales are Likert-scales, which have been introduced by Likert 

(1932) to measure attitudes of people. These scales often include several items, which are all 
verbalized by a question or statement and accompanied with answer options on a scale rang-
ing from disagreement to agreement. However, the length of the scale is not fixed and can be 

adapted to the needs of the researcher. In text simplification, mostly 5 point Likert-scales are 

chosen from 1 to 5 (e.g., see Maddela et al. 2021), a scale from −2 to +2 (e.g., see Sulem et al. 

1 The table does not aim at completeness, but highlights the variety of different usages of the evaluation
aspects. I show the shortened version of the scale labels of Yamaguchi et al. (2023) in the table. The 
long description of each scale point would exceed the available space in this table. For full scale 
descriptions, see e.g., Table 6 in Yamaguchi et al. (2023). 
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2018c), or a continuous scale from 0 to 100, (e.g., see Scialom et al. 2021; Alva-Manchego et al. 
2020a). 

On the one hand, Alva-Manchego et al. (2020a) argue that a continuous scale leads to more 

consistency in the agreement between annotators in the evaluation of text simplification, as 

already proved for machine translation. On the other hand, Sulem et al. (2018c) prefer a Likert-
scale with negative to positive scale points, including a neutral middle point. Following Chyung 

et al. (2017); Nadler et al. (2015), annotators interpret the middle point as, e.g., ”undecided”, 
”neutral”, or ”no opinion”. Although both scales, i.e., −2 to +2 and 1 to 100, have a middle 

point, only in the first setting it is clearly intended as a neutral value. Depending on the scale 

understanding by the participants, in the continuous scale, 50 could also be used as a neutral 
value, which the study developers might not have intended to use when designing the study. 

Following Cohen et al. (2007) a Likert-scale can be verbalized with a question or a statement. 
However, the verbalization should be written in the form of a multiple choice question and not 
a dichotomous question. In text simplification evaluation, Likert-scales are often introduced us-
ing a question such as “how much does the simplified sentence …” or “to which extent …” (e.g. 
see Sulem et al. 2018b; Zhang and Lapata 2017). Typical answer options or items of a Likert-scale 

are “strongly disagree”, “disagree”, “neither disagree nor agree”, “agree”, or “strongly agree” 

(e.g., see Cohen et al. 2007, Alva-Manchego et al. 2020a, or Maddela et al. 2021). However, in 

some studies the items are detailed comments regarding the statement (e.g., see Wubben et al. 
2012). Further, in some paper, a closed question is asked (which expects a binary answer), but 
the answer options are on a scale from 1 to 5 (e.g., see Dong et al. 2019; Kumar et al. 2020). 

Furthermore, Alva-Manchego et al. (2020b) have raised the questions of whether the typical 
three evaluation aspects of grammaticality, meaning preservation, and simplicity are enough to 

evaluate the quality of text simplification. Especially with a view on document simplification, 
other aspects such as coherence of the text might be interesting during evaluation. Cumbicus-
Pineda et al. (2021) suggest a detailed checklist to evaluate text simplification outputs including 

sub-aspects of the three main aspects and ethical aspects as well. The works of Devaraj et al. 
(2022) and Yamaguchi et al. (2023) go in a similar direction; they propose annotation schemata 

for manual error annotation in system generations. Currently, these schemata have just been 

applied to English TS, and it remains an open question whether the same or other categories 

would be relevant to evaluate German TS. 

I also want to pay attention to the usage of singular and plural in the scale descriptions. In 

some descriptions (or scale questions), it is intended that a simplification or the original contain 

only one sentence, which is not true for sentences which have been split or merged. However, 
only a few studies include the plural in their description, e.g., Narayan and Gardent (2014) or 
Narayan and Gardent (2016). 

In the following, I provide more details on these three main aspects, i.e., meaning preser-
vation (see Subsubsection 5.1.2.1), grammaticality (see Subsubsection 5.1.2.2), simplicity (see 

Subsubsection 5.1.2.3), and also on additional aspects which are used to intrinsically evaluate TS 

system outputs, i.e., structural & lexical simplicity (see Subsubsection 5.1.2.4), and coherence 

(see Subsubsection 5.1.2.5). 



106 Chapter 5. Text Simplification Evaluation 

5.1.2.1 MEANING PRESERVATION 

Meaning preservation aims, as the name suggests, to assess how much of the original meaning 

of the complex text is retained in the generated simplified text. Most human evaluation studies 

do not specify whether all or most of the content should be preserved (see Table 5.1). In contrast 
Alva-Manchego et al. (2020a) specifies that the least important information is allowed to be 

omitted to still achieve the highest meaning preservation score, whereas Štajner et al. (2014) 

and Yamaguchi et al. (2023) penalize if the meaning is only partially preserved by explicitly 

addressing it in their scale point descriptions. 
Following Sulem et al. (2018b), the aspect of meaning preservation can be further split into 

the sub-aspects of information deletion and information addition (possible answers in question-
naire: no,maybe, and yes). In a simplification, new information could be gained, for example, 
when implicit information is correctly made more explicit, when complex terms are correctly 

explained, or if wrong information is added. Zhang et al. (2020b) also includes the sub-aspect 
of information gain by asking if the text introduces new facts (dichotomous; answers: yes/no). 

However, in line with the manifestations of meaning preservation, in the manifestation of 
both versions of information gain, it is not specified whether additional information is expected 

or whether it was added correctly or wrongly. Stajner (2021) urges that people of the target 
groups of text simplification rely on the simplified texts and can be harmed by incorrectly added 

or omitted information. Therefore, she claims that meaning preservation should be checked 

manually before making simplified texts publicly available. To manually evaluate the correct-
ness of information insertion, deletion, or additionally its substitution, Devaraj et al. (2022) pro-
pose an error annotation schema regarding the extent of the wrong change, e.g., no or trivial 
change, non-trivial change which preserves the main idea, and change which does not preserve 

the main idea. Yamaguchi et al. (2023) propose a similar idea and add error categories in their 
annotation schema regarding inappropriate deletion, inappropriate addition, and inappropri-
ate paraphrase. 

Overall, to rate how much meaning is correctly preserved or wrongly changed, the annota-
tors need to understand both texts; hence, native speaker could be asked, but people from the 

target group are not ideal judges for this task. 

5.1.2.2 GRAMMATICALITY 

As syntactical changes are expected outcomes of (structural) simplification, measuring the 

grammaticality of the generated simplified text is important. Stajner (2021) argues that if sim-
plified texts contain grammatical errors, wrong sentence structures, or incorrect word forms, 
the target group (e.g., children and language learners) would learn these errors. Therefore, 
in nearly each TS study with human evaluation, the outputs of TS systems are checked if they 

contain grammatical errors, e.g., including non-grammatical sentence structures or wrong in-
flection of words. If the system generations contain too many errors, they could be manually 

corrected during post-editing (Stajner, 2021). 
A term or criterion that is often combined with grammaticality is fluency (e.g., see Narayan 

and Gardent 2014 or Alva-Manchego et al. 2020a). However, even if most studies refer to the 

same concept for the evaluation of grammaticality and fluency, the questions or statements for 
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the rating scales are phrased differently. It ranges from dichotomous questions (e.g., “Is the 

output grammatical?” Dong et al. 2019), via simple statements with scale points of strongly 

agree and disagree (e.g., Maddela et al. 2021), to detailed scale labels (e.g., see Štajner et al. 
2014 or Katsuta and Yamamoto 2018). 

People with high language skills in the language of interest should judge grammatical cor-
rectness (Alva-Manchego et al., 2020b), as they are aware of the grammar rules of the language. 

5.1.2.3 SIMPLICITY 

The evaluation of the simplicity or simpleness of a generated text is the most obvious criterion 

for the evaluation of text simplification. However, simplicity and simple have different mean-
ings in the scope of the evaluation of text simplification. Simpleness measures the readability 

level or also if a specific readability level has been reached with the simplification (e.g., see 

Martin et al. 2018), in more detail, if a text is simple enough to be understandable by the target 
group of simplification. The simpleness of a text can be measured by determining whether it 
has reached a specific readability level through simplification. In other words, the simpleness 

of a text should match the readability skills of the target group for whom it has been simplified. 
For example, very high simpleness for the target group of German Easy Language or high sim-
pleness for the target group of German Plain Language. In contrast, simplicity measures the 

extent of the simplification no matter the start and end point, it just measures the distance (e.g., 
see Nisioi et al. 2017 or Yamaguchi et al. 2023). For example, if a source text would be written in 

standard language and the target text should be written in easy language, the simplicity would 

be much higher for this pair than for a plain-language easy-language pair. 
Simpleness is more suitable to measure if the needs of participants are solved whereas sim-

plicity is more suitable to measure the capabilities of a text simplification system. The latter 
often neglects the target group, i.e., not focusing on whether a sentence is simple enough for 
the target group or if more simplification is required. Often the simplicity is measured between 

the target texts and the generated texts to measure the distance between the simpleness of the 

generated text and the gold simplification. 
In text simplification evaluation, simplicity is more often considered than simpleness. How-

ever, there is no agreement on how to measure it, options are, e.g., to quantify i) the simpleness 

of the generated text without a reference to the original text (e.g., see Martin et al. 2018), ii) the 

increase of simpleness in comparison to the original text (e.g., see Wubben et al. 2012 or Alva--
Manchego et al. (2020a)), iii) or the extent of the change wrt. simpleness including also more 

complex variants (e.g., see Nisioi et al. 2017 or Yamaguchi et al. 2023). 
In some studies, the simplicity is evaluated on a dichotomous scale (whether the text is more 

simple or not, e.g., see Surya et al. 2019 or Kriz et al. 2019) or on a continuous scale referring 

to the number of successful lexical or syntactical simplified phrases (also called simplicity gain, 
e.g., see Xu et al. 2016). Koptient and Grabar (2020) propose a pairwise comparison by asking 

which sentence is simpler, the original, or the simplified text. 
Overall, the approach most often used for measuring simplicity is to rate it on a Likert-

scale giving the following phrase : “The simplified sentence is easier to understand than the 

original sentence.” (e.g., see Wubben et al. 2012, Alva-Manchego et al. 2017, Vu et al. 2018, 
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Alva-Manchego et al. 2020a, Scialom et al. 2021, or Lin and Wan 2021). However, this version 

does not specify if the goal is to measure only the extent of the simplification (where 0 means 

of same or higher complexity; as used in e.g., Alva-Manchego et al. 2020a) or if the goal is to 

measure the whole complexity scale starting from more complex and ending in more simple 

(as used in e.g., Nisioi et al. 2017). 
Furthermore, following existing human evaluation studies, there is no common thread re-

garding how many people and people with what skills to ask to rate the simplicity of the gener-
ated texts. Usually, the participants or evaluators are not part of the target group of the target 
texts. In contrast, they are often, for example, native speakers, students with a high literacy 

level, crowd workers, or a non-specified group of annotators (Stajner, 2021). Compared to the 

previous evaluation aspects, for the aspect of simplicity it is important that the participants are 

addressees or part of the target group of the simplified texts, because complexity estimation 

is very subjective (e.g., see Siddharthan 2014, Štajner 2018, or Gooding and Tragut 2022) and 

people with high literacy levels often do not recognize much difference in the complexity of 
the source text and simplified texts (Štajner and Nisioi, 2018). Hence, people with high literacy 

levels are often not qualified to estimate the simplicity of a text on behalf of the people of the 

target group. 

5.1.2.4 STRUCTURAL & LEXICAL SIMPLICITY 

Depending on the included or intended simplification operations in a TS system, more fine-
grained evaluation of simplicity regarding structural or lexical simplicity can be included in the 

evaluation study. Sulem et al. (2018b) were the first to add the aspect of “structural simplifi-
cation” (“Is the output simpler than the input, ignoring the complexity of the words?”) to the 

human evaluation procedure. They first evaluated it with the answer options “no”, “yes”, and 

“maybe”, but they extended it in 2018c to a 5-point Likert-scale ranging from −2 to +2 (Sulem 

et al., 2018c) including the option of higher complexity (−2) and the same complexity (0). 
Another option of evaluating structural simplicity has been proposed by Zhang et al. 

(2020b), they ask the annotators whether a given text is split wrongly and whether it should 

be further split into smaller parts (dichotomous; answers: “yes” and “no”). Maddela et al. 
(2021) have slightly modified this evaluation item by asking on a 5-point Likert-scale if “the 

simplified sentence undergoes correct sentence splitting”. 
To the best of my knowledge, the aspect of lexical simplification has not been explicitly in-

cluded in any manual evaluation study prior to this work. 

5.1.2.5 COHERENCE 

Another aspect of how to evaluate system-generated simplifications is coherence (Siddharthan, 
2006; Shardlow, 2014; Vásquez-Rodríguez et al., 2023) which can be especially relevant for the 

evaluation of sentences with structural simplification (Siddharthan, 2006) or simplification at 
the paragraph or document level (Vásquez-Rodríguez et al., 2023). Following Siddharthan 

(2006), coherence in light of discourse simplification can concern conjunctive (usage of con-
junctions to connect sentences) and anaphoric cohesion (usage of referential expressions, e.g., 
pronouns). If sentences are well connected and, hence, coherent, they are easier to understand 
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wrt. faster reading time and higher recall (Kintsch et al., 1975; Myers et al., 1987). In addition, 
the resolution of the anaphora can make a text less ambiguous. 

Following Vásquez-Rodríguez et al. (2023), manual evaluation of coherence is challenging, 
which might be the reason why it is currently rarely included in TS human evaluation (e.g., see 

Siddharthan 2006). 

5.1.3 OVERALL QUALITY OF SIMPLICITY 

The previous aspects of TS evaluation can be combined into one huge evaluation aim or crite-
rion, further called “overall simplicity quality”. It is important to note that the terms “simplic-
ity” and “overall simplicity quality” are related but not synonymous: In contrast to “simplicity”, 
“overall simplicity quality” aims at evaluating fluent, adequate, and more simple system out-
puts all at once. 

To the best of my knowledge, Maddela et al. (2023) are the first who have collected human 

judgments regarding the overall simplicity quality of complex-simple pairs. Similarly, as for the 

other evaluation aspects, participants are asked to give a continuous rating between 0 (worst) 

and 100 (best), but here following an extensive definition of simplification2. Further, they pro-
vide for each quartile a scale point description to facilitate the rating as follows (according to 

Maddela et al. (2023)): 

• “0 – The sentence is completely unreadable.” 

• “25 – The sentence is equivalently simple, still has some fluency but the meaning is lost.” 

• “50 – The sentence is simpler, somewhat fluent and the meaning is similar to the original 
sentence.” 

• “75 – The sentence is somewhat simpler, mostly fluent and the meaning is close the original 
sentence.” 

• “100 – Only when the sentence is fully simplified, entirely fluent and preserves the core 

meaning of the original sentence.” 

The extent of the aspects regarding simplicity, grammaticality and meaning preservation 

are all simultaneously increasing for each quartile. However, in this combined scale it is unclear 
how to rate a sentence which accomplishes only two of the three aspects, e.g., a more simple 

and fluent version which greatly changes the meaning of the original. 
In addition, Maddela et al. (2023) extend the usual “simplicity” scales by asking for complete 

simplification, i.e., the highest possible version of simplification, no more simplification opera-
tions can be applied. In usual simplicity scales, only the extent is measured without address-
ing the maximum possible simplification. However, it is unclear whether a “fully simplified 

sentence” is assessed with respect to the target level of the simplification or the simplification 

purpose. 
Furthermore, they explicitly mention how to address the same simplicity (and, therefore, 

implicitly lower simplicity) which has not been expressed in the aspect regarding only “sim-
plicity”. To evaluate the quality of this newly proposed scale, more investigation is required 

regarding the scale interpretation by the participants. 

2 Unfortunately, this definition is not publicly available. 
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5.1.4 DATASETS WITH HUMAN JUDGMENTS 

However, as evaluation sets often contain several hundred or thousands of items, only ran-
dom samples of the sentence pairs are picked and manually evaluated (e.g., 50 to 100 pairs). 
The results of the human evaluation studies can be stored together with the complex-simple 

pairs in “datasets with human judgements”. Unfortunately, even if the evaluation procedure of 
some studies has been well described, the human judgments, which have been collected in these 

studies, are only available for a few studies: e.g., QATS (Štajner et al., 2016b)3, HSplit (Sulem 

et al., 2018c)4, PWKP test (Sulem et al., 2018b)5, ASSET (Alva-Manchego et al., 2020a)7, Web-
Split, Wiki-BM, & Cont-BM (Zhang et al., 2020b)8, human-likert & system-likert (Scialom et al., 
2021)9, Fusion (Schwarzer, 2018; Schwarzer et al., 2021)10, Simplicity-DA (also called Wiki-DA) 

(Alva-Manchego et al., 2021)11, Newsela-Likert (Maddela et al., 2021)12, and SimpEval (Mad-
dela et al., 2023)13. Comparing the evaluation dimensions, scale size, and number of raters per 
dataset (see Table 5.2), there are many differences in the realizations of the human evaluation. 

Overall, most of these datasets are relatively small, which hampers the construction of train-
able metrics on these scores. Beauchemin et al. (2023) merged a few of the datasets with very 

similar evaluation setups (that is, ASSET, Simplicity-DA, SimpDA Maddela et al. 2023, System-
Likert, and Human-Likert) to get a larger data set called “Continuous Scale Meaning Dataset 
(CSMD)”14. However, it remains an open question whether these datasets can be smoothly 

merged or whether the differences regarding the evaluation setup (e.g., training of annotators 

or different quality checks of annotators) are too huge to build a homogeneous dataset. 

3 https://qats2016.github.io/shared.html [last access: July 24, 2024] 

4 https://github.com/eliorsulem/simplification-acl2018 [last update: September 6, 2018; last 
access: July 24, 2024] 

5 Due to a currently dead link to the system outputs of the sentence pairs, you can instead copy the
system outputs provided in EASSE (Alva-Manchego et al., 2019a) in the given order. However, the 
sentence pairs of the 2 system outputs could not be found. Hence, this version of the dataset con-
tains only 500 sentence pairs. The human judgments are available online.6. The original sentences 
and system outputs are available in EASSE https://github.com/feralvam/easse/tree/master/ 
easse/resources/data [last update: October 13, 2021; last access: July 24, 2024]. 

7 https://github.com/facebookresearch/asset/tree/master/human_ratings [last update:
September 16, 2022; last access: July 24, 2024] 

8 https://developer.ibm.com/exchanges/data/all/split-and-rephrase/ [last update: March 
24, 2021; last access: July 24, 2024] 

9 http://dl.fbaipublicfiles.com/questeval/simplification_human_evaluations.tar.gz [last 
access: July 24, 2024]. 

10 The data will be available here https://cs.pomona.edu/~dkauchak/simplification/ [last access: 
July 24, 2024]. Currently it is only available on request of the authors. 

11 https://github.com/feralvam/metaeval-simplification [last update: July 29, 2022; last access: 
July 24, 2024] 

12 Newsela-Likert is not available online, but Maddela et al. (2023) edited it and made the updated ver-
sion available as SimpLikert: https://github.com/Yao-Dou/LENS/tree/master/data [last update: 
July 11, 2023; last access: July 24, 2024]. 

13 https://github.com/Yao-Dou/LENS/tree/master/data [last update: July 11, 2023; last access: July 
24, 2024] 

14 The CSMD is available online: https://github.com/GRAAL-Research/csmd [last update: March 23, 
2024; last access: July 24, 2024]. 

https://qats2016.github.io/shared.html
https://github.com/eliorsulem/simplification-acl2018
https://github.com/feralvam/easse/tree/master/easse/resources/data
https://github.com/feralvam/easse/tree/master/easse/resources/data
https://github.com/facebookresearch/asset/tree/master/human_ratings
https://developer.ibm.com/exchanges/data/all/split-and-rephrase/
http://dl.fbaipublicfiles.com/questeval/simplification_human_evaluations.tar.gz
https://cs.pomona.edu/~dkauchak/simplification/
https://github.com/feralvam/metaeval-simplification
https://github.com/Yao-Dou/LENS/tree/master/data
https://github.com/Yao-Dou/LENS/tree/master/data
https://github.com/GRAAL-Research/csmd
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5.2 AUTOMATIC EVALUATION 

With the increasing mass of evaluation data from different model approaches, it becomes 

challenging to manually evaluate this large number of generated texts. Automatic eval-
uation methods have been employed to improve and facilitate the assessment process by 

providing quick measures of the performance of text simplification systems (Alva-Manchego 

et al., 2020b). Compared to manual evaluation methods, automatic evaluation methods 

facilitate a quick assessment of the output of various text simplification models, making it 
feasible to compare and iterate on different approaches efficiently. In addition, automatic 

evaluation methods allow researchers to scale up their assessments to handle large datasets 

effectively (Alva-Manchego et al., 2020b). 
One common approach to automatic text simplification involves comparing the generated 

simplified text not only against the original text, but also against one or more reference texts, 
which are manually (sometimes also verified) simplified versions of the original text (Alva-
Manchego et al., 2020b). Most metrics that are used to automatically measure the quality of 
simplified texts mirror the manual intrinsic evaluation15: The metrics are built to correspond 

and correlate to one or more of the manual evaluation aspects, e.g. meaning preservation (see 

Subsubsection 5.1.2.1), grammaticality (see Subsubsection 5.1.2.2) or simplicity (see Subsub-
section 5.1.2.3). As these aspects are also relevant for related tasks of TS, such as machine trans-
lation or text summarization, for automatic evaluation of TS, often metrics of these related tasks 

are utilized, e.g., BLEU (Papineni et al., 2002) (see Subsubsection 5.2.1.1), BERTScore (Zhang* 
et al., 2020) (see Subsubsection 5.2.1.1, or FKGL (Flesch, 1948) (see Subsubsection 5.2.1.3). 

Only a few metrics exist which are invented for the simplification purpose, i.e., SARI (Xu 

et al., 2016) and SAMSA (Sulem et al., 2018b)(see Subsubsection 5.2.1.4). But, currently a group 

of metrics is used to evaluate TS systems, i.e., SARI, BERTScore, BLEU, and FRE, because they 

have all different advantages and disadvantages: they are either not entirely suitable, focus only 

on one part of text simplification, or do not sufficiently correlate with the human ratings (Alva-
Manchego et al., 2021). 

In the following, I will present the metrics used for text simplification sorted by the manual 
evaluation aspects, which they should represent or correlate to (see Subsection 5.2.1). I then 

introduce a metric (called LENS) which tackles all aspects of simplification evaluation at the 

same time (i.e., “overall quality of simplicity”; see Subsection 5.2.2), and metrics which do not 
require references (see Subsection 5.2.3). In addition, I will present an evaluation framework 

in which several TS metrics are implemented for an easy comparison of TS systems (see Sub-
section 5.2.4). 

To exemplify the usage of the most relevant metrics (i.e., BLEU, SARI and BERTScore), I am 

providing the following example, including an original sentence, one gold or reference simpli-
fication, and three examples for possible system-generated simplifications: 

(1) Original Sentence: 
Veröffentlichungspflichtig sind alle Informationen, die bei den Behörden vorliegen. 

15 To the best of my knowledge, no automatic metric focuses on replicating extrinsic evaluation ap-
proaches. 
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‘Required to be published are all information, which is available with the authorities.’ 

(2) Reference Simplification in German Plain Language: 
Alle vorhandenen Informationen der Behörden müssen veröffentlicht werden. 

‘All existing information of the authorities must be published.’ 

(3) System Simplification 1): 
Alle vorliegenden Informationen der Behörden sind veröffentlichungspflichtig. 

‘All available information of the authorities are required to be published.’ 

(4) System Simplification 2): 
Alle vorhandenen Informationen der Behörden sind veröffentlichungspflichtig. 

‘All existing information of the authorities is required to be published.’ 

(5) System Simplification 3): 
Alle vorliegenden Informationen der Behörden müssen veröffentlicht werden. 

‘All available information of the authorities must be published.’ 

(6) System Simplification 4): 
Behörden müssen alle ihre vorhandenen Informationen veröffentlichen. 

‘Authorities must publish all their available information.’ 

In system simplification 1 and 2, the long adjective “versicherungspflichtig” is copied from 

the original sentence and shows deviations (see red lines) from the reference simplification 

where this word is split. In system simplification 3, the word is correctly split (see green 

lines). In system simplification 4, the adjective is also split. Additionally, the grammatical voice 

has correctly changed from passive to active following simplification guidelines. However, this 

change has not been applied to the reference simplification, meaning that the output of system 

simplification 4 does not exactly overlap with the reference simplification (see yellow lines). 

5.2.1 EVALUATION ASPECTS 

5.2.1.1 MEANING PRESERVATION 

I have already previously discussed in Subsubsection 5.1.2.1 that meaning preservation is a 

crucial evaluation aspect of simplified texts. As it is also a relevant aspect in related tasks, 
such as machine translation and text summarization, the metrics of these tasks are utilized 

for text simplification evaluation, e.g., BLEU (Papineni et al., 2002), ROUGE (Lin, 2004), or 
BERTScore (Zhang* et al., 2020). Recently Fruth et al. (2024), have proposed a new approach on 

automatically measuring meaning preservation based on similarity measurement and sentence-
wise alignment via BERTScore. Due to its novelty, more time and research are required to verify 

the approach. Furthermore, to the best of my knowledge, no automatic metric has been applied 

to text simplification that considers information gain. 

BLEU (BILINGUAL EVALUATION UNDERSTUDY) (PAPINENI ET AL., 2002) is a string-based similarity 

metric that measures the overlap of n-grams (1 to 4-grams) between the system output and at 
least another text. Hence, BLEU is a language-independent metric. In early text simplification 
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studies, e.g., Specia (2010); Zhu et al. (2010); Woodsend and Lapata (2011), BLEU has been 

utilized to evaluate sentence simplification outputs and, despite many criticisms (e.g., Wubben 

et al. 2012, Sulem et al. 2018a or Zhang et al. 2020b), it is still a common evaluation metric in the 

latest studies, e.g., Ryan et al. (2023); Wu et al. (2023); Heineman et al. (2023). 
The original version of BLEU has been designed for bilingual machine translation comparing 

the n-grams of the system output with those of the target text, as only those are in the same 

language. Instead, in text simplification, the n-grams of the system output could be compared 

with the reference simplifications or the original text as all are written in the same language but 
different varieties of it. However, the usual BLEU approach in TS research is to evaluate the 

system generation against several (but at least one) reference simplifications. 
Looking at a concrete scoring example of BLEU with item 1 to item 616, the systems would be 

ranked as follows: first system 3 (see item 5; BLEU: 75.06), second system 2 (see item 4; BLEU: 
47.75), third system 1 (see item 3; BLEU: 20.61), and as last system 4 (see item 3; BLEU: 14.57). 
Because the first system output has a higher n-gram overlap than the other with the reference 

simplification (see item 2), it is ranked first. Even if system 4 has a high lemma overlap with 

the gold reference, the BLEU is low due to the different word order and different inflection of 
the words. 

Although many studies show a correlation of BLEU and human judgments regarding mean-
ing preservation and grammaticality (see, e.g., Xu et al. 2016, Alva-Manchego et al. 2020a, or 
Zhao et al. 2023), in recent years, some criticism regarding BLEU has been proposed: In contrast 
to previous studies, Wubben et al. (2012) found that BLEU significantly correlates in their ex-
periment with grammaticality and simplicity, but not with meaning preservation. Sulem et al. 
(2018a) (evaluated on HSplit) and Zhang et al. (2020b) (evaluated on WebSplit, Wiki-BM, and 

Cont-BM) further argued that BLEU is not suitable to evaluate syntactically simplified sen-
tences. They could find no or only low correlation between BLEU scores and human judgments 

regarding grammaticality and meaning preservation in complex-simple pairs which include a 

sentence split. 
Although, in many current studies, the criticism against BLEU is briefly discussed, the same 

studies still include the score with the justification to be comparable with previous work (e.g., 
see Ma et al. 2022). Only a few studies refer to the issues and refuse to include the BLEU score 

in their evaluation (e.g., see Kim et al. 2021; Sun et al. 2023). 

EXTENSIONS OF BLEU have been introduced several times in previous years and they have also 

been utilized (or designed) for text simplification in some evaluation studies, e.g., T-BLEU (Rios 

et al., 2011) in Štajner et al. (2014), iBLEU (Sun and Zhou, 2012) in Mallinson et al. (2020), 
BLEURT (Sellam et al., 2020) in Lu et al. (2023), or FK-BLEU (Xu et al., 2016) in Xu et al. (2016). 

One prominent example, which is also relevant for further TS evaluation metrics, is iBLEU 

by Sun and Zhou (2012). iBLEU is a metric originally designed for paraphrase generation eval-
uation. It includes the n-gram overlap of the system generation and a simplified reference as in 

the original BLEU, but it additionally considers also the n-gram overlap of the system genera-

16 The BLEU scores reported here are generated with EASSE-DE Stodden 2024a and the following set-
tings: lowercase: false; language: DE; tokenizer: SpaCy. 



5.2. Automatic Evaluation 115 

tion and the original text. It has been used in a few TS studies, e.g., Xu et al. (2016), Mallinson 

et al. (2020) or Zhao et al. (2023). 

ROUGE (RECALL-ORIENTED UNDERSTUDY FOR GISTING EVALUATION) (LIN, 2004) is a metric com-
monly used to assess the quality of automatic text summarization. Specifically, it focuses on 

measuring the overlap of content between an automatically generated summary and one or 
more reference summaries. Similarly to BLEU, ROUGE operates by comparing the overlap of 
n-grams between the generated summary and the reference summaries. The three main types of 
ROUGE scores are ROUGE-1 or ROUGE-2, which consider unigrams or bigrams, and ROUGE-
L, which looks at the longest common sub-sequence of words in both texts. Therefore, ROUGE 

is language independent, as is BLEU. 
ROUGE can be useful to some extent in evaluating how well a simplified text preserves the 

meaning or retains the information from the original text. Beauchemin et al. (2023) (evaluated 

on CSMD) found a weak but significant correlation between ROUGE-2 and meaning preser-
vation but not for ROUGE-L or ROUGE-1, which supports the previous statement. Currently, 
ROUGE has been primarily utilized to evaluate document simplification systems, e.g., as in the 

following studies: Rios et al. (2021) or Trienes et al. (2022). 
Criticism against ROUGE tackles the same points as also holds for BLEU (Ganesan, 2018): 

they rely on exact word matches, which can be sensitive to the choice of vocabulary. Hence, this 

approach might not capture semantic similarity effectively, as it does not consider synonyms or 
paraphrasing. 

BERTSCORE (ZHANG* ET AL., 2020) also evaluates the meaning preservation of a text pair – in-
cluding the system output and at least one simplified reference – with contextualized word em-
beddings such as BERT embeddings (Devlin et al., 2019). The proposed BERTScore considers 

semantic similarity and not only exact-string overlaps; hence, it might support word substitu-
tion more than BLEU or ROUGE. Furthermore, BERTScore can compare long words at once, 
while BLEU is limited to comparisons of n-grams (mostly 4-grams) (Zhang* et al., 2020). 

According to Zhang* et al. (2020) as cited in Alva-Manchego et al. (2021), in this method, 
you get three scores: BERTScore-Recall checks how well the words in the reference match with 

the ones in the system output. BERTScore-Precision is looking at it the other way around: it tells 

how well the words in the system output match the words of the reference(s). BERTScore-F1 is 

the combination of BERTScore-Recall and BERTScore-Precision. If there are multiple references, 
the system output is compared with all of them, and the highest score is returned. 

Looking at a concrete scoring example of BERTScore with item 1 to item 6, again system 3 

would be ranked better than system 3, 2, and 1.17 As can be seen in Table 5.3, system 1 and 

system 2 achieve a very similar F1 score, whereas system 3 nearly achieves the highest pos-
sible score of 1. The only difference between system 1 and 2 are the words “vorhanden” vs. 
“vorliegen”, where the first is also in the reference text. However, unlike the BLEU score (see 

Subsubsection 5.2.1.1), some synonymy of both words is recognized, so the scores for both sys-

17 The BERTScore scores reported here are generated with EASSE-DE Stodden 2024a and the following 
settings: lowercase: false; language: DE; tokenizer: SpaCy; BERT-model: bert-base-multilingual-
cased. 
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tems are almost identical. Because the same words are the only difference between the output 
of system 3 and the gold reference, the score for that system is that high. 

In comparison, the output of system 4 receives a higher precision but lower recall than sys-
tem 1 and 2, because there is a higher ratio of word overlap between system 4 and the gold refer-
ence (only “ihre” not fully matching) than between system 1 and 2 and the reference (precision; 
“sind veröffentlichungspflichtig” not fully matching). However, starting the comparison from 

the gold reference (i.e., recall) system 4 has a lower overlap with the reference than system 2 

with the reference because “müssen veröffentlicht werden” is not matching with the reference, 
but it is semantically closer to “sind veröffentlichungspflichtig” than “der” and “werden” from 

system 4. 
If we would consider the use of capital and small initial letters, system 4 (BERTScore-F1: 

0.5977) would be ranked worse than system 2 (BERTScore-F1: 0.6276) because the uppercase 

version of “alle” is present in the gold reference and the output of system 2, but the output of 
system 4 contains the lowercase version. 

System 1
System 2
System 3
System 4 

Precision Recall F1 
0.4132 0.7049 0.5499 
0.4344 0.7452 0.5793 
0.9034 0.9496 0.9264 
0.5588 0.6450 0.6017 

Table 5.3: Scoring example of BERTScore of four system outputs (see item 1 to item 6). 

In related works, the strengths and weaknesses of BERT-Score have been investigated: Alva-
Manchego et al. (2021) (evaluated on Simplicity-DA), Maddela et al. (2023) (evaluated on Sim-
pEval, Simplicity-DA, and Newsela-Likert), and Beauchemin et al. (2023) (evaluated on CSMD) 

showed that BERTScore-Precision is a suitable metric to evaluate text simplification: they found 

that the score correlates with human judgments regarding meaning preservation and simplicity 

for English TS. Maddela et al. (2023) also show that BERTScore weakly correlates with overall 
simplicity even if analyzing only simplification pairs with paraphrases or only with sentence 

splits. BERTScore is applicable to English and also other languages for which transformer-based 

word embeddings exist; the original English embeddings of RoBERTa (Liu et al., 2019) can be 

replaced with multi-lingual embeddings of BERT (Devlin et al., 2019) or monolingual embed-
dings in the language of interest to evaluate texts in other languages. As BERTScore has been 

rather recently introduced and tested for its capabilities regarding TS evaluation, only some TS 

studies include this metric so far, e.g., Alva-Manchego et al. (2021), Maddela et al. (2023) or 
Zhao et al. (2023). 

However, Maddela et al. (2023) also revealed some criticism against the BERTScore-
Precision: The score is also high if a complex sentence is just copied and nothing is simplified, 
or if generated sentences are error-prone, e.g., contain wrong sentence splits or random word 

removal. Further, Alva-Manchego et al. (2021) argues that a low BERTScore value indeed 

corresponds to a low-quality simplification, but if the score is high it becomes less reliable 

and more information regarding simplification operations and their correctness should also be 

considered. In contrast to previous findings, Zhao et al. (2023) (evaluated on PWKP) found 

that BERTScore still correlates with meaning preservation, but not with simplicity (measured 
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as a combination of simplicity and structural simplicity). Furthermore, they found a correlation 

between human judgments regarding fluency and BERTScore. More analysis is required to 

verify these contradictory findings. 

MEANINGBERT (BEAUCHEMIN ET AL., 2023) is a BERT model with a regression head that predicts 

a meaning preservation score between 0 and 100. The model is fine-tuned with complex-simple 

pairs of CSMD as input and the meaning preservation value of the human assessments as a 

label. They achieved their highest correlation with human judgments when augmenting their 
data with identical complex-simple pairs (with the label of 100) and totally unrelated complex-
simple pairs (with the label 0). 

Overall, on their test dataset they received a nearly perfect correlation (i.e., 0.928) between 

their proposed metric MeaningBERT and the human judgments. More analysis is required to 

check if the metric overfits to their data or if the high correlation also holds when evaluating 

on other datasets. Due to the recent publication date of this metric, it has not yet been used in 

other text simplification studies to verify if the results also hold on other datasets. 
The trained model of MeaningBERT score is only applicable to English TS evaluation as 

an English BERT model has been trained with English sentence pairs as input. However, the 

approach could be tested on other languages and other TS sets if enough human ratings are 

available. 

5.2.1.2 GRAMMATICALITY 

As discussed in the previous section, in TS research, BLEU or BERTScore are also utilized to 

measure the fluency or grammaticality of the system outputs. However, Sulem et al. (2018a) 

(evaluated on HSplit) and Alva-Manchego et al. (2021) have shown that other metrics, e.g., the 

negative Levenshtein distance (Levenshtein, 1966) or the proportion of deleted words, correlate 

more with human judgments regarding grammaticality. However, BLEU is still the common 

metric to evaluate the grammaticality of TS outputs (Alva-Manchego et al., 2020b). 
Furthermore, although promising reference-less evaluation metrics for grammar error cor-

rection are applied to related NLG tasks, e.g., Napoles et al. (2016); Asano et al. (2017) and in 

text summarization, e.g., Hardy et al. (2019), automatic error detection or correction has not 
been applied to text simplification evaluation yet. 

5.2.1.3 SIMPLICITY 

The evaluation of simplicity can again be separated into measuring the simpleness of a gener-
ated text, increase of simpleness, and extent of change wrt. simpleness as introduced in Subsub-
section 5.1.2.3. Readability metrics are often utilized to automatically measure the simpleness of 
a text, e.g., FKGL (see Subsubsection 5.2.1.3), or FRE (see Subsubsection 5.2.1.3). In addition, 
the newly introduced SLE score could also be described as a simpleness metric (see Subsub-
section 5.2.1.3). However, the increase of simpleness and its extent of change is not easy to 

be separated in the scope of automatic metrics. In order to measure them, I am aware of two 

metrics: FKBLEU (see Subsubsection 5.2.1.3) and FRE-BLEU (see Subsection 5.3.3). 
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Further, to the best of my knowledge, no metric is designed with the intention of mirroring 

the extent of simplicity of the generated simplification considering the original text. However, 
all metrics that significantly correlate with human simplicity judgments could be interpreted 

as metrics to evaluate simplicity, e.g., BERTScore-precision (see Subsubsection 5.2.1.1), or SARI 
(see Subsubsection 5.2.1.4). 

FKGL & FRE & OTHER READABILITY METRICS have been proposed upon the two prominent read-
ability metrics, i.e., Flesch-Kincaid Grade Level (FKGL) and Flesch Reading EaseFlesch. FRE 

and FKGL are often used to evaluate the simpleness of generated simplifications. The scores 

rely on language-dependent constants, average word length, and average sentence length. The 

results are on a scale between 0 to 100 (in the case of FRE, where the higher the score the easier 
the text), or a value usually between 0 and 13 (in the case of FKGL) to estimate the school grade 

which is required to understand the text. 
Readability metrics have been developed for many languages, as they are language-

dependent due to their constants, and, hence cannot be applied to other languages without 
adaptation. For example, FKGL and FRE scores were originally designed to estimate the 

readability of English texts, but Amstad (1978) also proposed a version of FRE that is suitable 

for German texts. To automatically calculate the readability scores of texts, the Python package 

textstat18 is often used because it comprises implementations of readability metrics of eight 
languages (i.e., English, German, Spanish, French, Italian, Dutch, Polish, and Russian). 

Although these scores were originally designed to measure the readability of documents 

and manually written texts, they are frequently applied to assess the readability of automati-
cally generated sentences in TS evaluation (Alva-Manchego et al., 2021). Following Xu et al. 
(2016) (evaluated in TurkCorpus), Alva-Manchego et al. (2021) (evaluated on Simplicity-DA) 

and Maddela et al. (2023) (evaluated on SimpEval, Simplicity-DA, & Newsela-Likert), sim-
plicity gain and the extent of simplicity weakly correlate with FKGL, while Zhao et al. (2023) 

(evaluated on PWKP) could not even find a significant correlation between the simplicity gain 

and FKGL. 
Tanprasert and Kauchak (2021) argue that FKGL is not a suitable metric for the evaluation 

of text simplification because it is easily manipulable with small post-processing adaptations. 
Following this, they argue that FKGL should no longer be used to evaluate TS outputs. Fur-
thermore, (Alva-Manchego et al., 2020b) warn about the missing correlation between FKGL 

and grammaticality as a text with a high FKGL score can include many grammatical errors. 

FKBLEU (XU ET AL., 2016) aims to measure meaning preservation and simplicity at the same 

time. FKBLEU is the product of iBLEU (see Subsubsection 5.2.1.1) and FKGL (see Subsubsec-
tion 5.2.1.3). iBLEU is intended to measure the meaning preservation considering the original 
sentence, the manual simplified reference(s) and the system generation. The degree of sim-
plicity is measured with the difference between the FKGL score of the system output and the 

FKGL score of the original text. The higher the score, the higher the simplification quality. 
Following the evaluation study of Xu et al. (2016) (evaluated on TurkCorpus), FKBLEU sig-

18 https://github.com/textstat/textstat [last update: June 3, 2024; last access: July 24, 2024] 

https://github.com/textstat/textstat
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nificantly and moderately correlates with grammaticality and meaning preservation, but only 

weakly with simplicity gain. However, the correlations with FKBLEU have a lower coefficient 
than the correlations with BLEU (strong correlation with meaning preservation and grammat-
icality) and with SARI (moderate correlation with simplicity), hence, the other scores seem to 

be more reliable (at least in this study). These findings are partially confirmed by Zhao et al. 
(2023) (evaluated on PWKP), but in their study FKBLEU negatively and weakly correlates with 

simplicity gain. Alva-Manchego et al. (2020b) argue that FKBLEU is less reliable in comparison 

to other metrics because it is built on top of FKGL and inherits its problems. 
A German adaptation of FKBLEU is FRE-BLEU, instead of FKGL it contains the German 

FRE version by (Amstad, 1978). 

SLE (SIMPLICITY LEVEL ESTIMATE) (CRIPWELL ET AL., 2023C) is an extension of FKBLEU. Cripwell 
et al. (2023c) propose to calculate the differences between the system-generated simplification 

and the original text by predicted simplicity levels. They have fine-tuned a RoBERTa model (Liu 

et al., 2019) with sentences from the Newsela corpus (Xu et al., 2015) and its corresponding 

simplicity level. Therefore, the model is mostly applicable to evaluate sentence simplification 

(and not document simplification). To measure the degree of a system-generated simplification, 
they calculate the difference in the simplicity level of a system generation and of the original text. 

Cripwell et al. evaluated the reliability of their SLE score by measuring the correlations 

between human judgments on simplicity and the SLE scores on two datasets, i.e., Human-
Likert Scialom et al. 2021 and Simplicity-DA Alva-Manchego et al. 2021. SLE correlates sig-
nificantly with simplicity on both datasets and obtained higher correlation coefficient values 

than for FKGL, BERTScore, or SARI, but slightly lower values than LENS (see Subsection 5.2.2). 
On the one hand, this score has the advantage over LENS and SARI that it is a reference-

less metric. On the other hand, it also includes the following major limitations: i) it has been 

fine-tuned on human generated data, but it is used to test machine generated texts, which are 

error-prone, and ii) it tackles only the extent of simplicity and no other aspect of simplification 

evaluation or simplification operations. Further scores in the same directions are readability 

assessment tools, e.g., see Deutsch et al. (2020), Weiss et al. (2021), Lee and Vajjala (2022), or 
Imperial and Tayyar Madabushi (2023). Due to its recent publication, SLE has not yet been used 

in any text simplification study. 

5.2.1.4 STRUCTURAL & LEXICAL SIMPLICITY 

Besides general simplicity, its measurement can also be split into structural and lexical simplic-
ity. SAMSA (Sulem et al., 2018b) is a metric especially designed for syntactic simplification; I 
will explain this metric in more detail below. For lexical simplification, to the best of my knowl-
edge, there is no automatic metric which has been specially designed to evaluate it. However, 
SARI (Xu et al., 2016) could be considered as a lexical simplification metric even if originally 

designed to measure the fineness of three edit-based operations in the simplification pair, i.e., 
add, keep, and delete. I will also explain SARI below in more detail. 
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SAMSA (SIMPLIFICATION AUTOMATIC EVALUATION MEASURE THROUGH SEMANTIC ANNOTA-
TION) (SULEM ET AL., 2018B) is a metric especially designed for syntactic simplification. 
It focuses on the evaluation of syntactical text simplification by comparing the existence 

and movement of event structures in the source and the automatically simplified sentence. 
Therefore, they utilize semantic structures, such as UCCAs (Abend and Rappoport, 2013) or 
abstract meaning representation (Banarescu et al., 2013). The highest SAMSA score can be 

achieved when all event structures of an input sentence result in a separated sentence that 
includes all minimal core elements and arguments. 

SAMSA is a reference-less metric because it considers only the system output and the orig-
inal sentence. Its aim is to break down the original sentence into minimal propositions, which 

are automatically annotated by a semantic parser; hence no reference or manual simplification 

is required for the evaluation. In principle, this enables evaluation of TS systems on complex 

texts for which no manual simplification exists, e.g., in under-resourced domains of English 

TS. In reality, SAMSA still might not be suitable for low-resource languages as its major limita-
tion is a good semantic parser for the language of interest, which often does not exist. Further, 
SAMSA is not a metric for measuring the overall quality of system-generated simplification as it 
focuses only on structural simplification. Sulem et al. (2018b) argue that structural and lexical 
simplification can be separated during evaluation and that an overall simplification score is not 
required. 

Alva-Manchego et al. (2021) (evaluated on Simplicity-DA) show in their study that SAMSA 

receives low correlation scores with human judgments of structural simplification, although it 
is designed for it. They argue that this might be due to the TS systems selected for evaluation 

because the original study only evaluated structural simplification systems, whereas they eval-
uated with general TS systems. More research is required to analyze the behavior of SAMSA 

wrt. different TS models, TS evaluation data sets, semantic structures, and languages. Due to 

more insights regarding the evaluation capacity of SAMSA, it has been rarely used for TS eval-
uation in recent years (e.g., see Niklaus et al. 2019b; Alva-Manchego et al. 2019a). An extension 

of SAMSA, known as SEMA, has been proposed by Zhang et al. (2020). But, as with SAMSA, 
it has yet to be thoroughly analyzed to provide more information about its advantages. 

SARI (COMPARING SYSTEM OUTPUT AGAINST REFERENCES AND THE INPUT SENTENCE) (XU ET AL., 2016) 

is a n-gram-based metric developed especially for the evaluation of text simplification. Putting 

it simply, it compares a generated simplification with the source sentence and at least one sim-
plified reference to estimate the quality of the generated text wrt. (lexical) simplification. SARI 
is comprised of the evaluation of three edit-based operations, i.e., add, keep, and delete, which 

are added to a score ranging from 0 to 100, where 100 is intended to be a perfect simplification. 
I explain the score by giving more details for one of the operations, i.e., the ‘add’ operation 

before explaining the combination of all three operations: SARIadd measures the F1-scoreadd of 
the added n-grams which is the harmonic mean of the precisionadd and the recalladd. In this 

case, the recall is the ratio of the correctly added n-grams (n-grams that occur in the system 

generation and in at least one of the reference texts, but not in the original text) to all added 

n-grams in the reference texts (n-grams that occur in the reference texts, but not in the original 
text). The precision is here the ratio of correctly added n-grams (n-grams that occur in the 
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system generation and in at least one of the reference texts, but not in the original text) to all 
added n-grams (n-grams that occur in the system generation but neither in the original nor any 

of the reference texts). Simply put, SARI penalizes all words that are added that should not 
have been added, but rewards words that are added and should have been added. 

The F-Scoreadd is measured for all variants of n-grams (usually up to 4-grams) and then 

added up.19 The same is repeated for all three edit operations, resulting in F1-Scoreadd, F1-
Scorekeep, and F1-Scoredelete. SARI is then the arithmetic average of the two F1-Scores of the add 

and keep operation, as well as the precision score of the delete operation (Xu et al., 2016). 
Looking at a concrete scoring example of item 1 to item 6, system 1 (see item 3) generates 

the worst simplification wrt. SARI (45.48) as too few correct n-grams have been added and kept 
(see Table 5.4).20 System 1 has slightly added more correct n-grams, hence it is ranked slightly 

better than system 4 (SARI: 46.76). System 2 (see item 4) achieves an even better SARI score 

(SARI = 56.24) because “vorliegen” is replaced with “vorhanden” which is also expected in the 

reference simplification. The best simplification wrt. SARI (66.37) or the simplification most 
close to the reference is the simplification of system 3 (see item 5): “veröffentlichungspflichtig” 

is correctly simplified, but, following the reference, “vorliegen” could be still more simplified 

by replacing it with “vorhandenen”. 
Comparing the SARI scores to BERT-Score and BLEU, the small textual difference between 

system 1 and 2 has again a higher effect in the score (such as for BLEU) than for BERT-Score, 
which is due to their n-gram approach vs. BERT-Score embedding approach. Also, BERTScore-
F1 and SARI would rank the systems differently: system 4 would be second best wrt. BERTScore-
F1 or BERTScore-Precision but last wrt. SARI. Furthermore, system 4 is ranked worst wrt. SARI 
although the sentence structure might be better readable for the plain language target group 

due to the rewriting of passive to active voice. The reasons for this discrepancy are, on the one 

hand, that in this example, the system output can be only evaluated against one gold reference 

(with fewer syntactical changes) and, on the other hand, that SARI focuses more on lexical and 

less on syntactical simplification. 

add keep delete SARI 
System 1 20.41 21.43 98.33 46.76 
System 2 48.96 21.43 98.33 56.24 
System 3 74.11 25.00 100.0 66.36 
System 4 16.67 21.43 98.33 45.48 

Table 5.4: Scoring example of SARI of four system outputs (see item 1 to item 6). 

In the following, I will go into more details of SARI’s strengths and weaknesses as reported 

in related works. SARI’s capability for TS evaluation is measured by correlations against human 

judgments of meaning preservation, grammaticality, and simplification gain (number of cor-
rect simplification operations). Xu et al. (2016) (evaluated on TurkCorpus) found a significant 

19 (Alva-Manchego, 2019) identified a difference between the procedure described in the article and 
the code provided to replicate the score. It is unclear whether the scores per n-gram are averaged
before or after calculation of the F-Score. However, I describe here the procedure as it is mentioned
in the SARI paper. 

20 The SARI scores reported here are generated with EASSE-DE Stodden, 2024a and the following set-
tings: lowercase: false; language: DE; tokenizer: SpaCy. 
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moderate correlation of the SARI scores with human judgments regarding all three. However, 
BLEU reaches a higher correlation (moderate) for meaning preservation and grammaticality, 
while SARI has the highest correlation with simplicity gain in comparison to all other scores. 

SARI has also been evaluated in other evaluation studies in comparison to newer metrics 

which also tackle simplicity: On the one hand, Alva-Manchego et al. (2021) (evaluated on 

Simplicity-DA) could confirm and extend the findings that values also moderately correlate 

with human simplicity and structural simplicity assessments. But, on the other hand, they 

mitigate the findings because the correlations seem to hold only for the part of the system gen-
erations with low quality. If a generated simplification is manually rated as high quality, the 

SARI scores are not reliable because the correlations are low. 

Maddela et al. (2023) additionally report moderate correlations of SARI and overall simplic-
ity (evaluated on SimpEval), meaning preservation, grammaticality, and simplicity (evaluated 

on Simplicity-DA). However, their newly proposed metrics (called LENS, see Subsection 5.2.2) 

could reach higher correlation than SARI. 

In addition, Zhao et al. (2023) (evaluated on PWKP) analyzed the effect of the number of 
references included in measuring SARI. If using multiple references, they could find low to 

moderate correlation between SARI and meaning preservation, grammaticality, and simplic-
ity gain, but evaluating against only one reference resulted in non-significant correlations with 

grammaticality and meaning preservation and only low significant correlation with simplicity 

gain. However, they found their newly proposed metrics BETS-simp (see Subsection 5.2.2) to 

correlate higher with simplicity judgments, although not comparing to any reference simplifi-
cation. Following this, the quality and capability of SARI can be doubted in order to evaluate 

text simplification in lower resource languages or lower researched domains. 

In addition to criticism against the correlation of human judgments, SARI has further dis-
advantages as it only considers three simplification transformations that predominantly tackle 

the lexical simplification (Alva-Manchego et al., 2020b), although many more lexical and syn-
tactical transformations could be applied, as shown in Subsection 2.1.4. Indeed, all operations 

which consider n : m alignments are neglected as SARI expects the transformations to be within 

1:1 alignment pairs. Hence, it neglects other alignment types and focuses only on short-distance 

edits (Alva-Manchego et al., 2020b). 

Furthermore, SARI has again the same advantage and disadvantage as BLEU and ROUGE as 

they all are n-gram-based metrics. On the one hand, the metrics are all language-independent. 
On the other hand, substituted words can be wrongly penalized when the substitute does not 
occur in any of the references even if the substituted word is a correct simplification, e.g., a 

simpler synonym of a complex word. 

In conclusion, SARI is intended to measure how often the simplification operations of 
adding, deleting, and retaining are correctly applied by ignoring other simplification opera-
tions and neglecting wrong or missing simplifications. Despite these aspects, SARI is still the 

most widely used metric for the evaluation of text simplification, even if mainly in combination 

with other scores such as BLEU or BERTScore. 
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5.2.1.5 COHERENCE 

The evaluation of coherence is also often neglected in the automatic evaluation of TS, which 

is also due to less progress in document than sentence simplification research. For example, 
Todirascu et al. (2013) found that the cohesion and coherence features of the text are helpful 
in predicting the readability of a text. In addition, Vásquez-Rodríguez et al. (2023) propose a 

method on how to evaluate coherence in the simplification of English documents. Overall, more 

investigation is required on how to integrate coherence into TS evaluation. 

5.2.2 OVERALL QUALITY OF SIMPLICITY 

In contrast to the previously named metrics, a metric for overall simplicity quality should com-
bine several aspects of TS evaluation, e.g., aspects of the system output (independently of the 

source or the reference) such as readability and grammaticality. Further, it should also evalu-
ate the quality of the output with respect to the source and the target sentence, e.g., meaning 

preservation and usage of simplification operations. A few recent metrics tackle the automatic 

measurement of overall simplicity quality: e.g., LENS and BETS. 

LENS (LEARNABLE EVALUATION METRIC FOR TEXT SIMPLIFICATION) (MADDELA ET AL., 2023) is a re-
cently proposed method to evaluate ATS models regarding overall simplification quality. Fol-
lowing Maddela et al. (2023) (evaluated on SimpEval), none of the previously described met-
rics, for example, FKGL, BLEU, SARI or BERTScore, at least moderately correlate with overall 
simplicity ratings. Hence, they propose their own metric to close this gap. 

Their metric is trained on human assessments regarding meaning preservation, fluency, and 

overall simplicity of English TS system outputs. Maddela et al. report moderate to strong corre-
lations of LENS with grammaticality, meaning preservation, and simplicity ratings (evaluated 

on SimpEval). However, LENS is only trained with English TS outputs and its assessments; 
hence, the current version is not applicable to other languages than English. Furthermore, the 

score is difficult to reproduce for other languages as human assessments are rare, especially in 

non-English languages, and if available, they are rated following different evaluation aspects or 
different item descriptions of them, which might hamper the reproduction. 

BETS (BERT EMBEDDING-BASED EVALUATION FOR TEXT SIMPLIFICATION) (ZHAO ET AL., 2023) is a 

recent reference-less evaluation metric to estimate grammaticality, simplicity, and meaning 

preservation at the same time. Based on contextualized BERT embeddings (see Devlin et al. 
2019) of the original text and the system output, they measure their similarity to estimate mean-
ing preservation. Furthermore, they fine-tune BERT to judge whether a word of the original 
text is more complex than that of the simplified text (Zhao et al., 2023). Then, they combine 

both resulting scores into a score which should mirror the overall quality of simplicity. Follow-
ing, their evaluation (evaluated on their own data), BETS has a higher significant correlation 

with the compared score of grammaticality, simplicity, and meaning preservation than SARI, 
SAMSA, BERTScore, or FKBLEU. As LENS and BETS have been simultaneously but indepen-
dently published, no comparison between both metrics exists yet. 
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Currently, BETS is only available for English due to the required embeddings of the English 

BERT model. However, the approach could be transferable to other languages when changing 

the pre-trained model to a multi-lingual model. 

5.2.3 REFERENCE-LESS METRICS 

A few presented metrics do not rely on the simplified references (the gold simplification) to 

evaluate the system outputs; these metrics are also called reference-less metrics. Examples of 
this type of metrics are: FKGL, FRE, SLE, or SAMSA. Further approaches on reference-less eval-
uation are proposed by Martin et al. (2018). 

Following the criticism of the scores regarding low interpretability, Martin et al. (2018) argue 

to not only focus on the scores, but to evaluate linguistic characteristics of the simplifications 

generated by the system. Therefore, they propose a feature extraction toolkit (further called 

TS-eval) to get more insights regarding the linguistic changes of the system simplification in 

comparison to the original texts. Their toolkit includes, for example, word concreteness, statis-
tics on the number of characters and syllables, the position of the words in a frequency table, 
and some of the previously introduced metrics (e.g., BLEU, ROUGE or FKGL). However, their 
framework focuses only on English, and in the current version, it is not applicable to other lan-
guages. 

5.2.4 EASSE: EVALUATION FRAMEWORK 

The EASSE framework (Alva-Manchego et al., 2019a) is designed for the ease of evaluation of 
English automatic sentence simplification. It contains the implementation of automatic eval-
uation metrics, including SARI, BLEU, SAMSA, FKGL, and BERTScore. In addition, the tool 
can be used to build an evaluation report on all specified metrics of all specified TS models to 

facilitate the entire evaluation process. They have built evaluation reports with several metrics, 
including several system outputs and test sets, which are also part of the framework. 

Even if EASSE contains several English resources, it can also be used with other custom 

English TS resources or TS resources in other languages. Hence, it is also often used to evaluate 

models of other languages, e.g., Spanish (e.g., see Gonzalez-Dios et al. 2022 or Holmer and 

Rennes 2023), French (e.g., see Cardon and Grabar 2020), or for the evaluation of a multi-lingual 
TS benchmark (Ryan et al., 2023). However, it raises some problems when using it for a different 
language, e.g., 1. the BERTScore is evaluated on an English-only BERT model, 2. the tokenizer 
is not adapted to the language, and 3. the readability scores are also only designed for English. 

5.3 GERMAN EVALUATION STUDIES 

In the previous section, I have focused on the evaluation of English TS because most of the re-
search regarding TS evaluation is conducted on English. For German TS, only a few evaluation 

studies exist; most of them include automatic evaluation, but a few also contain manual eval-
uation. In this section, I will introduce the procedure for German TS evaluation starting first 
with manual evaluation studies (see Subsection 5.3.1) and continuing with an overview of Ger-
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man datasets that include human judgments regarding TS evaluation (see Subsection 5.3.2). I 
conclude this section with automatic evaluation studies (see Subsection 5.3.3). 

5.3.1 MANUAL EVALUATION 

A similar picture, as presented for manual evaluation of English TS, also emerges for human 

evaluation of automatic German text simplification. First, because of its high effort and long 

duration time, human assessments regarding outputs of German TS systems are collected rarely. 
However, for German TS, out of overall 17 German TS studies, I am aware of the following 

studies that include human evaluation (see Table 5.5), i.e., Säuberli et al. (2020), Mallinson et al. 
(2020), Trienes et al. (2022), Anschütz et al. (2023), Deilen et al. (2023), Schlippe and Eichinger 
(2023), Fruth et al. (2024), Klöser et al. (2024), and Säuberli et al. (2024). 

5.3.1.1 MANUAL EVALUATION OF AUTOMATIC TEXT SIMPLIFICATION – INTRINSIC 

In most of the German manual evaluation studies, an intrinsic evaluation has been conducted 

by asking questions regarding a few evaluation aspects as introduced in Subsection 5.1.2. Only 

Suter et al. (2016), Trienes et al. (2022), Deilen et al. (2023), and (Fruth et al., 2024) differ from 

the common evaluation approach since they report qualitative observations after manual in-
spections (and no quantitative scores as a result of an intrinsic evaluation). 

Meaning Preserva-
tion 

Grammaticality Simplicity Simplicity (simple) Fluency 

Suter et al. (2016) ∗ 

Niklaus et al. (2019a)
∗ 

Siegel et al. (2019) ∗ 

Mallinson et al. (2020) 

Säuberli et al. (2020) 

Rios et al. (2021) ∗ 

Trienes et al. (2022) ∗ 

Spring et al. (2021) & 
Ebling et al. (2022) 

Anschütz et al. (2023) 

Deilen et al. (2023) ∗ 

Ponce et al. (2024) ∗ 

Ryan et al. (2023) ∗ 

Schlippe and 
Eichinger (2023)
Schomacker et al. 
(2023a) ∗ 

Fruth et al. (2024) ∗ 

Klöser et al. (2024)
Säuberli et al. (2024) 

meaning adequacy 

content preservation 

-

content 

content similarity 
-

grammaticality
(simple) 
fluency of output 

grammaticality
(pairwise) 

grammar 

-
-

simplicity 

relative simplic-
ity 

-

simplification 

-
-

-
-

-

comprehensibility 

-
difficulty 

-
-

-

fluency 

-
-

Stodden and 
Kallmeyer (2022) 

Stodden et al. (2023) 

Stodden (2024b) ∗ 

meaning preservation 

meaning preservation 

grammaticality 

grammaticality
(simple) 

overall simplicity 

overall 
simplicity 

simplicity (simple) 

simplicity (simple) 

-

-

Table 5.5: Names of evaluation aspects per German TS study. Last part shows own contributions. Studies 
marked with ∗ do not contain intrinsic evaluation of German TS. 

The German studies show the same inconsistency of intrinsic human evaluation studies as 

for English TS evaluation. As summarized in Table 5.5, 6 of 17 German TS studies include intrin-
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sic manual evaluation. Furthermore, 3 of the 6 studies evaluate the aspects of meaning preser-
vation, grammaticality, and simplicity (see Mallinson et al. 2020, Säuberli et al. 2020, Schlippe 

and Eichinger 2023). Schlippe and Eichinger (2023) and Säuberli et al. (2024) further evaluate 

the simplicity of only the simplified sentence in addition to the extent of the simplicity between 

the original and the simplified text. In one study, i.e., Anschütz et al. (2023), only evaluates 

grammaticality, but they do not rank it on a scale; instead, they compare the grammaticality 

pair-wise between the original sentence and the system output. The grammaticality is also split 
into analysis of grammar and fluency in another study, i.e., Schlippe and Eichinger (2023). 

Meaning Preserva- Grammaticality Simplicity Simplicity (simple) Fluency
tion 

Mallinson et al. (2020) 1 to 5 1 to 5 1 to 5 - -
Säuberli et al. (2020) 0 to 3 † 0 to 3 † 0 to 3 † - -
Schlippe and 1 to 5 1 to 5 1 to 5 1 to 5 1 to 5 
Eichinger (2023)
Säuberli et al. (2024) - - - 1 to 5 -
Klöser et al. (2024) 1 to 3 - - - -
Stodden and 1 to 5 −2 to +2 −2 to +2 1 to 5 -
Kallmeyer (2022)
Stodden et al. (2023) 1 to 5 −2 to +2 −2 to +2 1 to 5 -

Table 5.6: Scale points per German human TS evaluation study. All scales are described as Likert-Scales 
except for the ones marked with †, for these each scale point is labeled content-wise. Last part 
shows own contribution. 

When grouping the German evaluation aspects per study to the previous categorization as-
pects (see Subsection 5.1.2), we again see various names for the same aspect (see Table 5.5) and 

different scale sizes (see Table 5.6). Regarding naming, e.g., meaning preservation is named 

as “content preservation”, “meaning adequacy”, “content similarity”, or simply “content”. Re-
garding scale size, e.g., Säuberli et al. (2020) evaluates on a scale with even scale points (from 0 

to 3), while the other studies all evaluate on a scale with 5 points. Following this, the scales do 

not always contain a neutral element (e.g., no, 0 or 3). However, similar to English scales (see 

Subsection 5.1.2), it is not specified how the neutral element should be interpreted. 
Furthermore, statements (or questions) per aspect are not consistently verbalized (see Ta-

ble 5.7). For example, the aspect of simplicity is once verbalized as the extent of simplification 

(see Schlippe and Eichinger 2023 in Table 5.7) and once in a dichotomous question whether the 

original text has been simplified (see Mallinson et al. 2020). Mallinson et al. (2020) also adds 

information gain as a restriction to the aspect of meaning preservation, whereas Schlippe and 

Eichinger (2023) does not explicitly address neither information gain nor information loss. 
In all TS study papers, only an English version of the verbalization is provided. It is not 

clear whether the statements have been translated into English to be better understandable by 

the research community or if the English version has also been shown to participants during 

the evaluation study. 
In summary of the previously named differences, each study measures the quality of the 

simplifications slightly differently, which makes the results incomparable (Štajner, 2018; Stajner, 
2021). 

When comparing the group of raters and the number of samples manually evaluated, more 

disagreement is found (see Table 5.8). In all studies, the annotators are German native speakers 

who might give reliable judgments for meaning preservation and grammaticality because they 
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Meaning Preserva-
tion 

Grammaticality Simplicity Simplicity
(simple) 

Fluency 

Mallinson et al. (2020) 

Säuberli et al. (2020)
Schlippe and 
Eichinger (2023) 

Säuberli et al. (2024) 

To what extent is the 
meaning expressed
in the original sen-
tence preserved in the 
output, with no ad-
ditional information 
added? 
n/a
How well does the 
simplified text repro-
duce the original text 
in terms of content? 
-

Is the output
grammatical and 
fluent? 

n/a
How correct is 
the simplified 
text in terms of 
grammar? 
-

Is the output a 
simpler version 
of the input? 

n/a
How well is the 
text simplified? 

-

-

-
How under-
standable is the 
simplified text? 

n/a 

-

-
How smoothly
does the simpli-
fied text read? 

-
Stodden and 
Kallmeyer (2022)∗ 

Stodden et al. (2023)∗ 

The simplified sen-
tence adequately 
expresses the mean-
ing of the original 
sentence, perhaps
omitting the least im-
portant information. 
The simplified sen-
tence adequately 
expresses the mean-
ing of the original 
sentence, perhaps
omitting the least im-
portant information. 

The simplified 
sentence is flu-
ent, there are 
no grammatical 
errors. 

The simplified 
sentence is flu-
ent, there are 
no grammatical 
errors. 

The simplified
sentence is easier 
to understand 
than the original 
sentence. 

The simplified
sentence is easier 
to understand 
than the original 
sentence. 

The simplified
sentence is easy
to understand. 

The simplified
sentence is easy
to understand. 

-

Table 5.7: Statements and questions per evaluation aspect and German human TS evaluation study. 
Studies marked with ∗ provide German (and English) statements. Last part shows own con-
tributions. 

know the German grammar and can understand both texts (i.e., the original and the simplified 

text) well. However, native German speakers without reading problems are mostly not part 
of the target group of the simplifications (except for expert-laypeople simplification); hence, 
even if they state that the sentences are better readable than before, it does not mean that the 

readability is also enhanced for non-native speakers (Štajner, 2018; Gooding et al., 2021) or 
other target groups. Following suggestions from Stajner (2021), the target group should be 

more involved in the process of evaluating text simplification, e.g., by extrinsic evaluation (see 

Subsection 5.1.1). 

n (total) n (per item) test set size 
Säuberli et al. (2020) 1 1 50 pairs per model 
Mallinson et al. (2020) 5 100 pairs per model & gold simplification 
Schlippe and Eichinger (2023) 105 n/a 5 pairs per model 
Säuberli et al. (2024) 36 n/a 12 pairs
Klöser et al. (2024) n/a n/a 135 pairs 

Stodden et al. (2023) 2 1 430 pairs per gold simplification 

Table 5.8: Number of participants and test set size per German human TS evaluation study. The partic-
ipants in all studies are German native speakers. Last part shows own contributions. 

5.3.1.2 MANUAL EVALUATION OF AUTOMATIC TEXT SIMPLIFICATION – EXTRINSIC 

The evaluation of Säuberli et al. (2024) stands out in comparison to the other evaluation stud-
ies, as they conducted an extrinsic evaluation on the outputs of the system. 18 participants of 
the target group, i.e., ”persons with intellectual disabilities”, and 18 participants of a control 
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group (i.e., native German speakers) read texts either in standard German, manually simpli-
fied German, or automatically simplified German. They asked the participants multiple-choice 

questions regarding the overall content and content details of the texts to verify if they under-
stood them correctly and to assess the texts’ difficulty on a rating scale. 

They also measured reading speed, the time to answer the questions, and scrolling inter-
actions. They found that the results from the target group are partially contradictory to the 

results of the control group, e.g., the target group self-assessed the automatically simplified 

texts as most simple, whereas the control group self-assessed them as most difficult. However, 
a comparison between the different evaluation approaches shows that this type of measure-
ment, i.e., difficulty rating, is the least accurate method for evaluating the results of the target 
group. Nonetheless, difficulty rating is the most frequently used measurement in other evalu-
ation studies. 

Following their results, the most reliable approach when evaluating with people with intel-
lectual disabilities is the accuracy of the answers regarding the comprehension questions; for 
the control group, the reading time measurement was most successful and all other methods 

were of nearly equal quality. Overall, these findings underline the importance of evaluating text 
simplification outputs by the target group and call again into question the reliability of current 
approaches regarding rating scale-based evaluation. 

Following upon this research, recently Carrer et al. (2024) suggest using a mixed-method 

design for evaluation of automatically generated texts, for example, combining results of scale-
based evaluation and behavioral data of reading or comprehension studies. Additionally, they 

propose another method, i.e., evaluation based on effects during post-editing of professional 
translators. 

5.3.2 GERMAN DATESET WITH HUMAN JUDGMENTS 

Unfortunately, only one dataset of the manual evaluation studies presented before is publicly 

available for further research purposes, i.e., the judgments used for evaluation in Säuberli et al. 
(2024). These data might be helpful for future research regarding a correlation analysis of auto-
matic metrics and the judgments or training (or fine-tuning) automatic metrics on these judg-
ments. 

In addition, some resources exist regarding the annotation of complexity levels of a given 

text, e.g., see Subsection 4.7.3. These resources could be used to rebuild the SLE (see Sub-
subsection 5.2.1.3) for the German TS evaluation. Furthermore, TextComplexityDE (see Sub-
section 4.2.6) contains human judgments on the complexity of manually simplified German 

sentences. A shared task has been conducted to automatically assess the complexity of these 

sentences (see Subsubsection 5.3.3.2). 

5.3.3 AUTOMATIC EVALUATION 

I have previously discussed previous work on manual evaluation of German TS including many 

challenges, e.g., missing best practices for German (see Subsection 5.3.1) as well as lack of pub-
licly available datasets with human judgments (see Subsection 5.3.2). Automatic metrics are 

usually dependent on manual evaluation, e.g., by correlation analysis of metrics and human 
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judgments to prove that the automatic metrics are reliable (to some extent). However, as no 

such data exist for German TS, the current approach for German automatic TS evaluation is to 

rely on metrics for English TS. The common metrics for English TS (e.g., SARI and BLEU) have 

been applied several times to German TS evaluation yet despite missing justification for their 
reliability. Indeed, some studies fully rely on automatic scores by neglecting the previously 

named criticism. 
To the best of my knowledge, prior to our work, in no German TS study have additional 

readability metrics or linguistic feature analysis been performed to obtain more insights into 

the quality of the generated simplification. In this section, I am now describing the automatic 

evaluation setup of German TS studies. 

5.3.3.1 TS EVALUATION STUDIES 

All German TS studies have evaluated their TS models with SARI and BLEU (see Table 5.9). 
Mallinson et al. (2020) additionally include more versions of BLEU, i.e., I-BLEU (see Subsub-
section 5.2.1.1) and FRE-BLEU. TS studies which tackle paragraph or document simplification 

also evaluate with ROUGE (see Rios et al. 2021, Trienes et al. 2022 and Anschütz et al. 2023). 
Only one study includes the BERTScore (see Ponce et al. 2024); although the BERTScore has 

recently been shown to be helpful for the evaluation of TS in the year 2021 (see Alva-Manchego 

et al. 2021), TS studies published after 2021 could already have included the BERTScore. 

SARI FRE-BLEU I-BLEU BLEU 
FRE or R-1 R-2 LIX 

R-L 
BERT- TS-eval Score 

Suter et al. (2016)
Niklaus et al. (2019a) ∗ 

Siegel et al. (2019) ∗ 

Mallinson et al. (2020)
Säuberli et al. (2020)
Rios et al. (2021)
Trienes et al. (2022)
Spring et al. (2021) & 
Ebling et al. (2022)
Anschütz et al. (2023)
Deilen et al. (2023) ∗ 

Ponce et al. (2024)
Ryan et al. (2023)
Schlippe and Eichinger
(2023)
Schomacker et al. 
(2023a)
Fruth et al. (2024)
Klöser et al. (2024)
Säuberli et al. (2024) ∗ 

x 
x 
x 
x 

x 

x 

x 
x 
x 

x 
x 

x x x 
x 
x 
x 

x 

x 

x 
x 

x 

x 

x 

x x 

x 

x 
x 

x 

x 

x 

x 

Stodden et al. (2023)
Stodden (2024b) 

x 
x 

x 
x 

x 
x 

x x 
x x 

Table 5.9: Automatic scores used per German TS study. R-1 = Rouge-1, R-2 = ROUGE-2, R-L = ROUGE-
L. Studies marked with ∗ have not been automatically evaluated. Last part shows own contri-
butions. 

Some German TS papers (i.e., Trienes et al. 2022, Ryan et al. 2023, and Ponce et al. 2024) 

describe that they have evaluated their systems using the implementation of the metrics in the 

EASSE framework, although it is mainly designed to evaluate English TS (see Subsection 5.2.4). 
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Anschütz et al. (2023) did not use EASSE as it does not include ROUGE. Therefore, they use the 

implementations of BLEU, SARI, and ROUGE provided in Huggingface (Wolf et al., 2020). In 

other papers, e.g., Spring et al. (2021) or Rios et al. (2021), it is not mentioned which implemen-
tation of SARI or BLEU has been used. This points up another issue of automatic evaluation: 
the scores of one study might not be comparable to other studies as they are measured with 

different implementations of the metrics. 

5.3.3.2 COMPLEXITY ASSESSMENT SHARED TASK 

The complexity or simplicity of German texts has been primarily analyzed with readability for-
mulas. However, in the research field of “text readability”, a few trainable approaches beyond 

readability formulas have been proposed for German readability assessment, e.g., the works of 
Weiss and Meurers (2022), Klepp (2022a), or Seiffe et al. (2022). Unfortunately, none of those 

approaches have yet been used in the scope of text simplification evaluation. 
In the same research direction, but with a greater focus on the simplification of German 

sentences, Mohtaj et al. (2022) have organized a shared task on the assessment of the complexity 

of German sentences. In more detail, participants have been asked to predict a mean opinion 

score, which is more or less the average complexity assessment of a German sentence rated by 

non-native German speakers. Hence, the task can also be described as predicting the subjective 

complexity of a sentence for a specific target group, here for non-native German speakers. 
However, in comparison to the previous metrics, the evaluated sentences are manually gen-

erated and not system-generated; hence, it is not clear whether the resulting models can also 

predict the complexity or simplicity of system outputs well. According to the results of Alva-
Manchego et al. (2021), the correlations between TS metrics and human judgments can highly 

vary with respect to the system-generations of varying TS models; Therefore, I assume that sim-
ilar or even stronger findings could be revealed when comparing automatically and manually 

simplified sentences. To the best of my knowledge, the results of these shared tasks have not yet 
been used to evaluate text simplification output, which might be due to the previously named 

limitations. 

5.4 SUMMARY & OUTLOOK 

In summary, in this section, I have presented and discussed current evaluation methods for text 
simplification including manual and automatic evaluation. I have shown that human evaluation 

can be conducted extrinsic (e.g., measuring the usefulness for the target group) or intrinsic (e.g., 
measuring the readability and meaning preservation). With automatic metrics, it is tried to 

cover the aspects of intrinsic evaluation regarding simplification quality (e.g., SARI, BERTScore, 
or FKGL) or measure all at once (e.g., LENS or BETS). 

In more detail, I can summarize from the state-of-the-art presented regarding human eval-
uation of German text simplification that the procedure varies in its design regarding i) the 

evaluation aspects, ii) design of the scale, iii) group of participants, iv) size of the test data, 
and v) availability of the ratings. Differences in the design of the evaluation study, especially 

different scales and annotator groups, make the results of the studies often unreliable and in-
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comparable (Stajner, 2021). Best practices on how to manually evaluate text simplification are 

highly demanded for German as well as for other languages. Due to missing best practices and 

its high costs with respect to time and effort, human evaluation is rarely conducted for German 

as well as English TS systems. 
An overview of the latest automatic metrics for TS is presented in Table 5.10. Overall, 8 of 

15 metrics are source-dependent (hence, 7 source-free), 6 reference-based (hence, 9 reference-
free), and 8 language-dependent. Currently, many metrics are used together to evaluate text 
simplification systems because they have all different advantages and disadvantages (as pre-
viously discussed), i.e., SARI, BERTScore, BLEU, and FRE. However, the metrics are criticized 

regarding i) being not suitable, e.g., BLEU or Flesch Reading Ease (Wubben et al., 2012; Xu et al., 
2016; Sulem et al., 2018a), ii) considering only syntactical simplification, e.g., SAMSA (Sulem 

et al., 2018b), or lexical simplification, e.g., SARI (Xu et al., 2016), or iii) having low correlation 

with human judgments (e.g., see Martin et al. 2018 or Xu et al. 2016). 

5.4.1 CHALLENGES 

For human and automatic evaluation of TS, I repeated or identified many challenges which also 

hold for evaluation of German TS. In the following, I concisely name the challenges and research 

gaps in the evaluation of German text simplification, i.e., varying scale design and scale interpre-
tation (see Subsubsection 5.4.1.1), insufficient manual evaluation (see Subsubsection 5.4.1.2), 
reliability of automatic metrics (see Subsubsection 5.4.1.3), interpretability of automatic met-
rics (see Subsubsection 5.4.1.4), different settings and scores (see Subsubsection 5.4.1.5), and 

availability of human judgments (see Subsubsection 5.4.1.6). 
These challenges also show again the relevance of finding answers to my research questions 

regarding robustness and reliability of evaluation (see RQ 5-1), their transferability to other 
languages than English (see RQ 5-2), and finding and improving the key aspects for manual 
and automatic evaluation (see RQ 5-3). 

5.4.1.1 SCALE DESIGN & SCALE INTERPRETATION OF MANUAL EVALUATION 

As mentioned above and also in previous work (e.g., see Stajner 2021), a unified approach for 
manual evaluation is required to make the results reliable and better comparable, as already 

mentioned in previous work (further called EVALUATION CHALLENGE A). For example, it is cur-
rently not clear which scale size is most suitable for extrinsic evaluation or if full scale descrip-
tions are more favorable than scale statements. In addition, no analysis has yet been conducted 

regarding the quality of human judgments and the quality of the scale of human judgments. In 

some papers, inter-annotator agreement is used to assess the consistency of the ratings of the 

participants, but less attention is paid to the evaluation criteria. As shown previously, several 
different terms and definitions are used to evaluate the same concept. For example, “mean-
ing preservation” is often also called “adequacy” or “content similarity”, but only sometimes 

does the concept also include measuring the information gain. However, the different con-
cepts can only be identified by a closer look at the terms or the questions used for evaluation. 
Additionally, in some studies, the terms are not further explained or defined. This makes it 
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Name Authors 

Meaning
Preserv. 

Aspects 

Gramma- Simpl. ticality 
Overall 
Simpl. 

Original-
dependent 

Reference-
dependent 

Language-
dependent 

BLEU 
iBLEU 
ROUGE 
BERTScore 
MeaningBERT 

Papineni et al. (2002)
Sun and Zhou (2012)
Lin (2004)
Zhang* et al. (2020)
Beauchemin et al. 
(2023) 

x 

x 
x 
x 

x 

x x x 

x 

x 

x 
x 
x 
x x 

Levenshtein 
distance 

Levenshtein (1966) x x 

FKGL & FRE Flesch (1948) x x 
FKBLEU Xu et al. (2016) x x x x 
SLE Cripwell et al. (2023c) x x x 
SAMSA Sulem et al. (2018b) x x 
SARI Xu et al. (2016) x x x x x x 
LENS 
BETS 

Maddela et al. (2023)
Zhao et al. (2023) 

x 
x 

x x 
x x 

x 
x 

x 
x 

Quality Esti-
mation Met-
rics 
REFeREE 

Martin et al. (2018) 

Huang and Kochmar 
(2024) 

x 

x x 

x x 

x 

x 

x 

x 

(a) Relevance of metrics per aspect. I marked a metric as relevant for an aspect, if ≥ 1 study supports it. 
Name Authors Acceptance Criticism 

BLEU 

iBLEU 

ROUGE 
BERTScore 

MeaningBERT 

Papineni et al. (2002) 

Sun and Zhou (2012) 

Lin (2004)
Zhang* et al. (2020) 

Beauchemin et al. 
(2023) 

Xu et al. (2016), Alva-Manchego et al. 
(2020a), Zhao et al. (2023)
Xu et al. (2016), Mallinson et al. (2020),
Zhao et al. (2023)
Beauchemin et al. (2023)
Alva-Manchego et al. (2021), Maddela 
et al. (2023), Beauchemin et al. (2023) 

Wubben et al. (2012), Sulem et al. 
(2018a), and Zhang et al. (2020b) 

Ganesan (2018)
Maddela et al. (2023), Zhao et al. (2023) 

Levenshtein 
distance 

Levenshtein (1966) Sulem et al. (2018a), Alva-Manchego 
et al. (2021)

FKGL & FRE 

FKBLEU 
SLE 
SAMSA 

SARI 

Flesch (1948) 

Xu et al. (2016)
Cripwell et al. (2023c)
Sulem et al. (2018b) 

Xu et al. (2016) 

Xu et al. (2016), Alva-Manchego et al. 
(2021), Maddela et al. (2023) 

Zhao et al. (2023) 

Zhang et al. (2020), Alva-Manchego et al. 
(2021)
Alva-Manchego et al. (2021), Maddela 
et al. (2023), Beauchemin et al. (2023),
Zhao et al. (2023) 

Zhao et al. (2023), Tanprasert and 
Kauchak (2021), Alva-Manchego et al. 
(2020b)
Alva-Manchego et al. (2020b) 

Alva-Manchego et al. (2021) 

Alva-Manchego et al. (2020b), Alva-
Manchego et al. (2021), Maddela et al. 
(2023), Zhao et al. (2023)

LENS 
BETS 

Maddela et al. (2023)
Zhao et al. (2023) 

-
-

-
-

Quality Esti-
mation Met-
rics 
REFeREE 

Martin et al. (2018) 

Huang and Kochmar 
(2024) 

-

-

-

-

(b) Acceptance and criticism per metric. 

Table 5.10: Summary of automatic metrics. The vertical lines separates the metrics by their aspects they
belong to most: 1) meaning preservation, 2) grammaticality, 3) simplicity, 4) overall sim-
plicity, 5) other. 
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very challenging, or even impossible, to comprehend which specific concept is employed for 
the evaluation. 

To reduce the vagueness of the manual evaluation procedure, many points should also be 

discussed in the TS community, for example, whether simplicity should either measure the ex-
tent of simplification (where the lowest valuable determines no-simplification and more com-
plex) or measure also the extent of making a sentence less simple (which is more complex). 
I cannot give any recommendations yet regarding which human evaluation procedure is most 
reliable or most promising, as further analysis of each aspect, statement, and scale length is 

required to make the evaluation solid. However, I can endorse including all relevant informa-
tion from the human studies (including, e.g., questions per aspect, number of annotators per 
sentence pair, or demographics of annotators) in the report and publish the human ratings in 

conjunction with the system outputs. Overall, this would be beneficial for the progress in eval-
uation research and facilitate more accurate interpretation and replication of the judgments. 

5.4.1.2 INSUFFICIENT MANUAL EVALUATION (INTRINSIC VS. EXTRINSIC) 

As previously mentioned, the current manual evaluation aspects might not be sufficient to ade-
quately evaluate sentence and document simplification (Alva-Manchego et al., 2020b) (further 
called EVALUATION CHALLENGE B). To better evaluate document simplification, a few studies rely 

on extrinsic rather than intrinsic evaluation. However, this approach is even more costly, so 

it is likely that extrinsic evaluation will remain rare in the future. To reduce the workload for 
researchers when building comprehension tests, Säuberli and Clematide (2024) have recently 

proposed a method to automatically generate items for these tests. Future will tell if this ap-
proach facilitates extrinsic evaluation or if still more work is required in this direction. Further-
more, a better and more extensive evaluation protocol is required for intrinsic evaluation, e.g., 
sub-aspects of grammaticality or simplicity. As proposed by Cumbicus-Pineda et al. (2021), the 

sub-aspects could be combined in an extensive evaluation checklist for TS. 
In addition, manual annotation of system-generated errors during the simplification or clas-

sification of correctly performed simplification operations, e.g., see (Yamaguchi et al., 2023), 
could be beneficial to better interpret black-box TS models. These two approaches could be 

valuable to get more and better insights regarding the quality of system-generated simplifica-
tions besides simple scores such as SARI, BLEU, or BERTScore. Unfortunately, no annotation 

schema of simplification operations and simplification errors in German TS has existed before 

our work. 

5.4.1.3 RELIABILITY OF AUTOMATIC METRICS 

As a consequence of non-sufficient manual evaluation, automatic metrics might also not be 

reliable, as their quality is always evaluated against the human judgments (further called EVAL-
UATION CHALLENGE C). I have previously outlined that automatic metrics have frequently been 

criticized regarding their quality for English TS evaluation (see Sulem et al. 2018a, Tanprasert 
and Kauchak 2021, or Alva-Manchego et al. 2021). Although the scores are criticized and were 

only evaluated against human annotations of English annotations (which correlations are not 
yet reproduced or repeated in other languages), these metrics are still the most commonly used 
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metrics to estimate the quality of TS models in any language including German. For evaluation 

of German TS models, these metrics are not yet evaluated and might be of even less quality than 

for English. 
In conclusion, automatic evaluation especially helps in the development phase of text sim-

plification systems, as it facilitates researchers to quickly assess which settings of their TS model 
(e.g., comparison of fine-tuned models, comparison of hyperparameters, or hand-crafted rules) 

are most or least successful. Nonetheless, in the test phase, it is recommended to perform a 

manual evaluation with the target group (Alva-Manchego et al., 2020b). Reasons for this are 

that automatic metrics indeed offer efficient evaluation, but manual evaluation is essential to 

capture nuanced aspects of text quality and comprehensibility. Furthermore, manual evalua-
tion can consider various dimensions of simplification quality at the same time that might be 

challenging for automated methods yet. 

5.4.1.4 INTERPRETABILITY OF AUTOMATIC METRICS 

In addition to being not reliable or suitable, the automatic metrics for TS are also not inter-
pretable (Alva-Manchego et al., 2021) (further called EVALUATION CHALLENGE D). Following 

Alva-Manchego et al. (2021), a high SARI does not always refer to a good simplification: the 

score might be influenced by other text edits than simplification. Therefore, more information 

about the simplification operations performed (Vásquez-Rodríguez et al., 2021; Cardon et al., 
2022), the change in linguistic characteristics (Martin et al., 2018), or the errors that occurred in 

the generation of the system might be helpful to increase the interpretability of the metrics and 

the systems’ quality (Devaraj et al., 2022; Yamaguchi et al., 2023). However, prior to our work, 
these approaches have not been transferred or applied to German TS. 

Although these metrics and scores may be difficult to interpret, automatic scores can be less 

biased than human judgments (Alva-Manchego et al., 2020b). Simple algorithm-based auto-
matic evaluation metrics (such as readability scores or n-gram-based metrics) can also provide 

quantifiable measures that help reduce human subjectivity from the assessment process (Alva-
Manchego et al., 2020b). However, some automatic metrics (such as trainable metrics on large 

language models) are less transparent and do not allow inference on the decisions, e.g., expla-
nations of why a score is higher or lower. 

5.4.1.5 VARYING SETTINGS AND SCORES 

Even if TS evaluation metrics would be reliable and interpretable, another challenge would re-
main (further called EVALUATION CHALLENGE E): the settings of the metrics would have only 

been optimized for English TS. It is not clear whether the same settings of a metric are suitable 

for English as well as for German, e.g., does tokenization or case-sensitivity have an effect on 

the metrics? Furthermore, in current studies, different implementations of the same metric are 

used (e.g., for ROUGE or SARI). The EASSE evaluation framework has unified the evaluation 

of English TS models and so nearly solved the problem for English TS, but the problems still ex-
ist for other languages, because EASSE only supports, for example, English readability scores 

or English linguistic feature analysis. An adaptation of EASSE to other languages would fa-
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cilitate the evaluation of TS and make it more comparable. Prior to our work, something like 

transferable evaluation frameworks to other languages than English has not been available. 

5.4.1.6 AVAILABILITY & NUMBER OF REFERENCES 

Another challenge of TS evaluation is the lack of available human judgments (further called 

EVALUATION CHALLENGE F). To the best of my knowledge, no human judgments (e.g., regarding 

meaning preservation or simplicity) on complex-simple pairs are available yet. Human judg-
ments on German TS data could help verify the quality of current automatic metrics for German 

TS or could be used to build new metrics for German TS. 
Another problem of automatic evaluation for German compared to English is that most test 

sets contain only one gold reference (further called EVALUATION CHALLENGE F). Current TS met-
rics, e.g., SARI, are designed to be evaluated using multiple references; hence, the quality of 
SARI for German TS might be even lower than for English TS due to the lack of additional ref-
erences. 

5.4.2 OUTLOOK 

The current chapter contains a summary of the state-of-the-art on how to evaluate text simpli-
fication models as well as discussion on its challenges. 

In the next chapter, Chapter 6, I introduce models and approaches which have been used 

for German text simplification. I will discuss TS models with respect to the size of their training 

data, as well as the target groups and domains on which they are trained and evaluated (see 

Chapter 4). In order to interpret the capabilities of the TS models, I will refer to the manual and 

automatic evaluation methods introduced in this chapter. 
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Chapter 6 
German Text Simplification Models 

In previous chapters, I have introduced corpora and evaluation methods for (German) text 
simplification. Building on this, in this chapter, I will describe the last missing component in 

the academic text simplification workflow, i.e., approaches towards automatically simplifying 

(German) complex texts (see step G in Figure 2.1 in Subsection 2.2.2). I will first start with 

a short timeline regarding the development of English TS models in the last years (see Sec-
tion 6.1). Then, I will focus on German text simplification models or multi-lingual TS models 

which include German texts either in training or evaluation .1 Most of the approaches presented 

are either rule-based or neural sequence-to-sequence models. Therefore, I split the last category 

more fine-grained as follows. The lines of research regarding German TS models can be split 
into: 

(i) rule-based models, e.g., rule-based model by Suter et al. (2016), DISSIM (Niklaus et al., 
2019a), and HDA-ETR (Siegel et al., 2019) (see Section 6.2), 

(ii) training sequence-to-sequence models, e.g., sockeye-APA-LHA (Spring et al., 2021) and 

other sockeye variants (Ebling et al., 2022) (see Section 6.3), 

(iii) fine-tuning pre-trained sequence-to-sequence models, e.g., mT5-MULTISIM (Ryan et al., 
2023) (see Section 6.4), 

(iv) prompting with zero-shot and few-shot learning, e.g., ZEST (Mallinson et al., 2020), 
BLOOM in Ryan et al. (2023) or Ponce et al. (2024), or ChatGPT in Deilen et al. (2023) 

(see Section 6.5), 

(v) combining auto-regressive language models and sequence-to-sequence models, e.g., 
custom-decoder-ats (Anschütz et al., 2023) (see Section 6.6), and 

(vi) proprietary TS models (see Section 6.7). 

In the following, I will briefly summarize and discuss the capabilities of text simplification 

systems, with a particular focus on the strategies and approaches applied to these systems. 

1 Due to the fast pace of development of new model architectures or new pre-trained models, I am 
aware that this overview might not be up-to-date for a long time (especially in comparison to the 
existing evaluation methods and simplification corpora), but I hope that it can be a good starting 
point for new researchers in the field of German text simplification. 
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The models will be grouped according to their strategy or approach, with the oldest models 

appearing first and the newest models appearing last. In contrast to the grouping approach 

taken in Chapter X, where corpora were sorted according to their domains, the grouping in 

this section allows for a more straightforward comparison of models using the approach. This 

is because it is often challenging to make meaningful comparisons between models that have 

been evaluated on different test sets, even if their texts are from the same domain. Therefore, 
I will discuss the differences of the models per approach, rather than the results per domain. 
However, where possible, I will refer to similar models that have been tested on the same test 
set. 

6.1 CHRONICLE OF ENGLISH TS MODELS 

Early approaches of automatic text simplification have relied on hand-crafted rules to automat-
ically simplify texts. For example, Carroll et al. (1998) proposed a TS model for English which 

first syntactically and then lexically simplifies a sentence following hand-crafted rules. For only 

structural simplification, Chandrasekar and Srinivas (1997) proposed rules to split appositions, 
relative, or subordinating clauses of nested sentences into separate sentences. The rule-based 

TS model of Siddharthan (2011) includes additionally the rules according to coordination and 

passive constructions. 
In the next era of text simplification models, data-driven approaches have been the most 

prominent choice. In data-driven approaches, a model learns how to automatically simplify a 

text directly from complex-simple pairs. In contrast to the previous approaches, for this line 

of research parallel text simplification corpora are required. Following Alva-Manchego et al. 
(2020b), these approaches are statistical machine translation models (e.g., see Zhu et al. 2010 

or Wubben et al. 2012), models with induction of synchronous grammars (e.g., see Feblowitz 

and Kauchak 2013 or Paetzold and Specia 2013), semantics-assisted models (e.g., see Narayan 

and Gardent 2016 or Štajner and Glavaš 2017), and neural sequence-to-sequence models (e.g., 
see Nisioi et al. 2017, Zhang and Lapata 2017, or Martin et al. 2020). 

Some of the neural sequence-to-sequence models distinguish from the others because they 

are unsupervised (e.g., see Surya et al. 2019 or Martin et al. 2022) or use a sequence labeling 

approach (e.g., see Alva-Manchego et al. 2017, Dong et al. 2019 or Omelianchuk et al. 2021). In 

sequence labeling approaches, words or sequences are first labeled with, e.g., REPLACE, MOVE or 
KEEP, and then the named task is applied so that the simplification transactions are known and 

the result is easier to interpret (Alva-Manchego et al., 2017). 
Most recent trends in neural text simplification are, on the one hand, to design models which 

are controllable so that the simplification can be adapted to the user’s need (e.g., see Bingel et al. 
2018, Nishihara et al. 2019, or Yanamoto et al. 2022). On the other hand, large language models 

are tested on how much they have learned about simplification during pre-training by few-shot 
learning (e.g., see Section 6.5) or prompting (e.g., see Ryan et al. 2023). 

For a more extensive overview of text simplification models (including English, German, 
and other languages), I refer to Alva-Manchego et al. (2020b), Al-Thanyyan and Azmi (2021), 
or Espinosa-Zaragoza et al. (2023). 
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6.2 RULE-BASED MODELS 

In order to build TS models with much control, including much expert knowledge and a high 

level of interpretability, rule-based models are a good choice (Liu et al., 2017). For this TS 

approach, experts write hand-crafted rules that can be used to automatically adapt a complex 

text to make it more readable. The engineering approach in this line of research focuses on 

finding the best rules or features to generate the best simplifications (Liu et al., 2023). 
In this section, I will present three rule-based approaches for German TS, i.e., the rule-based 

model by Suter et al. (2016) (see Subsection 6.2.1), HDA-ETR by Siegel et al. (2019) (see Sub-
section 6.2.2), and DISSIM by Niklaus et al. (2019a) (see Subsection 6.2.3). 

6.2.1 RULE-BASED MODEL BY SUTER ET AL. (2016) 

To the best of my knowledge, the first German text simplification system was proposed by Suter 
et al. (2016). In their approach, they try to transfer the German Easy Language guidelines by 

Maaß (2015b) into an automatic rule-based simplification system. Their rules address the lev-
els of characters & words (e.g., visually splitting compound nouns or replacing special charac-
ters and digits), sentences (e.g., cutting off (semi-)colon constructions or splitting subordinate 

clauses), and text & layout (e.g., adding word explanations from Hurraki2). 
They evaluated their system with one short news article by calculating a readability score 

(i.e., LIX score Björnsson 1968; Heimann Mühlenbock 2013) on the original and simplified doc-
ument. Indeed, their model could reduce the LIX score (from “difficult” to “fairly difficult”) 

and, hence, enhance the readability to some extent. Additionally, they manually inspected the 

simplified data for errors and found that complex terms could have been simplified further, but 
are better readable due to visual segmentation. 

Unfortunately, the implementation of the rules is not available, and the descriptions of the 

rules are not detailed enough to reproduce the model. 

6.2.2 HDA-ETR 

Similar to Suter et al. (2016), Siegel et al. (2019) also implements some rules of German Easy 

Language. They include their rules in LanguageTool3, a rewriting tool that assists in giving rec-
ommendations on how to correct or improve a given input text. The tool of Siegel et al. (2019), 
named HDA-ETR, extracts passages in the text that do not conform to the Leichte Sprache guide-
lines and explains the reasons, e.g., if the text includes genitive, passive voice, numbers in words, 
abbreviations, conjunctive, indirect voice, long words, or special characters. Due to the com-
plexity of some tasks, they only provide automatic rewriting of the difficult text segments re-
garding lexical substitution and compound splitting. However, their rules are applicable to 

simplify documents as well as sentences. Their code is available online4. But, unfortunately, 

2 https://hurraki.de/ [last access: July 24, 2024] 

3 https://languagetool.org/ [last access: July 24, 2024] 

4 https://github.com/hdaSprachtechnologie/easy-to-understand_language [last update:
March 16, 2022; last access: July 24, 2024] 

https://hurraki.de/
https://languagetool.org/
https://github.com/hdaSprachtechnologie/easy-to-understand_language
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the original paper does not include an evaluation or error analysis. Prior to our work, it has 

also not been used or evaluated in other related work. 

6.2.3 DISSIM 

Moreover, Niklaus et al. (2019a) propose a framework for discourse-aware simplification by 

splitting sentences into smaller ones (called DISSIM). The sentences are recursively split by ap-
plying hand-crafted grammar rules to the original text. The paper describes that the framework 

can be applied in English as well as in German; however, it is not clear which of the proposed 

rules are suitable for German. DISSIM was applied in a few articles on text simplification (see 

Niklaus et al. 2019c, or Niklaus et al. 2023), but unfortunately, the results are only reported on 

English text simplification datasets. Hence, I cannot include more insights regarding DISSIM’s 

capabilities on German TS. 

6.3 TRAINING SEQUENCE-TO-SEQUENCE MODELS – SOCKEYE 

However, rule-based models require a lot of effort, time, and expert knowledge of the sim-
plification process to create good simplification rules. In comparison, data-driven models can 

directly and simultaneously learn multiple simplification operations from parallel data without 
relying on explicitly defined rules (Alva-Manchego et al., 2020b). Common neural data-driven 

TS models rely on an attention-based encoder-decoder architecture (Bahdanau et al., 2015) or 
its advancement, i.e., a transformer architecture (Vaswani et al., 2017). 

Encoder-decoder models are also called sequence-to-sequence models (Jurafsky and Mar-
tin, 2024c), they can generate a text based on input texts where both texts can have a different 
length. Simply put, in the encoder the input sequence (or here the source text) is projected into a 

continuous and contextualized vector representation. This representation is passed to a decoder 
which then generates the output sequence (or here the target text) (Jurafsky and Martin, 2024c). 
The transformer architecture (Vaswani et al., 2017) stands out from other encoder-decoder ar-
chitectures due to its self-attention mechanism, which enables capturing long-range dependen-
cies more efficiently, facilitating parallel processing of input tokens, and allowing the model 
to learn contextual relationships within the sequence without recurrent connections (Jurafsky 

and Martin, 2024a). This design has significantly improved the performance and scalability of 
NLP tasks compared to traditional recurrent neural network-based architectures. 

In order to learn a new task, such as text simplification, on the one hand, a sequence-to-
sequence model can be trained from scratch with parallel (or labeled) data such as complex-
simple pairs. On the other hand, a model can be first pre-trained on massive unlabeled text 
data and, afterwards, fine-tuned on a specific task such as text simplification. In this chapter, I 
will concentrate on the first approach while the next section (see Section 6.4) continues with the 

latter approach. Training from scratch requires many training samples, but it enables control 
over which data has been seen during training, e.g., controlling the vocabulary or controlling 

which bias the model might contain. These kinds of TS model approaches include techniques 

wrt. finding the best model architecture, its best hyper-parameters (Liu et al., 2023), and a high-
quality and huge parallel training dataset to generate the best simplifications. 
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An example of a Python toolkit that facilitates the training and building of one’s own 

sequence-to-sequence models is the open-source framework called Sockeye (Hieber et al., 
2018; Domhan et al., 2020; Hieber et al., 2022). It is especially designed for training machine 

translation models, and the latest versions also include transformer architectures (Domhan 

et al., 2020; Hieber et al., 2022). 
In recent years, researchers from the computational linguistic department of the Univer-

sity of Zurich have published text simplification models trained with Sockeye, e.g., Sockeye-
Benchmarking by Säuberli et al. (2020) (see Subsection 6.3.1) and Sockeye-APA-LHA by Spring 

et al. (2021) (see Subsection 6.3.2). Ebling et al. (2022) summarizes their work by reporting 

the results of their best performing model on German sentence simplification, i.e., training a 

sequence-to-sequence model with a transformer architecture (Vaswani et al., 2017) using the 

Sockeye framework (Domhan et al., 2020). 

6.3.1 SOCKEYE-BENCHMARKING 

Säuberli et al. (2020) experimented with the German News Corpus (see Subsection 4.3.3; 
target group: German language learners), and Sockeye 1 (Hieber et al., 2018). Säuberli et al. 
report results of their base Sockeye architecture as well as additional experiments with, e.g., 
smaller batch sizes (Batch1K) or extension with linguistic features (BASE+LingFeat). They 

also experimented with data augmentation strategies, i.e., adding non-parallel simplifica-
tions (NULL2TRG), adding identical pairs with the simplifications on both sides of the pair 
(TRG2TRG), and adding pairs including back-and-forth translated simplifications and original 
simplifications (BT2TRG). 

Compared to their base sentence simplification model, adding more sentence pairs de-
creases their SARI and BLEU scores, except for the TRG2TRG approach, which is their overall 
best performing system. As far as I know, these are the only experiments with augmented data 

for German text simplification, where the data are augmented from the original corpus and 

without additional resources (e.g., as in Anschütz et al. 2023). Unfortunately, the experiments 

cannot be reproduced as neither the corpus, the models, the code, nor enough details regarding 

building the models are available. Hence, I cannot give more information regarding this model. 

6.3.2 SOCKEYE-APA-LHA 

Spring et al. (2021) decided on a model with 5 layers, 4 attention heads, and 512 hidden units.5 

They have trained their model on the parallel APA-LHA news corpus (see Subsection 4.3.4; 
target group: German language learners) and the parallel capito corpus (see Subsection 4.1.6; 
target group: German language learners) with different target language levels, i.e., A1, A2, and 

B1. For their baseline model, they have trained the model on all language levels at once, but for 
their best performing model, they add the language level of the target sentence as an indication 

tag to the source sentence. Additionally, they conducted experiments on pre-training the model 
on translation from German to English and English to German, or experiments on adding a 

copy-label to the source if the simplified sentence is identical to the source. 

5 For more details on the hyper-parameters I refer to Spring et al. (2021). 
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Spring et al. have evaluated their models with the automatic evaluation metrics SARI and 

BLEU on the APA-LHA corpus and the capito corpus. Furthermore, they have analyzed how 

often their models perform no simplification, i.e., when the model has just copied the source 

text without any changes. Their baseline model could not be significantly improved with their 
data augmentation strategies. Spring et al. (2021) have identified the copying behaviors of their 
models as their major challenge (minimum 70% of copying in all their approaches). However, 
adding the copy-label has slightly reduced the number of system outputs without any changes 

(e.g., for CEFR level A2: from 79.73% to 70.59%). 
Looking more closely at the capabilities of the models regarding simplification strength: 

The model trained on APA-LHA achieves higher SARI and BLEU scores when simplifying into 

CEFR level A2 than B1. Hence, the model seems to be more capable of stronger simplifications. 
In contrast, the models trained on the capito corpus achieve higher scores on CEFR level B1. 
Further investigation is required to find reasons for this contrary behavior, e.g., different data 

quality or unreliable evaluation metrics. 
As mentioned above, the same architecture and framework of the model, but in a different 

version, with less data, and with presumably different hyperparameters, was used to build the 

German TS benchmark of Säuberli et al. (2020) (see Subsection 6.3.1). The extension of the 

corpus (in training and test set) or changing the Sockeye settings, has improved the SARI and 

BLEU scores (comparing BASE+LingFeat of Säuberli et al. 2020 and Sockeye-APA-LHA (also 

called APA-multi) by Spring et al. 2021). 
In conclusion, I assume that Sockeye-APA-LHA have still much room for improvement. 

When increasing the number of samples (i.e., roughly 10, 000 sentence pairs) or the quality of 
the samples (many misalignments) the results and the quality of training a model from scratch 

with the Sockeye framework could get better. I assume that the model might not learn well how 

to simplify on the too small corpus with too many misalignments. As the model checkpoints 

nor the system outputs are available, a reproduction of Sockeye-APA-LHA6 (using the code 

provided by the authors) is necessary to fully understand the strengths and weaknesses of this 

model. Evaluating the reproduced model on other datasets or evaluating other TS models on 

the APA-LHA data could also give more insights regarding the capability of Sockeye-APA-LHA. 
To the best of my knowledge, neither the code nor the data has been used in related work prior 
to our work. 

6.4 FINE-TUNING SEQUENCE-TO-SEQUENCE MODELS 

As previously discussed, training from scratch requires much labeled data and (depending on 

the model architecture and training data size) also high computational resources and much 

time. Hence, this approach may not be well suited for some text simplification purposes with 

low resources such as simplification of medical or narrative German texts. In addition, an 

advantage as well as a disadvantage of training language models for text simplification from 

scratch is that they are limited to the data seen during training. On the one hand, the model 
might perform very well on the test set of the corpus it has been trained on. But, on the other 

6 A reproduction of Sockeye-capito is not possible as the capito is not publicly available. 
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hand, it might be overfitting to this corpus and might underperform on other data even if from 

the same domain. Hence, depending on the size and balance of the training data, it is expected 

that the model will have challenges when simplifying texts from different domains, unseen 

topics, or unseen simplification operations. 
Nevertheless, transfer learning can assist in overcoming these challenges. Transfer learning 

is a technique used in NLP to first acquire knowledge by pre-training a language model on 

massive (unlabeled) data. Then this knowledge will be transferred to a downstream task when 

fine-tuning the pre-trained model with new task-specific data (Raffel et al., 2020; Jurafsky and 

Martin, 2024b). The intuition of this approach is that during the pre-training phase, the model 
learns, e.g., representations of word meanings and of text structure, which enables the model to 

more easily adapt to the requirements of another downstream NLP task (Jurafsky and Martin, 
2024b) or the same task in another language. Following the transfer learning objective, these 

pre-trained models require fewer additional training samples to build a good NLP system than 

when training a model from scratch (Howard and Ruder, 2018; Clark et al., 2018), e.g., depend-
ing on the task, a few thousand versus at least ten thousand. 

This approach is especially helpful for tasks with low resources such as parallel corpora 

for German text simplification for specific purposes, such as expert-laypeople simplification. 
Following this approach, the main engineering part of the models is to find the best pre-trained 

model, the best hyperparameter, and high-quality training data with a sufficient number of 
samples. 

In the following, I will describe German TS models that are based on fine-tuning of two 

pre-trained models, i.e., mBART (see Subsection 6.4.1) and mT5 (see Subsection 6.4.2). 

6.4.1 MBART 

mBART is a sequence-to-sequence model which is pre-trained on data of either 25 (Liu et al., 
2020), i.e., mbart-large-cc257, or 50 languages (Tang et al., 2021), i.e., mbart-large-508, where 

both models include German. It extends the transformer-based neural network model called 

BART (Bidirectional and Auto-Regressive Transformers) (Lewis et al., 2020) for multi-lingual 
text. In addition, mBART is the first multi-lingual encoder-decoder model that has been pre-
trained on multi-lingual documents by reconstructing masked tokens in them (also called de-
noising) (Liu et al., 2020). 

mBART has been developed primarily for sentence and document machine translation (Liu 

et al., 2020), and therefore it is suitable for short and long text pairs (maximum input and output 
length of 1024 tokens). In order to specify the language of the source and the target text, a special 
language ID token is added to both. Given that text simplification is an intra-lingual translation 

task, mBART appears to be also suitable for text simplification. 
For German TS, mBART has been utilized in a few studies, i.e., mBART-20min & mBART-

APA+capito (see Subsubsection 6.4.1.1), mBART-SimplePatho (see Subsubsection 6.4.1.2), 
mBART-GNATS (see Subsubsection 6.4.1.3), and mBART-capito (see Subsubsection 6.4.1.4). In 

7 https://github.com/facebookresearch/fairseq/tree/main/examples/mbart [last update: Jan-
uary 28, 2021; last access: July 24, 2024] 

8 https://huggingface.co/facebook/mbart-large-50 [last update: March 28, 2024; last access: 
July 24, 2024] 

https://github.com/facebookresearch/fairseq/tree/main/examples/mbart
https://huggingface.co/facebook/mbart-large-50
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all studies, the fine-tuning approach of mBART has been slightly changed, e.g., broadening the 

input and output length or previously adapting the domain, as well as they have been trained 

and evaluated on completely different data, e.g., documents vs. paragraphs vs. sentences, 
and news vs. medical vs. narrative vs. web texts. Hence, it is not possible to make a detailed 

comparison regarding the capabilities of these TS models, e.g., wrt. model settings, domains, or 
simplification strength. But, combining the findings of all German mBART models, fine-tuning 

mBART seems to be appropriate for document, paragraph, and sentence simplification on 

various domains. 

6.4.1.1 MBART-20MIN & MBART-APA+CAPITO 

Rios et al. (2021) are the first who have used mBART (Liu et al., 2020) for German document 
simplification. The main improvements of their approach compared to the standard mBART 

are to maximize the input length (to 4, 096), reduce the vocabulary to the 20, 000 most frequent 
German tokens, and add a special language tag to specify the target language level (de_A1, 
de_A2, or de_B1). Another adaptation of their mBART approach is the required resources; 
while mBART is very resource-intensive, the small mBART also works on smaller GPUs by 

making use of the Longformer attention mechanism (Beltagy et al., 2020). For both models, 
similar to Spring et al. (2021), they use a language tag to specify the language level of the source 

and target documents. 
Rios et al. have trained both model versions on two datasets, i.e., 20min (see Subsection 4.3.6; 

domain: news texts; target group: n/a) and APA+capito (see Subsection 4.3.4; domain: news 

and web texts; target group: German language learners). Interestingly, the small mBART model 
can outperform the general mBART model on all language-level test sets of the APA+capito 

corpus when evaluating with ROUGE-L, SARI, and BLEU. In addition, the small mBART model 
also performs very similarly to the general mBART model on the 20Minuten corpus. 

The small mBART-20min model has been already used as a reference TS model in at least 
one other German TS study, i.e., Anschütz et al. (2023) (see Subsection 6.6.1). In comparison, 
small mBART achieves a better ROUGE but lower SARI score (ROUGE-L: 19.96; SARI: 33.29) 

than the other model (ROUGE-L: 17.93; SARI: 42.74). However, small mBART has been trained 

on ten times more parameters than the other model. 

6.4.1.2 MBART-SIMPLEPATHO 

Trienes et al. (2022) has adapted the approach and the implementation of Rios et al. (2021) for 
the simplification of clinical notes Compared to previous approaches, Trienes et al. propose 

to simplify neither documents nor sentences, but paragraphs for their specific simplification 

purpose and domain, i.e., expert-laypeople simplification of medical texts (see Subsection 4.4.3; 
target group: laypeople). Similarly to Rios et al. (2021), they also add a language tag to the 

source and target texts for their mBART model. 
For comparison purposes, they report results on the identity baseline, a BERT2BERT model, 

and a BERT2Share model. For the last two models, they applied BERT (Devlin et al., 2019) as 

the encoder and decoder of the model, but only in the last one, the encoder and decoder share 

the weights. Because no comparable model or dataset has previously existed for the simplifica-
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tion of German medical texts, they have built their own evaluation protocol by evaluating only 

on their own corpus with ROUGE-1, ROUGE-2, ROUGE-L, BLEU, and SARI. With regard to all 
their reported metrics, their mBART model performed better than the BERT models. Unfortu-
nately, due to copyright issues, they were not yet allowed to share their dataset or their model 
checkpoints. 

6.4.1.3 MBART-GNATS 

The Longformer mBART approach of Rios et al. (2021) has also been transferred to the simpli-
fication of narrative documents. Schomacker et al. (2023a) propose a document simplification 

model, called mBART-GNATS, following the approach of Rios et al. (2021), but without vocab-
ulary reduction. However, they have changed their approach by first fine-tuning mBART on 

60 narrative texts to adapt the domain of the model, and then fine-tuned on 28 complex-simple 

narrative document pairs (see Section 4.6; target group: mixed).9 

They found that, overall, mBART performs best without domain adaptation and fine-tuning 

wrt. BERTScore-F1, ROUGE-L, and BLEU. In their experiments, they achieved the best results 

with fine-tuning on domain-specific data for just 1 epoch. However, this fine-tuning step has 

not shown a significant improvement in comparison to omitting the domain adaptation step. 
Fine-tuning on the non-parallel texts for more than 1 epoch has even worsened the result. Fol-
lowing Schomacker et al. (2023a), on the one hand, these effects might be due to catastrophic 

forgetting of the model. On the other hand, the tasks the model has been pre-trained on (inter-
language translation) and the tasks the model has been fine-tuned on might be too different 
(intra-language translation). 

6.4.1.4 MBART-CAPITO 

Recently, mBART has also been used to build a TS system for simplifying complex German 

documents into texts for non-native speakers (CEFR level: A2) (Säuberli et al., 2024). They 

also followed the method of Rios et al. (2021) and fine-tuned and evaluated mBART on a part 
of the capito corpus (see Subsection 4.1.6; domain: web texts; target group: German language 

learners)10. 
However, the objective of their study is not to evaluate the quality of their model, but to 

compare different manual evaluation approaches with each other using the generated simplifi-
cations of the mBART model. Hence, they do not evaluate their mBART with automatic metrics 

such as SARI or BLEU, but manually evaluate it with extrinsic approaches (e.g., comprehension 

tests) and intrinsic approaches (e.g., self-assessment regarding complexity and comprehensi-
bility). They compared the behavior of two groups, i.e., people with intellectual disabilities 

(target group of German Easy Language) and a control group with student participants, on 

manually and automatically simplified texts. 

9 The code for fine-tuning and domain adaptation is available, but the model checkpoints are not. 
10 It remains unclear to which extent the following corpora overlap: the capito corpus used here, the 

capito+APA corpus used by Rios et al. (2021), and the APA-LHA corpus used by Spring et al. (2021).
Therefore, the results of their TS approaches can only be compared to each other with caution. The
checkpoints of their model or code for reproduction are not available 
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Following the results of Säuberli et al., the target group of people with intellectual disabili-
ties can read the automatically simplified texts as fast as manually simplified texts and perceive 

the automatically generated simplification as more simple than the original or manually simpli-
fied texts. In contrast, they could not significantly answer comprehension questions regarding 

the content better for the automatically simplified texts than for the original texts. Following 

this, the document simplification of mBART is not simple enough for the target group. More 

investigation is required to identify the reasons for this, e.g., if the texts still contain too many 

complex words or too complex structures. 

6.4.2 MT5 

mT5 (Xue et al., 2021) is another multi-lingual pre-trained encoder-decoder model, which is 

the extension of the only-English T5 model (“Text-to-Text Transfer Transformer”) (Raffel et al., 
2020). In contrast to BART, T5 is not limited to only sequence-to-sequence NLP tasks (e.g., 
machine translation or summarization). Additionally, T5 is capable of other tasks which can 

be cast into a text-to-text format, e.g., text classification (e.g., sentiment analysis) or sequence 

labeling (e.g., named entity recognition). This has the advantage that the model has been pre-
trained on a combination of all these tasks by using the same data format, and, hence, the same 

model is capable of approaching many NLP tasks. Further, to tackle a new downstream task, 
it is sufficient to fine-tune the T5 model with only a few examples or use it for zero-shot exper-
iments since it is intended that T5 can transfer the knowledge of related tasks to new tasks. A 

new task can be added via fine-tuning with task-specific data and an instructive prefix (e.g., 
“summarize”, “translate to xy”). 

However, T5 is limited to English only as it has been pre-trained on only English data. In 

order to extend T5 to multiple languages, I describe two approaches: mT5 by Xue et al. (2021) 

and flan-T5 by Chung et al. (2024). For mT5, Xue et al. (2021) have slightly adapted the training 

process of T5 and trained the model with the unlabeled multi-lingual dataset mC4 including 

101 languages (also German). Unfortunately, the available version of mT511 is not trained on 

any text-to-text task and yet requires fine-tuning on relevant tasks before applying for down-
stream tasks. For flan-T5, Chung et al. (2024) have followed the pre-training approach of T5, but 
have changed the training data: flan-T5 is trained on 60 languages and on overall 1,836 tasks. 
In contrast to mT5, the available checkpoints for flan-T512 are pre-trained on many tasks and, 
therefore, can directly be used on new downstream tasks without additional fine-tuning. 

Text simplification is neither part of the pre-trained tasks of mT5 nor flan-T5, but it can 

be easily added by applying a new task prefix and task-specific data during fine-tuning. This 

has been done previously for German TS by Ryan et al. (2023) (mT5-MultiSim; see Subsubsec-
tion 6.4.2.1) and Schlippe and Eichinger (2023) (flan-T5-translated; see Subsubsection 6.4.2.2). 
Both TS models differ regarding their T5 versions as well as regarding their training data (both 

multi-lingual, but original vs. augmented data). Hence, a comparison of their results would not 
be reasonable. Overall, mT5-MultiSim and flan-T5-translated both appear suitable for German 

11 https://github.com/google-research/multilingual-t5 [last update: December 15, 2022; last ac-
cess: July 24, 2024] 

12 https://github.com/google-research/t5x/blob/main/docs/models.md#flan-t5-checkpoints
[last update: July 17, 2024; last access: July 24, 2024] 

https://github.com/google-research/multilingual-t5
https://github.com/google-research/t5x/blob/main/docs/models.md#flan-t5-checkpoints
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TS. In the remainder of this Subsection, I describe in more detail the approaches and results of 
both TS models. 

6.4.2.1 MT5-MULTISIM 

Ryan et al. (2023) have recently fine-tuned mT5 (Xue et al., 2021) on their multi-lingual corpus 

called MultiSim (domain: mixed; target group: mixed). MultiSim is a multi-lingual corpus for 
sentence simplification containing overall 653, 468 complex-simple pairs for training and eval-
uation including texts in 12 languages and 8 domains. Their corpus includes a GermanNews 

corpus (domain: news texts; target groups: German language learners), the GEOlino (see Sub-
section 4.2.7; domain: knowledge acquisition texts; target group: children), and the TextCom-
plexityDE dataset (see Subsection 4.2.6; domain: Wikipedia-based texts; target group: German 

language learners). However, as for the two latter, only evaluation data are available. They 

have re-split the corpora and included a small portion of them into the multi-lingual training 

set. Therefore, their version of the test sets is different from the one presented in Chapter 4. 
In total, MultiSim consists of 2, 329 German sentence pairs for training. Following Ryan et al. 
(2023), the amount of data is too small for fine-tuning only on German data or only one of the 

German corpora; hence, during fine-tuning, they used the German data only in combination 

with the remaining multi-lingual data. 

For evaluation, they report scores per mono-lingual dataset, i.e., for German on the Ger-
manNews corpus, TextComplexityDE and GEOlino, regarding SARI and BLEU scores. They 

compare their results with two baselines, that is, the identity baseline (source-to-source, no 

change) and the truncation baseline (removing the last 20% of words from the source text). 
mT5-MultiSim can outperform both baselines on all three test sets wrt. SARI, but wrt. BLEU 

only on the GEOlino test set. They further compared the capabilities of their mT5 approach 

with few- and zero-shot approaches using BLOOM (see Section 6.5); the fine-tuned mT5 signif-
icantly outperforms their other approaches on all three German test sets wrt. SARI. The same 

also holds for the test sets of other languages they have evaluated on, meaning that mT5 seems 

capable of learning how to simplify in multiple languages. 

Comparisons between test sets of different languages do not seem reasonable, as the scores 

are highly dependent on the quality, the size, and the number of references in the test set. For 
this kind of evaluation, a translation of one high-quality test set in the languages of interest 
would be required to have a more fair comparison. Furthermore, due to the re-split of the 

German test sets, unfortunately, the reported results by Ryan et al. (2023) cannot be compared 

to other results on the same test set (e.g., see Subsection 6.5.1) as they have different sizes. For 
comparisons with other German TS models, either mT5-MultiSim has to be reproduced13 and 

tested on other German test sets, or other German models have to be evaluated on the shortened 

test sets of Ryan et al. (2023). 

13 Currently, the model checkpoints are not available, but the code is available here https://github. 
com/XenonMolecule/MultiSim [last update: September 27, 2023; last access: July 24, 2024]. 

https://github.com/XenonMolecule/MultiSim
https://github.com/XenonMolecule/MultiSim
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6.4.2.2 FLAN-T5-TRANSLATED 

Schlippe and Eichinger (2023) also used a T5 model to train their German sentence simplifica-
tion model, but they use the multilingual flan-T5 model (Chung et al., 2024). In order to test 
flan-T5’s capabilities regarding simplification (although not being trained on this task), they 

made use of the prefixes the model has been trained on instead of introducing a new prefix 

such as “simplify” via fine-tuning. As prefixes, they have selected prefixes of similar tasks, 
i.e., “translate”, “paraphrase”, and “summarize”. For their corpus, they selected random data 

from TurkCorpus (Xu et al., 2016) and ASSET (Alva-Manchego et al., 2020b) and translated 

complex-simple pairs with Google Translate into 40 languages (see Subsection 4.2.4; domain: 
Wikipedia-based texts; target group: n/a). They have experimented with fine-tuning flan-T5 

either with 1, 000 pairs of translations of one language of this corpus (e.g., German), or with 

each 1, 000 pairs per each of the 40 languages. 
For the setting with 1, 000 pairs, their system yields the best results on the German test set 

wrt. SARI using the instruction of “translation”. The same does not hold for the test sets of the 

other languages, e.g., “paraphrase” yields the best results for English, French, and Portuguese. 
For the setting of 40, 000 pairs, they only report results with the instruction of “paraphrase” 

which are better than all approaches with just 1, 000 pairs across all test sets of all languages. 
Hence, on the one hand, the more data (even if from another language) the better the simpli-
fication wrt. SARI. On the other hand, more analysis on different test sets is required to verify 

whether “paraphrase” can also yield better results on German test sets. Furthermore, all train-
ing and test data have been automatically translated into the languages of interest (except for 
English), hence, more investigation is necessary to check whether the results also hold for man-
ually simplified gold data. Unfortunately, neither their code, translated data, nor their model 
checkpoints are available for further studies on their TS approach. 

Schlippe and Eichinger further analyzed the ability of their model in another domain by 

manually evaluating system generations on texts of 5 social science books. They found that 
their German TS model performs well wrt. fluency, comprehensibility, grammaticality, and 

simplification (scores higher than 4 on a scale from 1 (worst) to 5 (best)). Furthermore, in this 

evaluation, flan-T5-translated achieves always better results than their approach using ChatGPT 

(see Subsection 6.5.5) wrt. simplicity and fluency, but worse wrt. meaning preservation. 

6.5 PROMPTING WITH ZERO- & FEW-SHOT LEARNING ON AUTO-REGRESSIVE 

MODELS 

In recent years, another common approach of making use of pre-trained language models 

besides fine-tuning a model on a specific task (see Section 6.4) is to directly infer a generated 

text (here a generated simplification) from the model by formulating the task as a textual 
prompt (Liu et al., 2023). A prompt is a structured input for a pre-trained language model 
to perform the formulated task of the input, it can perform either on an unseen task without 
any examples (zero-shot learning) or on an introduced task by including a few examples in 

the prompt (few-shot learning) (Dang et al., 2022). One main advantage of this approach is 
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that no or only a few complex-simple pairs are required, which facilitates simplification for 
purposes with lower resources or simplification into languages with fewer resources. 

In this line of research, the task is more focused on finding the best formulation of a prompt 
(prompt engineering) and the best pre-trained model than finding the best training data or 
best hyperparameter to predict the best simplifications (Liu et al., 2023). Examples for auto-
regressive large language models (also called decoder-only models) are, e.g., Gemini (Gemini 
Team et al., 2024), Llama 2 (Touvron et al., 2023), BLOOM (BigScience Workshop et al., 2023), 
or ChatGPT (OpenAI, 2024). 

In the following, I will present German TS approaches based on multi-lingual transfer learn-
ing (see ZEST, Subsection 6.5.1), an unsupervised model (see GUTS, Subsection 6.5.2), prompt-
ing BLOOM (see Subsection 6.5.3 and Subsection 6.5.4), and prompting ChatGPT (see Subsec-
tion 6.5.5). All models rely on different auto-regressive models, different prompts, and evalua-
tion on different domain and test sets. Hence, I can only present particular results per model and 

cannot give recommendations for or against one of the TS models. Reasons for that are missing 

references to previous work in the German TS studies and a lack of a comparable evaluation 

set-up for these models. However, overall, BLOOM as well as ChatGPT seem to be suitable to 

simplify German texts to some extent. 

6.5.1 ZEST 

Mallinson et al. (2020) propose a zero-shot cross-lingual sentence simplification model called 

ZEST. The model can be described as a multi-task multi-lingual and transfer learning model 
which combines machine translation, text simplification, and next token prediction (language 

modeling). Put simply, the model jointly learns to translate a sentence from a first language into 

a second language (using WMT19 Barrault et al. 2019, domain: mixed) and to simplify sentences 

within the first language (using WikiLarge; see Section 4.2; domain: Wikipedia-based texts; 
target group: English language learners). They propose that the learned knowledge regarding 

the simplification of the first language and the translation from the first to the second language 

can also be transferred to the simplification of sentences in the second language. 
This architecture can overcome the scarcity of parallel simplified data, e.g., in a low-resource 

language or for a low-resource simplification purpose, because for this approach, parallel sim-
plified data is only required in another language, which can be a high-resource language such 

as English. However, still, some parallel translation data is required from the high-resource to 

the low-resource language. 
They tested their approach with English as a high-resource language and German as a low-

resource language and evaluated on two German text simplification datasets, i.e., GEOlino (see 

Subsection 4.2.7; domain: knowledge acquisition texts; target group: children) and Textcomplex-
ityDE19 (see Subsection 4.2.6; domain: Wikipedia-based texts; target group: German language 

learners). With respect to automatic scores, i.e., SARI and BLEU, their system achieves similar 
results to a pivot model which performs the steps of translation and simplification sequentially 

(i.e., first translation DE-EN, then simplification EN-EN, and finally translation EN-DE). Hence, 
their assumption of transferring the knowledge can be confirmed. Furthermore, their model 
outperforms other unsupervised models which have been originally designed for English TS 
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(i.e., U-SIMP and U-NMT Surya et al. 2019) wrt. BLEU, SARI and FRE-BLEU evaluated on 

TextComplexityDE and can also cope with the scores evaluated on GEOlino. It is surprising 

that ZEST achieves such high scores on the data set with simplifications for children, i.e., GE-
Olino, although the seen complex-simple pairs have been simplified for non-native speakers, 
i.e., WikiLarge corpus. 

In addition to automatic evaluation, they also include manual evaluation (5 ratings per sen-
tence pair by German native speakers) in their evaluation study. Mallinson et al. (2020) show 

that their model performs better on both test sets than the pivot model and the unsupervised ref-
erence model U-SIMP in terms of human judgments regarding grammaticality, meaning preser-
vation, and simplicity. Unfortunately, the human judgments nor the system outputs are avail-
able for further investigation. However, the system could be reproduced with their publicly 

available code14 and test set15. Except from our work, I am only aware that Ryan et al. (2023) 

and Fruth et al. (2024) have reused the GEOlino or TextComplexityDE data to evaluate their 
systems. As previously discussed (see Subsubsection 6.4.2.1), the first uses a shortened version 

of the datasets and the latter adapted TextComplexityDE for paragraph rather than sentence 

simplification (see Subsection 6.5.2), resulting in no reasonable comparisons. 

6.5.2 GUTS 

Recently, Fruth et al. (2024) have proposed the first fully unsupervised paragraph simplification 

model for German, called “GUTS”. Their model is based on a similar English model called 

“Keep it Simple” (Laban et al., 2021): the idea is to use reinforcement learning for rewarding 

generated simplifications based on evaluation aspects such as simplicity, meaning preservation, 
and grammaticality. Simply said, a German GPT-2 model (Minixhofer, 2020) generates a few 

simplification candidates which are then rewarded regarding the evaluation aspects. Based on 

the resulting reward score, the GPT-2 model is optimized to generate better simplifications. 
For evaluation of GUTS, Fruth et al. (2024) compare it to a pivot model based on a modifi-

cation of ZEST on an adapted version of TextComplexityDE with a focus on paragraphs instead 

of sentences. In comparison, their pivot model slightly outperforms GUTS wrt. SARI and FRE. 
However, the model cannot be compared to other models on the TextComplexityDE data, as 

the authors have modified the dataset for their own purposes. For further investigations, their 
model checkpoints, system outputs, and evaluation code are available16. 

6.5.3 BLOOM-ZERO, BLOOM-SIM-10, & BLOOM-RANDOM-10 

Ryan et al. (2023) also experimented with few-shot and zero-shot learning for multi-lingual 
sentence simplification, but using the auto-regressive language model BLOOM (with 176 bil-
lion parameters) (BigScience Workshop et al., 2023). BLOOM is an open-source decoder-only 

language model based on the transformer architecture and has been pre-trained on data in 46 

14 https://github.com/Jmallins/ZEST [last update: September 19, 2021; last access: July 24, 2024] 

15 https://github.com/Jmallins/ZEST-data [last update: May 23, 2021; last access: July 24, 2024] 

16 https://github.com/LFruth/unsupervised-german-ts [last update: May 7, 2024; last access: July 
24, 2024] 

https://github.com/Jmallins/ZEST
https://github.com/Jmallins/ZEST-data
https://github.com/LFruth/unsupervised-german-ts
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languages, officially not including German17. The model is available in different sizes, e.g., with 

176 billion parameters18 or 7 billion parameters19. 
Even if BLOOM has not been trained on German data, Ryan et al. (2023) have also prompted 

it with German TS pairs. Their few-shot prompts contain k complex-simple sentence pairs which 

are prefixed with either “Original: ” or “Simple: ”. The last two lines of their prompt (in few-
shot and zero-shot setting) are the to-be-simplified complex sentence (accompanied with its 

prefix “Original: ”) and just the prefix “Simple: ” for the to-be-generated simplification. As 

examples in their few-shot setting, they used either k random sentence pairs or k pairs in which 

source sentences are most similar to the to-be-simplified sentence (where 1 ≤ k ≤ 20). They 

measured the similarity between the original sentences using the cosine distance of their repre-
sentation in sentence embeddings, i.e., LASER (Schwenk and Douze, 2017). For their zero-shot 
experiments, they just prompt BLOOM with the to-be-simplified complex sentence. 

They tested their approach on a German sentence simplification test set, i.e., GermanNews20, 
GEOlino (see Subsection 4.2.7; domain: knowledge acquisition texts; target group: children), 
and TextcomplexityDE19 (see Subsection 4.2.6; domain: Wikipedia-based texts; target group: 
German language learners). Same as for their mT5 model, they use their own split and size 

of these datasets. Hence, their results cannot be compared to the results of the ZEST sys-
tem (Mallinson et al., 2020) and should be interpreted with caution, since their test sets are 

smaller than the original test sets. 
Comparing their few- and zero-shot approaches with BLOOM wrt. SARI (see Table 6.1), 

the zero-shot approach achieved the lowest scores on all three datasets. The SARI score tends 

to increase with the k value when the mean is calculated over the three test sets. However, on 

average over the three datasets, the SARI scores are the highest when k = 10. As expected, the 

examples of similar pairs were more helpful than random examples. 
When comparing the BLOOM approaches with the mT5-MultiSim approach of Ryan et al. 

(2023) (see Table 6.1), mT5-MultiSim can outperform all zero- and few-shot approaches on 

the GEOLino and TextComplexityDE test sets but not on the GermanNews set. The results in 

GermanNews might not be as reliable as the results on the other two datasets due to many 

misalignments in the dataset (see Subsection 4.3.4). 
Furthermore, mT5 has been pre-trained on German data contrary to the BLOOM ap-

proaches. Hence, it was expectable that mT5-MultiSim achieve higher scores than BLOOM, 
but the small distance in the scores between the models is surprising. Unfortunately, no 

manual evaluation has been conducted on the models regarding German simplification to 

17 The 46 languages specified by BigScience Workshop et al. (2023) do not include German. But, when 
looking closer to the resources of the corpus used for pre-training BLOOM (i.e., ROOTS Laurençon
et al. 2022), some resources could contain also German texts, e.g., Wikipedia or OPUS-100 Zhang
et al. (2020a). 

18 https://huggingface.co/bigscience/bloom [last update: July 28, 2023; last access: July 24, 2024] 

19 https://huggingface.co/bigscience/bloom-7b1 [last update: January 2, 2024; last access: July 
24, 2024] 

20 It is unclear whether the GermanNews corpus refer to the news corpus by Säuberli et al. (2020) or 
APA-LHA by Spring et al. (2022). When comparing the named size of the corpus, it is more likely
that APA-LHA was used than the other news corpus. 

https://huggingface.co/bigscience/bloom
https://huggingface.co/bigscience/bloom-7b1
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verify whether BLOOM is indeed capable of generating German texts without being trained 

on it. 
However, I conclude that multi-lingual task-specific data (i.e., multi-lingual complex-simple 

pairs), and semantically similar data (i.e., complex-simple pairs in which the complex sentence 

is similar to the to-be-simplified complex sentence) can improve the quality of text simplification 

outputs. 

GermanNews TextComplexityDE GEOLino 

mT5-MultiSim 31.58 41.15 50.75 
BLOOM-zero 32.48 32.26 29.59 
BLOOM-random-5 34.71 36.68 34.5 
BLOOM-random-10 35.58 38.07 35.42 
BLOOM-random-20 35.53 38.07 34.62 
BLOOM-similarity-5 37.79 38.81 39.5 
BLOOM-similarity-10 37.69 38.93 39.70 
BLOOM-similarity-20 36.76 38.93 39.44 

Table 6.1: Comparison of SARI scores of TS approaches by Ryan et al. (2023). Evaluated on German-
News, a small version of TextComplexityDE, and a small version GEOlino. Best results are 
highlighted in bold face. 

6.5.4 BLOOM-BISECT 

Ponce et al. (2024) also experiment with BLOOM for sentence simplification, but with the ver-
sion with a smaller version of 7 billion parameters21. Further, in contrast to Ryan et al. (2023), 
Ponce et al. (2024) focus on structural simplification, i.e., split and rephrase. They report results 

on the German version of BiSECT (see Subsection 4.1.5; domain: web-based texts; target group: 
n/a), but do not provide enough information to reproduce (e.g., prompt missing, few-shot or 
zero-shot?) as it is only a small side result of their work. 

Looking more closely at their results, their SARI and BLEU scores are very low (roughly 

26) which corresponds to worse lexical simplification and meaning preservation. However, 
the quality of the syntactic simplification (what has been mainly intended) has not been mea-
sured with automatic scores, e.g., SAMSA. Furthermore, the few-shot and the evaluation data 

of BiSECT contain encoding errors that may result in unreliable scores for BERTScore due to 

not correctly matching word embeddings. Overall, it is not finally revealed whether BLOOM 

can syntactically simplify texts in a language not seen during pre-training, but the probability 

is high that other models perform better on the task of German syntactic simplification than 

BLOOM. 

6.5.5 CHATGPT 

ChatGPT is a proprietary auto-regressive large language model built by OpenAI (2024). Chat-
GPT is based on previous models by OpenAI, i.e., GPT-3.5 (Brown et al., 2020) and Instruct-
GPT (Ouyang et al., 2022), and so-called reinforcement learning from human feedback (RLHF). 
Simply put, in RLHF, first, human-written prompts are used to generate responses from a model 

21 https://huggingface.co/bigscience/bloom-7b1 [last update: January 2, 2024; last access: July 
24, 2024] 

https://huggingface.co/bigscience/bloom-7b1
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like GPT-3.5. These prompts and their corresponding system-generated responses are then 

collected as a dataset. Afterwards, human evaluators provide feedback on the generated re-
sponses, usually in the form of rankings or ratings, which indicate the quality and appropriate-
ness of each response. Based on this human feedback, a reward model is trained, which learns 

to assign a numerical score to each response based on its perceived quality. Finally, the model 
is fine-tuned using reinforcement learning, with the goal of maximizing the expected reward 

(i.e., high human approval) for responses generated by the model. This process encourages the 

model to produce texts that are more likely to receive high ratings from humans. Over time, as 

the model generates more responses and receives more feedback, it can learn to generalize to 

new prompts and produce high-quality responses that align with human preferences (Ouyang 

et al., 2022). 
In recent years, ChatGPT has gained much attention in society due to its high capabilities 

of generating texts. With respect to NLP, Qin et al. have approved in 2023 that the then current 
ChatGPT version22 has been very good in general generative tasks, e.g., dialogue or reasoning 

tasks, but struggles with tasks like summarization due to too long outputs. 
In order to analyze the capacity of ChatGPT (OpenAI, 2024) regarding German text simpli-

fication, there are a few studies, e.g., Schlippe and Eichinger (2023), or Deilen et al. (2023). I 
will briefly introduce their approaches in the following, but without further reproduction, we 

cannot compare these approaches with each other as they are evaluated with different methods 

and on different data. 
Schlippe and Eichinger (2023) have prompted ChatGPT (version not specified) with 

“Vereinfache den folgenden Satz: ” (EN: “Simplify the following sentence: ”) using their 
translated test data (see Subsection 4.2.4; domain: Wikipedia-based texts; target group: n/a). 
The target group or the simplification purpose has not been specified. 
In comparison to their fine-tuned flan-T5-translated model, ChatGPT performed worse on 

their data wrt. fluency, comprehensibility, grammaticality, and simplification. But, ChatGPT 

achieved a better result regarding meaning preservation. Unfortunately, they do not provide 

more insights regarding the system’s quality, e.g., by providing more fine-grained or automatic 

evaluation. Furthermore, their results cannot be reproduced as neither the model version nor 
data, their data, the generated system outputs, nor the human judgments are made available. 

Deilen et al. (2023) have experimented with ChatGPT for German document simplification 

into German Easy Language by using a holistic and a linguistic approach. In the holistic ap-
proach, the translation is enforced all at once, whereas in the linguistic approach the translation 

is requested step-by-step on text-level, sentence-level, and word-level. They manually evaluated 

the system-generated simplifications wrt. correctness, readability, and syntactic complexity on 

public authority texts (domain: web texts; language variety: German Easy Language). They 

found that 37.5% of the generated simplifications were not correct and only a few syntactic con-
structions have been simplified. However, following the Hohenheim Comprehensibility Index 

(HIX) measured with the proprietary tool TextLab23 the system-generated texts are simpler 
than the source texts, but do not reach the readability level of German Easy Language. Un-

22 Unfortunately, the version of ChatGPT or the date of the experiments has not been specified. 
23 https://www.comlab-ulm.de/textlab-sprachsoftware/ [last access: July 24, 2024] 

https://www.comlab-ulm.de/textlab-sprachsoftware/
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fortunately, Deilen et al. (2023) have neither reported the version of ChatGPT, nor the prompts 

that they have used for their experiments. Further, no automatic evaluation scores are available, 
hence, their results are not comparable to other approaches, nor reproducible. 

6.6 (FINE-TUNING) AUTO-REGRESSIVE LANGUAGE MODELS 

In addition to utilizing the learned aspects of a language model, via few-shot learning or check-
ing the out-of-the-box capability of auto-regressive language models (as described in the previ-
ous section), there are attempts on fine-tuning and few-shot learning on auto-regressive mod-
els (Anschütz et al., 2023) (see Subsection 6.6.1) and combining auto-regressive models with 

sequence-to-sequence models (Klöser et al., 2024) (see Subsection 6.6.2). 

6.6.1 CUSTOMER-DECODER-ATS 

The approach by Anschütz et al. (2023) expands the approach of Rios et al. (2021): They 

use their small mBART model as the decoder of their document simplification model. As en-
coder they fine-tuned German auto-regressive models, also called generative pre-trained trans-
former models (GPT), e.g., GerPT2 (Minixhofer, 2020), or German_GPT (Schweter, 2020), on 

roughly 550, 000 manually simplified German web texts (language varieties: German Plain and 

Easy Language; target group: mixed). After combining the GPT-encoder and the mBART de-
coder, they finally trained the encoder-decoder cross-attention. Therefore, their model has 

changed many fewer parameters than the mBART model of Rios et al. (2021) and, hence, is 

more resource-efficient. 

Anschütz et al. (2023) first manually evaluated the grammaticality of the GPT-models; they 

found that German_GPT generates sentences that are more grammatically wrong than the orig-
inal sentences, whereas GerPT2 contains fewer grammatical errors than the original sentences. 
Furthermore, they automatically evaluated their approach on the 20minuten dataset (see Sub-
section 4.1.3; domain: news texts; target group: n/a) and showed that they can significantly 

outperform the small mBART model by (Rios et al., 2021) with respect to SARI (increased by 

roughly 9 points, see Table 6.2) and can keep up with their BLEU and ROUGE-L scores (vari-
ance of less than 2 points, see Table 6.2). Assuming that both have been evaluated with the 

same test split and the same implementation of the metrics, the extension of the TS model with 

a fine-tuned GPT model seems to improve the simplification quality. We can also infer that 
additional monolingual simplified data (see Subsection 4.7.3) can help to enhance TS systems’ 
outputs. 

Further, this approach facilitates text simplification in at least two ways; first, the model 
uses less computing power than comparable models, and second, fewer parallel complex-simple 

pairs are required. In more detail, the approach facilitates text simplification experiments with 

a few parallel texts, e.g., for a specific domain or a low-resource language, and with low com-
putational resources. 
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mBART-20min 
small mBART-20min 
custom-decoder-ats-gerpt2
custom-decoder-ats-german-gpt 

BLEU SARI ROUGE-L 
7.47 33.29 21.62 
6.29 33.29 19.96 
4.95 42.25 18.52 
4.80 42.74 17.93 

Table 6.2: Comparison of BLEU, SARI, and ROUGE-L scores of TS approaches by Rios et al. (2021) and 
Anschütz et al. (2023). Evaluated on 20min. Best results are highlighted in bold face. 

6.6.2 GPT-2 & LEOLM 

In contrast to the TS approaches with auto-regressive models described above, Klöser et al. 
(2024) fine-tuned their document simplification models on semi-synthetic complex-simple 

pairs before testing. Their semi-synthetic data contains the same (and more) simplifications 

as the training data of Anschütz et al. (2023). However, Klöser et al. (2024) augmented 

them to parallel data by adding automatic translations of simplified texts as source texts (see 

Subsection 4.1.8; domain: web texts; language varieties: German Plain and Easy Language; 
target group: mixed). For their experiments, they selected four German auto-regressive 

models, i.e., a small and a huge GPT-2-wechsel model (Minixhofer et al., 2022) and a small and 

a huge LeoLM model (Plüster, 2023) and four decoding algorithms, i.e., greedy, beam search, 
sampling-based, and contrastive search approach. 

In summary, their results show that the larger models outperform the smaller models, Le-
oLM models outperform the GPT-2-wechsel models, and the beam search performs best on 

three of the four models wrt. SARI, BLEU, and METEOR. Furthermore, they manually evalu-
ated the meaning preservation (or content similarity) of the best GPT-2 and best LeoLM model. 
(Klöser et al., 2024) come to the conclusion that the LeoLM preserves much more of the original 
meaning (2.68, where 0 is worst and 3 is best) than the GPT-2 model (meaning preservation: 
1.34). 

The reported results of this approach can unfortunately not be well compared with the ap-
proach of Anschütz et al. (2023) because both use different auto-regressive models and evaluate 

on different data. Further, this evaluation has been conducted with the augmented source texts. 
Hence, more investigation is required to get results on standard German test sets and to make 

comparisons to other German TS models. 

6.7 PROPRIETARY TS MODELS & REAL WORLD APPLICATION 

In recent years, outside of academia, some companies have also focused on building German 

text simplification systems. For a more complete overview of German text simplification mod-
els, in this section, I also briefly introduce proprietary TS models (see Subsection 6.7.1). Fur-
thermore, I briefly show the usage of TS systems outside the scientific context in the form of 
real-world applications (see Subsection 6.7.2). 

6.7.1 PROPRIETARY TS MODELS 

In the following, I list the names of the companies and their TS models and add information 

about them which is publicly available (with no claim for completeness). Unfortunately, I can-
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not provide more information because no or fewer details are available regarding the used TS 

model approach or model architecture, as it is part of their company secret. 
I am currently aware of the following proprietary TS models: 

• SUMM-AI24: simplification into German Easy Language; computer-aided translation sys-
tem; post-editing by trained translators wanted, 

• Leichte Sprache.io25: simplification into German Easy Language, 
• Klartext St. Pauli26: simplification into Plain German, 
• capito digital27: simplification into texts with CEFR level A1, A2 or B1, 
• Wortliga Plain28: simplification into Plain German (CEFR level B1 and B2), 
• ChatGPT-Bot “Klar und verständlich’’29: simplification into Plain German; promting with 

ChatGPT. 
• LanguageTool30: simplification into Plain Language (including English, German, French, 

Dutch, Spanish, and Portuguese) 

Furthermore, there are a few approaches regarding specializing the proprietary model Chat-
GPT for German Plain Language simplification by adding personalized instructions or addi-
tional data to the model, e.g., “GPT-Bot Klar und Verständlich (K&V)”31, “Verständlich”32, “KI-
Lektorat”33 (Manning, 2024). 

To the best of my knowledge, these models have not yet been scientifically evaluated. How-
ever, for a non-scientific but extensive comparison of some of these models and their simplifi-
cation capabilities, I refer to the blog series “KI-Tools für Einfache Sprache” (EN: “AI-Tools for 
Plain German”)34 by Manning (2023) including feedback by . 

6.7.2 USE CASES OF TEXT SIMPLIFICATION IN REAL WORLD APPLICATIONS 

The previously named proprietary TS models are already used in real-world applications. In the 

following, I describe some use cases that I am aware of (with no claim for completeness). In all 
of these examples, the usage of an automatic text simplification system is explicitly mentioned, 
and the texts are equipped with information that the simplified text is not legally binding. 

The SUMM-AI TS model, for example, is used to automatically generate simplified versions 

of public authority texts, especially press releases, for the city of Hamburg35 and the city of 
Aschaffenburg36. While the generated simplifications for the city of Hamburg are always post-
edited before publication (Stadt Hamburg, 2024), this procedure is not explicitly mentioned for 

24 https://summ-ai.com/ [last access: July 24, 2024] 
25 https://leichte-sprache.io/ [last access: July 24, 2024] 
26 https://einfachesprache.xyz/ [last access: July 24, 2024] 
27 https://digital.capito.eu/ [last access: July 24, 2024] 
28 https://wortliga.de/textanalyse/ [last access: July 24, 2024] 
29 https://chat.openai.com/g/g-eKpTIfwJi-klar-und-verstandlich [last access: July 24, 2024] 
30 https://languagetool.org/de/text-umformulieren [last access: July 24, 2024] 
31 https://chatgpt.com/g/g-eKpTIfwJi-klar-und-verstandlich-k-v [last access: July 24, 2024] 
32 https://chatgpt.com/g/g-HTx94m62K-verstandlich [last access: July 24, 2024] 
33 https://chat.openai.com/g/g-X4PVHTKOY-ki-lektorat [last access: July 24, 2024] 
34 https://multisprech.org/2023/07/26/ki-tools-fuer-einfache-sprache-1-st-pauli-im-test/

[last access: July 24, 2024] 
35 https://www.hamburg.de/barrierefrei/leichte-sprache/[last access: July 24, 2024] 

https://summ-ai.com/
https://leichte-sprache.io/
https://einfachesprache.xyz/
https://digital.capito.eu/
https://wortliga.de/textanalyse/
https://chat.openai.com/g/g-eKpTIfwJi-klar-und-verstandlich
https://languagetool.org/de/text-umformulieren
https://chatgpt.com/g/g-eKpTIfwJi-klar-und-verstandlich-k-v
https://chatgpt.com/g/g-HTx94m62K-verstandlich
https://chat.openai.com/g/g-X4PVHTKOY-ki-lektorat
https://multisprech.org/2023/07/26/ki-tools-fuer-einfache-sprache-1-st-pauli-im-test/
https://www.hamburg.de/barrierefrei/leichte-sprache/
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the city of Aschaffenburg (Stadt Aschaffenburg, 2024). For both web pages, the texts are also 

not proofread by the target group prior to publication, although required in many German Easy 

Language guidelines (e.g., Bredel and Maaß 2016, Netzwerk Leichte Sprache 2022, or Deutsches 

Institut für Normung (DIN) 2023). 
Similarly, a huge German telecommunications company (called “Telekom”)37 and an estab-

lished German health magazine (called “Apotheken Umschau”)38 are also automatically sim-
plifying their web pages with the SUMM-AI TS tool and doing additional post-editing (Deilen 

et al., 2024; Wort & Bild Verlag, 2024). For a small evaluation study of the capabilities of SUMM 

AI’s TS tool regarding health texts, I refer the interested reader to Deilen et al. (2024). 
The Klartext St. Pauli TS tool is used to automatically simplify the web page of the German 

football club FC St. Pauli. A random sample of the web pages is also proofread by the target 
group (Fußball-Club St. Pauli, 2023). 

I am not aware of concrete use cases of the other named proprietary TS systems. 

6.8 SUMMARY & OUTLOOK 

In summary, in this section, I have presented the current state-of-the-art models for German 

text simplification, i.e., 11 document simplification systems, 2 paragraph simplification systems, 
and 13 sentence simplification systems. I introduced five categories of system approaches, i.e., 
rules-based models, training transformer-based models from scratch, fine-tuning sequence-to-
sequence models, prompting auto-regressive models, and fine-tuning auto-regressive models. 
For a concise overview, the TS systems and their main metadata are summarized in Table 6.3. 

Overall, at present, it is difficult to determine the extent of the progress and development 
of German TS. On the one hand, this status is due to the fast pace and many independent re-
search efforts in the field; often previous research is unknown or not referred to, hence, there 

are only a few comparisons between German TS systems. On the other hand, German TS is still 
a niche topic especially with respect to many possible target groups and text domains that too 

few models and data exist per simplification purpose for a meaningful comparison. 

6.8.1 CHALLENGES & RESEARCH GAPS 

In the following, I will summarize and discuss research gaps which I have identified consid-
ering the current state-of-the-art of text simplification models for German, i.e., gaps in current 
approaches (see Subsubsection 6.8.1.1), mixing domains and target groups (see Subsubsec-
tion 6.8.1.2), comparability (see Subsubsection 6.8.1.3) and reproducibility of TS models (see 

Subsubsection 6.8.1.4), size of the training data (see Subsubsection 6.8.1.5), and target group 

empowerment. 
These challenges again emphasize the importance of answering my research questions re-

garding the connection between document and sentence simplification (see RQ 6-1), the rele-

36 https://www.aschaffenburg.de/Buerger-in-Aschaffenburg/Buergerservice/ 
Leichte-Sprache/DE_index_3322.html [last access: July 24, 2024] 

37 https://www.telekom.com/de/leichte-sprache [last access: July 24, 2024] 

38 https://www.apotheken-umschau.de/einfache-sprache/ [last access: July 24, 2024] 

https://www.aschaffenburg.de/Buerger-in-Aschaffenburg/Buergerservice/Leichte-Sprache/DE_index_3322.html
https://www.aschaffenburg.de/Buerger-in-Aschaffenburg/Buergerservice/Leichte-Sprache/DE_index_3322.html
https://www.telekom.com/de/leichte-sprache
https://www.apotheken-umschau.de/einfache-sprache/
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vance of model architecture and quality of training data (see RQ 6-2), and the effect of TS on 

real-world applications (see RQ 6-3). 

6.8.1.1 SYSTEM LEVEL & APPROACHES 

The document simplification systems are either following a fine-tuning approach on sequence-
to-sequence models (4 out of 11), here only mBART, fine-tuned on auto-regressive models (6 out 
of 11), here GPT versions and LeoLMs, or prompting ChatGPT (1 of 11). However, even if these 

approaches show good results at the document level, their capability on sentence simplification 

has not yet been investigated. Furthermore, the capabilities of the same TS approach have not 
yet been investigated on both levels simultaneously, i.e., document and sentence simplification 

(further called MODEL CHALLENGE B). 
In comparison, sentence simplification systems are rule-based (3 out of 13), trained from 

scratch (2 out of 13), fine-tuned mT5 models (2 out of 13), or prompting approaches on auto-
regressive models (6 out of 13). However, except for mT5-MultiSim and Sockeye-APA-LHA, the 

approaches do not include gold parallel training data: Instead, they rely on additional data for 
transfer learning (translation data and English simplification data) or use just a few samples in 

few-shot learning. This might be due to missing high-quality training corpora and the current 
trend of prompting auto-regressive models. 

Nevertheless, as shown by Klöser et al. (2024), (high-quality) simplification pairs could also 

be used to fine-tune and improve auto-regressive models for text simplification. High-quality 

sentence pairs, e.g., manually aligned pairs, could also improve Sockeye-APA-LHA because 

currently it is trained only on error-prone automatically aligned sentence pairs. 

6.8.1.2 DOMAINS & TARGET GROUPS 

Many of the TS models are trained on texts of mixed domains (10 out of 26) and texts written for 
a mix of different target groups (10 out of 26), due to a lack of large datasets focusing especially 

on one special simplification purpose (further called MODEL CHALLENGE C). Following Gooding 

(2022), this mix is generating a “homogeneity effect” where one simplification should fit all 
people of all target groups at the same time, which is impossible due to the different skills and 

needs of the readers. 
I, therefore, recommend building larger, high-quality datasets, which focus on only one 

language level or target group, or a few simplification operations which could then be used for 
more targeted automatic simplification. An alternative to new datasets could be to experiment 
with data augmentation strategies in which the additional data should focus on the same tar-
get group or the same simplification operations, for example, adding monolingual data as in 

Anschütz et al. (2023) or adding target-to-target pairs to the training data as in Säuberli et al. 
(2020). 

6.8.1.3 COMPARABILITY 

In most TS studies, the systems are evaluated on a new test dataset disregarding existing evalua-
tion datasets of the same domain or same language variety: For example, ChatGPT-multilingual 
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could have been evaluated on gold simplifications of TextcomplexityDE (Naderi et al., 2019) 

(see Subsection 4.2.6) in addition to the translated ASSET version, or the systems by Klöser 
et al. (2024) could have also been evaluated on gold test data of the web domain, e.g., Simple 

German Corpus ’23 (Toborek et al., 2023) (see Subsection 4.1.4) or DEplain-web (see Part II 
Subsection 7.4.2). 

Following this, no benchmark for German text simplification systems exists because the ma-
jority of models are not comparable due to different test data or different evaluation methods 

(further called MODEL CHALLENGE D). I was only able to compare TS systems which have been 

published in the same paper (e.g., mT5-MultiSim vs. prompting on BLOOM) except for custom-
decoder-ats (Anschütz et al., 2023) (see Subsection 6.6.2) and GUTS Fruth et al. (2024) (see 

Subsection 6.5.2) which refer and compare themselves to results of other papers. 
Therefore, it remains an open question, which TS model performs best for a domain or for a 

language variety. Hence, a reproduction study is required for better comparison of the models 

(considering non-mixing of target groups and domains). 

6.8.1.4 REPRODUCABILITY 

Unfortunately, I have also revealed some new issues regarding models’ reproduction, and have 

confirmed previously named problems with respect to the training data and the evaluation 

process (further called MODEL CHALLENGE E). I found the following main three issues with the 

models, i.e., 

1. impossibility of reproduction, e.g., due to missing details, missing code, not-available or 
restricted-access data, or restricted-access language models (e.g., see Niklaus et al. 2019a, 
or Schlippe and Eichinger 2023), 

2. differences in reproduction and, therefore, less comparison, e.g., due to different data 

splits (e.g., see Spring et al. 2021 or Ryan et al. 2023), and 

3. differences in evaluation scores for reported scores and scores of reproduced models, due 

to different system outputs or different implementations of metrics (e.g., see Fruth et al. 
2024). 

For a better reproducibility and better comparison between ATS models, a system descrip-
tion paper should publish as much detail and materials related to the models as possible with 

respect to copyright and licenses, e.g., publishing 

1. the checkpoints of the trained or fine-tuned models and code on how to reuse them, or 

2. the code and a description of how to rebuild and re-train the model, including model 
versions and used prompts. 

Additionally, I recommend publishing the system generations (if not restricted by copy-
right) to enable further analysis of the results (e.g., see Fruth et al. 2024). Due to limited comput-
ing resources, system generations cannot always be reproduced, even if the code or the model 
is provided. I argue that system generations are helpful for better understanding the original 
work, but they can also be valuable for building better evaluation metrics. A data repository 
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in which various German simplification test sets and corresponding system outputs are stored 

would be helpful to tackle this issue. 

6.8.1.5 SIZE & QUALITY & POST-EDITING 

The systems also differ distinctly in their size of the documents or sentence pairs used for train-
ing or fine-tuning (further called MODEL CHALLENGE F), while for the prompting approaches 

only up to 20 sentence pairs have been used, mBART-20min is fine-tuned on roughly 18,000 

document pairs (see Table 6.3), Sockeye-APA-LHA trained on roughly 10,000 sentence pairs, 
and mT5-MultiSim fine-tuned on roughly 653,000 sentence pairs. Following most TS system 

reports (except Schomacker et al. 2023a), I can conclude that the more data a model is trained 

or fine-tuned on, the better the simplification quality evaluated (e.g., see Anschütz et al. 2023 

or Ryan et al. 2023). 
However, even if good results on a leaderboard are achieved, the quality of current TS 

approaches in research is not ready for their use in production with the target group (Gar-
bacea et al., 2021) (MODEL CHALLENGE F). In the current state, the system-generated simplifica-
tions obligatorily require professional post-editing by trained translators (e.g., see Deilen et al. 
2024).39 

6.8.1.6 TARGET GROUP EMPOWERMENT 

Additionally, more research is required which includes the target group in the process of sim-
plification (further called MODEL CHALLENGE G). A future direction could be personalized sim-
plification, as already analyzed in Danish TS research (Bingel et al., 2018). 

Further, the effects of automatically simplified texts on the target group are under-
researched in the scope of automatic German text simplification. For example, how well 
can automatically simplified texts currently be comprehended by the target group (e.g., see 

Säuberli et al. 2024)? Would people like to only read the complex, the simplified version of a 

text, or both in parallel (e.g., see Vollenwyder et al. 2018)? Would people of the target group 

be more likely to visit web pages with automatically simplified texts (acceptance of automatic 

simplifications)? Which parts of a text would a target group like to see simplified (target group 

empowerment)? 

6.8.2 OUTLOOK 

In this section, I have introduced the last part of the workflow of German automatic text sim-
plification – German TS models. I also discussed the challenges and research gaps on this topic 

considering information from previous parts of the workflow. 
With this section, I close Part I: the overview of the state-of-the-art in German text simplifi-

cation regarding each component of the simplification workflow including knowledge regard-
ing simplicity (see Chapter 2), building corpora (see Chapter 3), reusing existing corpora (see 

39 I do not go into more detail regarding post-editing or usage of TS models outside of academia because
this would be out of scope of this PhD thesis. However, I refer the interested reader to Deilen et al. 
(2024) for a scientific evaluation of SUMM-AI’s TS system and recommendations regarding post-
editing. 
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Chapter 4), evaluating (see Chapter 5), and building as well as using models for German text 
simplification (see current chapter, i.e., Chapter 6). 

In the next part, Part II, I present my contributions of this PhD thesis to tackle the previ-
ously introduced issues. Then, finally, in Part III, I explain how I have addressed the mentioned 

challenges and research gaps with respect to all parts of the text simplification workflow. 





Part II 

Publications 
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Chapter 7 
Publications 

7.1 OVERVIEW OF THE CHAPTER 

In this part of my PhD thesis, I include all my published scientific articles that are related to text 
simplification. The publications are first ordered by their relation to text simplification and then 

in chronological order (starting with the oldest publication). An overview of all publications 

linked to their component of the text simplification workflow is presented in Figure 7.1. 
Some of the paper refers to more than one TS topic: in this case, I add it to the section with 

the highest thematic overlap. For each publication, I have also added a short summary and a 

link to access the full-text version of the paper.1 For information on supplementary material 
(e.g., code, poster, or presentation slides) per paper, see Appendix. 

Figure 7.1: Contributions of this thesis including chapters and publications (same as Figure 1.2). 

1 It is important to note that all publications are openly licensed and accessible. However, some of 
my works are published under a slightly more restrictive licence that only allows usage for non-
commercial purposes. Consequently, it was not feasible to include all papers in this golden open
access version. As we prioritised (open) accessibility over completeness, we have not included the
publications here, but have ensured access to all full versions via the provided links and QR codes. 
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7.2 COMPLEXITY & SIMPLIFICATION 

In this chapter, I am presenting my publications that mainly address complexity and simplifi-
cation, i.e., 

• Regina Stodden and Laura Kallmeyer. 2020. A multi-lingual and cross-domain analysis 

of features for text simplification. In Proceedings of the 1st Workshop on Tools and Resources 
to Empower People with REAding DIfficulties (READI), pages 77–84, Marseille, France. Eu-
ropean Language Resources Association (see Subsection 7.2.1), and 

• Regina Stodden and Gayatri Venugopal. 2021. RS_GV at SemEval-2021 task 1: Sense rel-
ative lexical complexity prediction. In Proceedings of the 15th International Workshop on Se-
mantic Evaluation (SemEval-2021), pages 640–649, Online. Association for Computational 
Linguistics (see Subsection 7.2.2). 

https://aclanthology.org/2020.readi-1.12/
https://aclanthology.org/2020.readi-1.12/
https://doi.org/10.18653/v1/2021.semeval-1.82
https://doi.org/10.18653/v1/2021.semeval-1.82
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7.2.1 A MULTI-LINGUAL AND CROSS-DOMAIN ANALYSIS OF FEATURES FOR TEXT SIMPLIFICATION. 

REFERENCE: Regina Stodden and Laura Kallmeyer. 2020. A multi-lingual and cross-domain 

analysis of features for text simplification. In Proceedings of the 1st Workshop on Tools and Resources 
to Empower People with REAding DIfficulties (READI), pages 77–84, Marseille, France. European 

Language Resources Association 

URL: https://aclanthology.org/2020.readi-1.12/ 

SUMMARY: This text discusses research on readability and text simplification features that can 

help to identify sentences in simplified language and transform complex texts into simplified 

ones. The paper addresses three research questions concerning the differences between com-
plex and simplified texts, the consistency of the simplification process across domains and lan-
guages, and the potential use of language-independent features to explain the simplification 

process. 
The study analyzes the relevance of 104 text simplification features (e.g., word and sentence 

length features, syntactic features, lexical features, and features wrt. proportion of POS tags) 

across five languages (i.e., Czech, German, English, Spanish, and Italian) and three domains 

(i.e., web, Wikipedia, and news). 
We have identified some features (e.g., readability, parse tree height, or proportion of verbs) 

that can explain the simplification process and help to distinguish complex vs. simple sentences 

in certain corpora. But we are also highlighting the need for further exploration of other fea-
tures like morphological or grammatical features. The study further supports the theory of 
consistent text simplification across languages, suggesting a higher focus on multi-lingual text 
simplification approaches. 

https://aclanthology.org/2020.readi-1.12/
https://aclanthology.org/2020.readi-1.12/
https://aclanthology.org/2020.readi-1.12/
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7.2.2 RS_GV AT SEMEVAL 2021 TASK 1: SENSE RELATIVE LEXICAL COMPLEXITY PREDICTION 

REFERENCE: Regina Stodden and Gayatri Venugopal. 2021. RS_GV at SemEval-2021 task 1: 
Sense relative lexical complexity prediction. In Proceedings of the 15th International Workshop 

on Semantic Evaluation (SemEval-2021), pages 640–649, Online. Association for Computational 
Linguistics 

URL: https://doi.org/10.18653/v1/2021.semeval-1.82 

SUMMARY: In this work, we present a system called RS_GV to predict the lexical complexity of 
a word within an English sentence. RS_GV is a neural network that uses a mix of hand-crafted 

linguistic features, contextualized character embeddings, and a sense-relative normalization 

technique to predict the complexity of target words. 
Our motivation for the sense relative approach is that words can have more than one sense 

and that depending on the sense the lexical complexity can be higher or lower. For example, the 

word “vision” has five senses (e.g., “ability to see”, “supernatural experience”, and “foresight”) 

from which the meaning “ability to see” is the easiest to understand. However, the senses per 
word are not considered in most of the features, e.g., in all frequencies of all senses of the word 

are summed to get the frequency feature. To consider this imbalance, we have normalized the 

features based on the number of senses of the target word in WordNet. 
Comparing our conducted approaches, normalizing handcrafted features using WordNet 

senses gives better results than using a min-max normalization. Using contextualized charac-
ter embeddings improves the model’s performance compared to other approaches (e.g., non-
contextualized or contextualized word embeddings). In addition, training only on data from 

one domain is better than training on all domains. Our best approach works well for predicting 

the complexity of terms in biomedical texts but struggles with the Bible and political texts. It 
also has issues with predicting complexity values at the end of the scale (i.e., very complex and 

very simple). 

https://doi.org/10.18653/v1/2021.semeval-1.82
https://doi.org/10.18653/v1/2021.semeval-1.82
https://doi.org/10.18653/v1/2021.semeval-1.82
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7.3 BUILDING TEXT SIMPLIFICATION CORPORA 

In this Chapter, I am presenting my publications that mainly address building text simplification 

corpora, i.e., 

• Regina Stodden. 2022. Creation of a parallel simplification corpus – Using the annotation 

tool TS-anno. Annotation guideline, Heinrich Heine University, Düsseldorf, Germany. 
Also available in German (see Subsection 7.3.1), and 

• Regina Stodden and Laura Kallmeyer. 2022. TS-ANNO: An annotation tool to build, an-
notate and evaluate text simplification corpora. In Proceedings of the 60th Annual Meeting of 
the Association for Computational Linguistics: System Demonstrations, pages 145–155, Dublin, 
Ireland. Association for Computational Linguistics (see Subsection 7.3.2). 

https://github.com/rstodden/TS_annotation_tool/blob/master/annotation_schema/Annotation-guideline_TS-anno-EN.pdf
https://github.com/rstodden/TS_annotation_tool/blob/master/annotation_schema/Annotation-guideline_TS-anno-EN.pdf
https://doi.org/10.18653/v1/2022.acl-demo.14
https://doi.org/10.18653/v1/2022.acl-demo.14
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7.3.1 CREATION OF A PARALLEL SIMPLIFICATION CORPUS – USING THE ANNOTATION TOOL TS-
ANNO 

REFERENCE: Regina Stodden. 2022. Creation of a parallel simplification corpus – Using the an-
notation tool TS-anno. Annotation guideline, Heinrich Heine University, Düsseldorf, Germany. 
Also available in German 

URL: https://github.com/rstodden/TS_annotation_tool/blob/master/annotation_ 

schema/Annotation-guideline_TS-anno-EN.pdf 

SUMMARY: This work is the technical report of the text simplification annotation tool TS-
ANNO (see Stodden and Kallmeyer (2022) in Part II Subsection 7.3.2). Therefore, it includes 

user guidance on how to navigate through the tool, as well as how to technically perform an 

annotation, e.g., aligning a sentence pair, rating a sentence pair, and labeling passages with 

simplification operations. 
This paper also includes an annotation schema regarding the manual alignment, annotation 

of simplification operations, and evaluation aspects. For manual alignment, we have specified 

to annotate 1:1 (e.g., rephrasing or reordering within a sentence), 1:n (e.g., splitting a sentence), 
m:1 complex-simple pairs (e.g., merging several sentences) as well as n:m sentence pairs (e.g., 
fusion of several sentences). Another specification of our annotation is that word explanations 

are not aligned with the sentence which includes the complex and explained terms. 
Regarding the evaluation aspects, this work provides a list of all aspects, including a state-

ment (also shown in TS-ANNO). Furthermore, each aspect is explicitly described, including 

annotation recommendations in critical situations, as well as recommendations when a simpli-
fication has an effect on more than one evaluation aspect. 

The guideline of simplification operations also contains the first typology of simplification 

operations for German, i.e., overall 56 operations in 9 transformation classes and on 4 levels (i.e., 
word, phrase, sentence, and paragraph level). Each operation is described in many details to 

ensure a high overlap in understanding and annotation of the operations. 

https://github.com/rstodden/TS_annotation_tool/blob/master/annotation_schema/Annotation-guideline_TS-anno-EN.pdf
https://github.com/rstodden/TS_annotation_tool/blob/master/annotation_schema/Annotation-guideline_TS-anno-EN.pdf
https://github.com/rstodden/TS_annotation_tool/blob/master/annotation_schema/Annotation-guideline_TS-anno-EN.pdf
https://github.com/rstodden/TS_annotation_tool/blob/master/annotation_schema/Annotation-guideline_TS-anno-EN.pdf
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7.3.2 TS-ANNO: AN ANNOTATION TOOL TO BUILD, ANNOTATE AND EVALUATE TEXT SIMPLIFI-
CATION CORPORA 

REFERENCE: Regina Stodden and Laura Kallmeyer. 2022. TS-ANNO: An annotation tool to 

build, annotate and evaluate text simplification corpora. In Proceedings of the 60th Annual Meet-
ing of the Association for Computational Linguistics: System Demonstrations, pages 145–155, Dublin, 
Ireland. Association for Computational Linguistics 

URL: https://doi.org/10.18653/v1/2022.acl-demo.14 

SUMMARY: This paper introduces TS-ANNO, an open-source web application designed for the 

creation and evaluation of parallel corpora in text simplification. It aims to facilitate the manual 
creation of high-quality TS corpora by supporting web harvesting of parallel documents, man-
ual simplification of complex documents, and manual alignment of parallel documents into n:m 

sentence pairs. It allows users to upload plain, paragraph-segmented, or pre-aligned texts, and 

supports manual simplification if a simple version is not available. 
TS-ANNO takes over a few steps in order to facilitate and speed up the manual alignment: 

All sentences which are identical in the complex and simplified document are automatically 

aligned and disabled in the frontend. Furthermore, after manual alignment of a document, all 
unaligned simple and complex sentences are automatically aligned by insertion or omission. 

TS-ANNO further offers a range of features for annotation, e.g., rating evaluation aspects, 
or annotating simplification operations. With respect to the annotation of simplification oper-
ations, various levels of granularity are offered for transformation classes and labels. It also 

features relative and absolute ratings of sentence pairs in order to manually evaluate gold data 

or system-generated data. Furthermore, TS-ANNO also features an evaluation of the annota-
tions made in the tool, such as inter-annotator agreement, as well as an output of the annotation 

in various output formats. 
Recently, we have extended TS-ANNO to enable the annotation of not only the correct sim-

plification operations but also of errors. An error annotation can be helpful for manually eval-
uating system-generated simplifications and identifying their weak points. 

Overall, TS-ANNO aims to streamline the process of creating and examining corpora for 
text simplification purposes, while empowering users with the tools and flexibility needed to 

effectively perform these tasks. In this paper, the usability of the tool has been exemplified by 

the annotation of parallel German web texts. 

https://doi.org/10.18653/v1/2022.acl-demo.14
https://doi.org/10.18653/v1/2022.acl-demo.14
https://doi.org/10.18653/v1/2022.acl-demo.14
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7.4 GERMAN SIMPLIFICATION CORPORA 

In this Chapter, I am presenting my publications that mainly address German text simplification 

corpora, i.e., 

• Regina Stodden. 2021a. Accessibility and comprehensibility of user-generated content: 
Challenges and chances for easy-to-understand languages. In Proceedings of the 3rd Swiss 
Conference on Barrier-free Communication (BfC 2020), pages 151–161, Winterthur (online). 
ZHAW Zürcher Hochschule für Angewandte Wissenschaften (see Subsection 7.4.1), and 

• Regina Stodden, Omar Momen, and Laura Kallmeyer. 2023. DEplain: A German paral-
lel corpus with intralingual translations into plain language for sentence and document 
simplification. In Proceedings of the 61st Annual Meeting of the Association for Computational 
Linguistics (Volume 1: Long Papers), pages 16441–16463, Toronto, Canada. Association for 
Computational Linguistics (see Subsection 7.4.2). 

https://digitalcollection.zhaw.ch/handle/11475/22550
https://digitalcollection.zhaw.ch/handle/11475/22550
https://doi.org/10.18653/v1/2023.acl-long.908
https://doi.org/10.18653/v1/2023.acl-long.908
https://doi.org/10.18653/v1/2023.acl-long.908
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7.4.1 ACCESSIBILITY AND COMPREHENSIBILITY OF USER-GENERATED CONTENT: CHALLENGES 
AND CHANGES FOR EASY-TO-READ LANGUAGES 

REFERENCE: Regina Stodden. 2021a. Accessibility and comprehensibility of user-generated 

content: Challenges and chances for easy-to-understand languages. In Proceedings of the 3rd 

Swiss Conference on Barrier-free Communication (BfC 2020), pages 151–161, Winterthur (online). 
ZHAW Zürcher Hochschule für Angewandte Wissenschaften 

URL: https://digitalcollection.zhaw.ch/handle/11475/22550 

SUMMARY: This paper explores the comprehensibility of noisy user-generated content on so-
cial network sites for people with low literacy skills. It emphasizes content literacy instead of 
usability and technical accessibility, concluding that a CEFR (Common European Framework 

of Reference for Languages) level B2 is required to understand user-generated texts. As a result, 
simplification of these texts is necessary for individuals with lower reading and writing skills 

or a lower CEFR level than B2. 
The research focuses on four essential characteristics of user-generated texts, i.e., i) sentence 

and word length, ii) syntactic and lexical complexity, iii) reciprocal comments in real-time, and 

iv) emotions, humor, and verification. In comparison of English and German user-generated 

texts and news texts, it is found that user-generated texts are simpler than professionally written 

news texts in terms of word and sentence length but have a higher complexity in syntax and 

lexicon. 
In conclusion, while user-generated texts are more complex than other text types, they have 

the potential to become more accessible to individuals with lower literacy skills. This can be 

achieved through simplification efforts to reduce lexical and syntactical complexity, improve 

discourse understanding, clarify emotional statuses, and address the identification of fake news 

issues. Furthermore, incorporating social network sites and user-generated texts into the guide-
lines for easy-to-understand standards would greatly benefit users with lower reading and writ-
ing skills. 

https://digitalcollection.zhaw.ch/handle/11475/22550
https://digitalcollection.zhaw.ch/handle/11475/22550
https://digitalcollection.zhaw.ch/handle/11475/22550
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7.4.2 DEPLAIN: A GERMAN PARALLEL CORPUS WITH INTRALINGUAL TRANSLATIONS INTO PLAIN 

LANGUAGE FOR SENTENCE AND DOCUMENT SIMPLIFICATION 

REFERENCE: Regina Stodden, Omar Momen, and Laura Kallmeyer. 2023. DEplain: A German 

parallel corpus with intralingual translations into plain language for sentence and document 
simplification. In Proceedings of the 61st Annual Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 16441–16463, Toronto, Canada. Association for Compu-
tational Linguistics 

URL: https://doi.org/10.18653/v1/2023.acl-long.908 

SUMMARY: In this work, we propose a new parallel German corpus for text simplification called 

DEplain, created to advance sentence and document simplification in German. It consists of two 

main corpora: DEplain-APA, which contains news articles in plain German, and DEplain-WEB, 
a dynamic corpus with parallel texts from the Web. Both corpora are available for document 
and sentence simplification, with both manual and automated alignments to the sentence level. 

The manual alignments plus the sentence-wise alignments of the unaligned documents in 

the web-domain corpus can be used to evaluate different alignment algorithms for different do-
mains. We have adapted existing methods to German and evaluated them with respect to differ-
ent domains of German TS data and to different alignment types (i.e., 1:1 and n:m alignments). 
We concluded that MASSAlign is the most suitable aligner for our use case, as it i) produces 

n:m alignments and ii) has fairly high scores for 1:1 and n:m alignments. 
The resulting manual and automatic alignments have been analyzed based on human rat-

ings and annotations to better understand the quality and simplification processes within the 

data. Based on our human ratings, we have verified that DEplain also enables the evaluation 

of various simplification strategies through its variety of simplification and simplification op-
erations, from rephrasing to splitting and merging. Understanding these strategies can also 

improve the training of text simplification models. 
One use case of using DEplain (also demonstrated in the paper) is to train data-driven text 

simplification models. We have fine-tuned long-mBART on the document TS corpus and fine-
tuned the regular mBART on the sentence TS corpus, to further demonstrate the use of DEplain 

in training and evaluating text simplification models. We have also experimented with mixing 

DEplain-APA and DEplain-web: Comparing document simplification of long-mBART trained 

on APA or web, and trained on APA+web, combining the training data helps to produce better 
simplifications on DEplain-web test, but impairs the scores on DEplain-APA. Hence, fine-tuning 

only within the domain of the test set seems to be better than adding more data from another 
domain. Focusing on sentence simplification results, our mBART models trained on simplifi-
cation into German Plain and Easy Language achieve also good results on simplification for 
children. More evaluation is required, especially manual evaluation on the system-generated 

simplifications, to justify these findings. 

https://doi.org/10.18653/v1/2023.acl-long.908
https://doi.org/10.18653/v1/2023.acl-long.908
https://doi.org/10.18653/v1/2023.acl-long.908
https://doi.org/10.18653/v1/2023.acl-long.908
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7.5 TEXT SIMPLIFICATION EVALUATION 

In this Chapter, I am presenting my publications that mainly address the evaluation of text 
simplification, i.e., 

• Regina Stodden. 2021c. When the Scale is Unclear – Analysis of the Interpretation of Rating 

Scales in Human Evaluation of Text Simplification. In Proceedings of the First Workshop 

on Current Trends in Text Simplification (CTTS 2021), pages 84–95, Online. CEUR-WS (see 

Subsection 7.5.1), 
• David Arps, Jan Kels, Florian Krämer, Yunus Renz, Regina Stodden, and Wiebke Petersen. 

2022. HHUplexity at text complexity DE challenge 2022. In Proceedings of the GermEval 2022 

Workshop on Text Complexity Assessment of German Text, pages 27–32, Potsdam, Germany. 
Association for Computational Linguistics (see Subsection 7.5.2), and 

• Regina Stodden. 2024a. EASSE-DE & EASSE-multi: Easier automatic sentence simplifica-
tion evaluation for German & multiple languages. In Proceedings of the Third Workshop on 

Text Simplification, Accessibility and Readability (TSAR 2024), pages 107–116, Miami, Florida, 
USA. Association for Computational Linguistics (see Subsection 7.5.3). 

• Thorben Schomacker, Miriam Anschütz, Regina Stodden, Georg Groh, and Marina 

Tropmann-Frick. 2024. Overview of the GermEval 2024 shared task on statement seg-
mentation in German easy language (StaGE). In Proceedings of GermEval 2024 Shared Task 

on Statement Segmentation in German Easy Language (StaGE), pages 1–14, Vienna, Austria. 
Association for Computational Lingustics (see Subsection 7.5.4). 

http://ceur-ws.org/Vol-2944/paper6.pdf
http://ceur-ws.org/Vol-2944/paper6.pdf
https://aclanthology.org/2022.germeval-1.5/
https://doi.org/10.18653/v1/2024.tsar-1.11
https://doi.org/10.18653/v1/2024.tsar-1.11
https://aclanthology.org/2024.germeval-1.1/
https://aclanthology.org/2024.germeval-1.1/
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7.5.1 WHEN THE SCALE IS UNCLEAR – ANALYSIS OF THE INTERPRETATION OF RATING SCALES IN 

HUMAN EVALUATION OF TEXT SIMPLIFICATION 

REFERENCE: Regina Stodden. 2021c. When the Scale is Unclear – Analysis of the Interpretation 

of Rating Scales in Human Evaluation of Text Simplification. In Proceedings of the First Workshop 

on Current Trends in Text Simplification (CTTS 2021), pages 84–95, Online. CEUR-WS 

URL: http://ceur-ws.org/Vol-2944/paper6.pdf 

SUMMARY: This paper examines the interpretation of evaluation scales for human judgments 

on the quality of automatically simplified texts, particularly regarding meaning preservation 

and simplicity. The study analyzes five text simplification datasets and compares the ratings 

of simplification pairs where the original and simplified sentences are identical. The main re-
search questions address the consistency of labels used by human annotators for the simplicity 

of identical sentence pairs, the meaning preservation of identical sentence pairs, and whether 
annotators stick to their interpretation of a scale in all ratings. We are using identical (or no-
change) pairs as the control variable because, in this case, for all annotators, the effect of the 

simplification is the same (i.e., no effect). So, we do not need to consider subjective simplicity 

assessments in our analysis. 
The paper indicates that human annotators mostly agree on one label, the highest value, in 

the judgments of meaning preservation. In contrast, different interpretations of the simplicity 

scale were found in the dataset with crowd-sourced human ratings on a scale from 0 to 100. 
Some raters preferred the lowest value (i.e., 0), and others the middle value of the scale (i.e., 
50) to indicate the same level of simplicity in identical pairs. However, for two other data sets 

with expert annotations on a scale from −2 to +2, the interpretation of the scale was better 
understood and more consistent; the annotators preferred the neutral middle score (i.e., 0). 

We emphasize in this study that best practices for human evaluation of text simplification are 

required to reduce misinterpretations of the scales, including defining the scales more clearly, 
using scales with a neutral element, providing examples, or relying on experts for annotations. 

http://ceur-ws.org/Vol-2944/paper6.pdf
http://ceur-ws.org/Vol-2944/paper6.pdf
http://ceur-ws.org/Vol-2944/paper6.pdf
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7.5.2 HHUPLEXITY AT TEXT COMPLEXITY DE CHALLENGE 2022 

REFERENCE: David Arps, Jan Kels, Florian Krämer, Yunus Renz, Regina Stodden, and Wiebke 

Petersen. 2022. HHUplexity at text complexity DE challenge 2022. In Proceedings of the GermEval 
2022 Workshop on Text Complexity Assessment of German Text, pages 27–32, Potsdam, Germany. 
Association for Computational Linguistics 

URL: https://aclanthology.org/2022.germeval-1.5 

SUMMARY: This paper discusses a submission to the shared task called Text Complexity DE 

Challenge 2022, in which the authors aimed to predict the complexity of German sentences as 

measured by the Mean Opinion Score (MOS). We compared the performance of various regres-
sion architectures and transformer language models in combination with hand-crafted features. 
Our best model is a fine-tuned German DistilBert model with a regression head without adding 

the linguistic features. This model ranked 7th place in the shared task. 
Overall, we have calculated 349 features from seven categories, including length, readability 

assessment, language proficiency, morphological features, and more. The most novel features 

are based on a fine-tuned 3-class text level classifier which predicts whether a given sentence 

is written rather for children, youth, or adults. The predicted labels and the softmax scores per 
label have been used as additional text level features. 

Further, we have experimented with fine-tuning various language models directly on the re-
gression task, including English, German, and multilingual versions of BERT and DistilBERT. 
When combining a transformer language model with and without addition of linguistic fea-
tures, the features did not improve the results over the fine-tuning baseline. Although many 

linguistic features had a high correlation with the MOS scores, they were outperformed by a 

simple fine-tuned transformer language model. 

https://aclanthology.org/2022.germeval-1.5/
https://aclanthology.org/2022.germeval-1.5
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7.5.3 EASSE-DE & EASSE-MULTI: EASIER AUTOMATIC SENTENCE SIMPLIFICATION EVALUA-
TION FOR GERMAN & MULTIPLE LANGUAGES 

REFERENCE: Regina Stodden. 2024a. EASSE-DE & EASSE-multi: Easier automatic sentence 

simplification evaluation for German & multiple languages. In Proceedings of the Third Workshop 

on Text Simplification, Accessibility and Readability (TSAR 2024), pages 107–116, Miami, Florida, 
USA. Association for Computational Linguistics 

URL: https://aclanthology.org/2024.tsar-1.11 

SUMMARY: In this paper, we propose EASSE-multi, a framework for easier automatic sentence 

simplification evaluation for languages other than English. It contains tokenizers and evaluation 

metrics suitable for multiple languages. The adaptation of EASSE for non-English languages 

includes adjustments such as a language constant to specify the evaluated language, language-
specific evaluation metrics, and additional tokenizers that consider languages other than En-
glish. This approach ensures that EASSE-multi is language-independent and more robust for 
evaluating non-English texts. 

The paper demonstrates the usage of EASSE-multi for German TS resulting in EASSE-DE. In 

comparing the results generated by EASSE and EASSE-DE, we have shown that it is important 
to consider the language of the text when evaluating. Language-wise settings in EASSE can 

impact the TS metrics, e.g., different tokenization effects SARI and BLEU or English vs. multi-
lingual BERTScore. Based on the findings, we recommend reporting which settings were used 

during the evaluation, as they can significantly influence the TS metrics. The scores may be 

lower when using EASSE-DE compared to EASSE, but we argue that these are more reliable 

due to their language sensitivity. 
In addition, EASSE-multi helps to make sentence simplification evaluation in languages 

other than English better and easier to compare. We have gathered available German test sets 

and system outputs in EASSE-DE, which can be used as a benchmark for German TS. 

https://doi.org/10.18653/v1/2024.tsar-1.11
https://doi.org/10.18653/v1/2024.tsar-1.11
https://aclanthology.org/2024.tsar-1.11
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7.5.4 OVERVIEW OF THE GERMEVAL 2024 SHARED TASK ON STATEMENT SEGMENTATION IN 

GERMAN EASY LANGUAGE (STAGE) 

REFERENCE: Thorben Schomacker, Miriam Anschütz, Regina Stodden, Georg Groh, and Ma-
rina Tropmann-Frick. 2024. Overview of the GermEval 2024 shared task on statement segmen-
tation in German easy language (StaGE). In Proceedings of GermEval 2024 Shared Task on State-
ment Segmentation in German Easy Language (StaGE), pages 1–14, Vienna, Austria. Association 

for Computational Lingustics 

URL: https://aclanthology.org/2024.germeval-1.1 

SUMMARY: The paper introduces a new approach and benchmark regarding the evaluation 

of syntactic simplification of texts written in German Easy Language. Following most German 

Easy Language guidelines, a sentence should contain just “few statements”, but it is not defined 

what a statement actually means. In this work, we are presenting an approach to statement 
identification. For example, each full verb of a sentence is assigned to one statement, and each 

non-obligatory argument of this verb is considered as an additional statement.2 

We have annotated in total more than 4,300 sentences of more than 350 Hurraki articles3 

with their number of statements (subtask 1) as well as the spans of the statements (subtask 

2). The data (including labels) and the scoring program are openly available.4 This data is the 

basis of the GermEval 2024 shared task on statement segmentation in German Easy Language, 
in which three teams have participated, and of which two have addressed both subtasks. 

The first team (called FriGHt) addresses the task by proposing a model based on binary 

labeling by using a BERT model to identify the head of a statement. Based on dependency trees 

of the sentences, the children of each identified head are then marked as part of one statement. 
The second team (called KlarTextCoder) proposes a rule-based model, a feature-based model, a 

BERT-based approach, and a LLM-based approach. The BERT-based model is the best approach 

for both tasks and the winning system. The third team has not provided a system description. 
However, both teams could easily beat the baselines (i.e., random baseline and all-

statements-equal-1 baseline), but their systems still had challenges in identifying the number 
and segments of the statements. We believe that our dataset as well as the first system 

approaches regarding automatic identification of statements in German Easy Language can 

be helpful in future work to detect complex German sentences by focusing on the syntax in 

addition to previous work regarding lexical complexity. 

2 The complete annotation guideline is available here: https://german-easy-to-read.github.io/ 
statements/annotations/. 

3 https://hurraki.de/ 
4 https://github.com/german-easy-to-read/statements 

https://aclanthology.org/2024.germeval-1.1/
https://aclanthology.org/2024.germeval-1.1/
https://aclanthology.org/2024.germeval-1.1
https://german-easy-to-read.github.io/statements/annotations/
https://german-easy-to-read.github.io/statements/annotations/
https://hurraki.de/
https://github.com/german-easy-to-read/statements
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7.6 GERMAN TEXT SIMPLIFICATION MODELS 

In this Chapter, I am presenting my publications that mainly address German text simplification 

models, i.e., 

• Regina Stodden. 2024b. Reproduction & benchmarking of German text simplification sys-
tems. In Proceedings of the Workshop on DeTermIt! Evaluating Text Difficulty in a Multilingual 
Context @ LREC-COLING 2024, pages 1–15, Torino, Italia. ELRA and ICCL (see Subsec-
tion 7.6.1), and 

• Regina Stodden and Phillip Nguyen. 2024. Can text simplification help to increase the 

acceptance of E-participation? In Proceedings of the First Workshop on Language-driven Delib-
eration Technology (DELITE) @ LREC-COLING 2024, pages 20–32, Torino, Italia. ELRA and 

ICCL (see Subsection 7.6.2). 

https://aclanthology.org/2024.determit-1.1/
https://aclanthology.org/2024.determit-1.1/
https://aclanthology.org/2024.delite-1.3/
https://aclanthology.org/2024.delite-1.3/
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7.6.1 REPRODUCTION & BENCHMARKING OF GERMAN TEXT SIMPLIFICATION SYSTEMS 

REFERENCE: Regina Stodden. 2024b. Reproduction & benchmarking of German text simplifica-
tion systems. In Proceedings of the Workshop on DeTermIt! Evaluating Text Difficulty in a Multilingual 
Context @ LREC-COLING 2024, pages 1–15, Torino, Italia. ELRA and ICCL 

URL: https://aclanthology.org/2024.determit-1.1 

SUMMARY: We reproduced eight TS systems, including rule-based, fine-tuned, and autore-
gressive models, and found three main issues: reproduction impossibility due to missing de-
tails, restricted access to data/models, or copyright issues; variations in reproduction, making 

comparisons less meaningful; and differences in evaluation scores between reported and repro-
duced models due to different system outputs or implementations of metrics. 

We reviewed existing German TS models and found six that could be reproduced. We com-
pared the scores of the reproduced models with the original papers to assess if they matched. 
However, we found that the reproduced Sockeye-APA-LHA model was not comparable to the 

original. The system generations of zero-shot BLOOM, random 10-shot BLOOM, and similar-
ity 10-shot BLOOM seemed slightly different from the original. The mBART-DEplain-APA and 

mBART-DEplain-APA+web models had minor differences from the original models. 
In previous work, due to different test sets and evaluation metric implementations, the mod-

els’ results are not comparable. To address this, we propose a German sentence simplification 

benchmark using 11 models (i.e., 8 reproduced and 3 newly built models) across 7 test sets. 
The evaluation results indicate that the models perform best in the test set of the corpus they 

were trained on. However, mBART-DEPlain-APA, mT5-DEplain-APA, and sockeye-DEplain-
APA, which are trained on the same data, show differences in performance due to their distinct 
system architectures. The analysis also reveals that data augmentation strategies affect system 

generations’ quality: e.g., automatically aligned data and data from different domains seem to 

lower the quality of mBART-DEplain-APA+web generations in the news domain. 
The results show that no single system ranks the best in all the test sets with respect to 

BLEU and SARI. The additional data on which BLOOM and mBART are pre-trained seem to 

positively affect the system generations or at least the evaluation scores. Some models, like 

mBART-DEplain-APA+web, achieve good scores on data with domains and target groups they 

were not trained on, suggesting that they have learned some universal simplification. Overall, 
the analysis based on SARI vs. BERTScore ranks different models as best, indicating the need 

for more research on the suitability of evaluation metrics, particularly for test sets with only one 

reference, to ensure a more reliable interpretation of the German TS benchmark. 
Overall, the study emphasizes the importance of transparency for reproducibility and mean-

ingful model comparisons. We recommend publishing details related to the model, check-
points, code, and training methodologies for better reproducibility and comparison. Further-
more, we suggest releasing system generations for further analyses. 

https://aclanthology.org/2024.determit-1.1/
https://aclanthology.org/2024.determit-1.1/
https://aclanthology.org/2024.determit-1.1
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7.6.2 CAN TEXT SIMPLIFICATION HELP TO INCREASE THE ACCEPTANCE OF E-PARTICIPATION? 

REFERENCE: Regina Stodden and Phillip Nguyen. 2024. Can text simplification help to increase 

the acceptance of E-participation? In Proceedings of the First Workshop on Language-driven Deliber-
ation Technology (DELITE) @ LREC-COLING 2024, pages 20–32, Torino, Italia. ELRA and ICCL 

URL: https://aclanthology.org/2024.delite-1.3 

SUMMARY: In this study, we aimed to explore the effect of text simplification in real-world 

applications, here online deliberative platforms. A near-realistic experimental study with 276 

participants was conducted, simulating a participatory budgeting process. We found that the 

type of text simplification and the role of participants have no direct influence on the intention 

to use e-participation, although a higher level of participation cannot be achieved through text 
simplification. The results showed that people with reading and writing difficulties preferred 

text simplification for proposals in e-participation processes, regardless of whether manual or 
automatic simplification. 

We have observed that proposal texts seemed difficult to understand for non-native speakers 

and even for native speakers with reading difficulties. People with reading and writing deficits 

perceived more confusing terms in proposals and found them more difficult to comprehend 

due to their length than people without these deficits. Further, we analyzed whether writing or 
reading a simplification has an effect: we found that text simplification did not negatively impact 
the acceptance of e-participation processes, regardless of whether individuals had written or 
read proposal texts. 

Overall, the results suggest that NLP, especially automatic text simplification, may be ben-
eficial in online deliberation platforms, particularly for people with reading and writing diffi-
culties, and could potentially reduce the language barrier of such processes. 

https://aclanthology.org/2024.delite-1.3/
https://aclanthology.org/2024.delite-1.3/
https://aclanthology.org/2024.delite-1.3
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Chapter 8 
Discussion & Future Works 

8.1 OVERVIEW OF THE CHAPTER 

Within the context of my PhD thesis, I investigated how German text simplification can be sup-
ported through machine learning methods. In the final chapter, I will discuss and summarize 

how my research has helped to facilitate future German text simplification research and how it 
has helped to narrow or close the research gaps and questions opened in Part I. I will consider 
each component of the text simplification workflow and review my findings of the contributions 

made by me and my co-authors in a comprehensive manner (see Figure 8.1). Furthermore, I 
will suggest potential directions for future research in the field of German text simplification. 

The remainder of this chapter is organized following the components of the text simpli-
fication workflow (see Figure 8.1) and their corresponding research questions (see Subsec-
tion 1.2.1). In more detail, this chapter contains contributions regarding simplicity and sim-
plification (see Section 8.2; component 0 in TS workflow), building text simplification corpora 

(see Section 8.3; components A to F), German simplification corpora (see Section 8.4; compo-
nents B, E, and F), evaluation of text simplification (see Section 8.5; component H), and models 

of German text simplification (see Section 8.6; components G to J). 

8.2 COMPLEXITY & SIMPLIFICATION 

As previously introduced, identification of complexity and applied simplification operations are 

relevant tasks in the scope of text simplification (see step 0 in text simplification workflow) in 

order to understand i) what makes a text complex or simple, ii) whether simplification of a text 
is required, iii) and, if yes, to which extent. Furthermore, knowledge regarding simplification 

operations can help identify the extent of simplification as well as identify the characteristics of 
the simplification processes in different languages and language varieties. 

In this section, I will discuss the extent to which my research has contributed to improve the 

identification of sentence and word complexity in German texts. It will also address the role of 
simplification operations in these tasks. 
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8.2.1 RQ 2-1: GERMAN SIMPLIFICATION OPERATIONS 

In previous research, many guidelines and rules have been proposed for writing simpler Ger-
man (e.g., Bredel and Maaß 2016; Netzwerk Leichte Sprache 2022; Baumert 2018; Deutsches In-
stitut für Normung (DIN) 2023; Bock and Pappert 2023; Deutsches Institut für Normung (DIN) 

2024b), but it has not been clear whether or to what extent they have been actually applied in 

the manual simplification of German texts. As a consequence, the variety and extent of how 

simplification operations have been considered in German data-driven text simplification have 

not been discussed before. 
We have addressed RQ 2-1 regarding commonly used simplification operations in German 

TS by narrowing the gap between manual and automatic German text simplification. In Stod-
den (2022) (see Subsection 7.3.1), we have reviewed 100 publications regarding simplification 

operations, that is, 41 documents on recommendations for German Plain and Easy Language 

and 59 documents regarding features taken into account in automatic text simplification of five 

languages (i.e., Czech, German, English, Spanish, and Italian).1 Based on this literature review, 
including related typologies of other languages (e.g., Italian Brunato et al., 2015, Spanish Bott 
and Saggion, 2014, Basque Gonzalez-Dios et al., 2018, and French Koptient et al., 2019), we have 

built the first typology for simplification operations in German ATS (see Section 5 in Stodden 

2022, and Table 2 in Stodden and Kallmeyer 2022). In contrast to guidelines regarding how 

to write simplified languages, the typology includes not only recommendations to avoid com-
plex linguistic phenomena, but also includes strategies on how to rewrite it wrt. simplicity, e.g., 
lexical substitution with hyponyms or hypernyms, or changing the subject-verb order. 

A visual overview of the typology is provided in Figure 8.2. The typology is grouped into 

the text levels on which the operation will be performed (see y-axis), i.e., word, phrase, sentence 

or text level, and the priority of the operation (see x-axis), i.e., 1 to 4, where 1 is the highest. The 

more often an operation has been named in the publications, the higher the priority. Further-
more, the typology includes main operation classes (see operations highlighted in bold face) 

and subclasses (see operations grouped into boxes) which allow for different levels of granu-
larity. 

Based on the analysis and typology, we revealed that some of the simplification operations 

are general for simplification across languages and domains, e.g., complex word replacement 
or sentence splitting. But, we have also identified operations that are more specific for one lan-
guage, e.g., compound segmentation or explanation generation for German (Stodden, 2021b). 
Furthermore, we found that the named operations are frequently mentioned in German simpli-
fication guidelines but are currently not considered in TS research. Reasons for this might be 

that long, one-token compounds are frequent in German, but not in other languages of current 
TS research. On the other hand, we found that copying text from the original to the simpli-
fied text (e.g., if words or sentences are simple enough and do not require simplification) is 

often mentioned in TS research, but rarely in German simplification guidelines. Copying might 
be of higher relevance in automatic in TS as it is relevant for rule-based models as well as for 
evaluation, e.g., in SARI. 

1 Not enough resources on German simplification has been available for a literature review on only
German TS. 
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Figure 8.2: Typology of German simplification operations. 

As manually verifying the existence of the simplification operations is very time consuming, 
in Stodden and Kallmeyer (2020) (see Subsection 7.2.1), we have implemented an automatic ex-
traction of linguistic features considering the operations of the typology to get first insights re-
garding the simplification processes in the TS corpora. We used the feature extraction approach 

to compare simplification operations across languages (i.e., German, English, Czech, and Ital-
ian) and domains (i.e., news, web, and Wikipedia) using gold simplification corpora. Similarly 

to Vajjala and Meurers (2014), Scarton et al. (2017), and Finnimore et al. (2019), we have found 

that text simplification seems to be consistent across languages and domains (using our feature 

set), but features might be weighted differently per language (e.g., compound splitting is more 

relevant for German than for English). 

However, this typology still leaves some room for improvement, e.g., regarding document 
simplification. Focusing more on discourse-aware simplification within a whole document, 
other simplification operations could play a more prominent role, e.g. moving sentences from 

bottom to top following their relevance (e.g., see Lin et al. 2021), or coherence in terms of 
making sentence contexts and connections between sentences more obvious (e.g., see Vásquez-
Rodríguez et al. 2023). Currently, the existing typology could help for more fine-grained evalu-
ation at the sentence level, but in the future, the document level should be put more into focus. 

Furthermore, in addition to automatic annotation of the linguistic operations, the typology 

could also be used to manually annotate manual or automatic simplifications. On the one hand, 
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this would facilitate a better understanding of the variety of a corpus or the capabilities of a 

text simplification system. On the other hand, we could verify the quality of our automatic 

feature extraction compared to manual annotations of the operations. In the next subsection 

(Subsection 8.2.2), I will introduce how automatic feature extraction can be used to identify 

the complexity of a word or sentence. In Subsection 8.3.2, I will further discuss the manual 
application of the typology on our proposed corpus DEplain. 

8.2.2 RQ 2-2: IDENTIFICATION AND EXPLANATION OF COMPLEX TEXTS 

Moreover, research on the automatic identification and explanation of complexity passages in 

German texts is rare. To overcome this research gap and answer RQ 2-2 about how and to what 
extent complex passages can be identified by presenting valuable knowledge of our contribu-
tions, I present our contributions regarding complexity prediction, i.e., Stodden and Venugopal 
(2021) and Arps et al. (2022). 

Only a few studies exist regarding complex word identification (CWI), that are, five systems 

that have been built in the scope of the CWI shared task in 2018 (Yimam et al., 2018), as well as 

only a few systems regarding the prediction of lexical complexity in German, i.e., two system 

proposals in the MLSP shared task 2024 (Shardlow et al., 2024). 

Unfortunately, as there are too few data on the identification of complex German words 

within the duration of conducting my PhD, I first tackled the prediction of English lexical com-
plexity (with regard to words within a sentence) in Stodden and Venugopal (2021) (see Subsec-
tion 7.2.2). Then, I tried to transfer these findings to the prediction of the complexity of German 

sentences in (Arps et al., 2022). Both approaches are based on the extraction of linguistic fea-
tures using the implementation of Stodden and Kallmeyer (2020) (see Subsection 7.2.1). 

However, the transfer to the German sentence level has not been successful; our best Ger-
man sentence complexity prediction model is a simple fine-tuned transformer model with a 

classification head (Arps et al., 2022) (see Subsection 7.5.2). In fact, the addition of linguistic 

features to this model has reduced its performance. Following this, we can conclude wrt. RQ 

2-2 that automatic identification of complex text passages is still challenging due to the high 

subjectivity of complexity and the lack of quantifiable ways to measure it. Further investigation 

is required to classify and identify complex passages of a German text. Our approach has been 

already used by Thome et al. (2024): they combined also fine-tuning of a BERT model with 

additional features for complexity prediction of German sentences. However, they included 

person-related features instead of linguistic features and achieved a higher RMSE score on the 

same test set (i.e., TextComplexityDE) than our approach. 

In future work, our findings could be combined with recent work, e.g., the resources and 

results of Shardlow et al. (2024) or the text leveling models of Klepp (2022a). The improved 

work could then be integrated into the text simplification workflow, e.g., by identifying complex 

sentences of a document that require simplification (e.g., see Garbacea et al. 2021) or as an 

automatic evaluation method wrt. simplicity in extension to or as a replacement of readability 

metrics. 
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8.3 BUILDING TEXT SIMPLIFICATION CORPORA 

In automatic TS, parallel corpora are precious resources for training and evaluating TS systems 

(see steps B and E in the text simplification workflow). Ideally, these corpora should contain 

document pairs, paragraph pairs, or manually aligned sentence pairs consisting of the origi-
nal text and its corresponding professionally simplified text (see step C in the text simplifica-
tion workflow). Currently, however, high-quality resources and corpora of this type are rare 

(BUILDING CHALLENGE A) and often of comparably small size (see DATA CHALLENGE E), e.g., Sim-
ple German Corpus ’13 (Klaper et al., 2013), APA-RST (Hewett, 2023), or ABGB Meister 2023. 
Reasons for this are, for example, that manual sentence-wise alignment is very time-consuming 

and there is no digital assistance for manual sentence-wise alignment (BUILDING CHALLENGE B). 
Therefore, if a sentence simplification corpus is of a comparable larger size (e.g., more than 

1, 000 sentence pairs), the pairs are often automatically aligned and contain many misalign-
ments (BUILDING CHALLENGE C). Also, often resources that were not designed for TS in the first 
place are often used to train TS systems (Stajner, 2021) (see DATA CHALLENGE F), i.e., comparable 

but not parallel resources (e.g., see Wikipedia Corpus Ebling et al. 2022, Lexica Corpus Hewett 
and Stede 2021, or 20min Rios et al. 2021). However, quality control of the corpora is missing 

before using them for training or evaluation due, e.g., to a lack of a set of criteria for high-quality 

corpora (see BUILDING CHALLENGE D). In the remainder of this section, I discuss how my work 

has addressed these issues. 

8.3.1 RQ 3-1: CORPUS CREATION CHALLENGES 

Within the sections of the state of research regarding TS corpora (see Chapter 3 and Chapter 4), 
I have already introduced the main challenges in the process of creating parallel corpora (see 

RQ 3-1) that I have also identified in my publications, i.e., Stodden and Kallmeyer (2022) and 

Stodden et al. (2023). In summary, I have identified the following challenges as most important 
for the corpus building process that answers the first part of RQ 3-1: 

• BUILDING CHALLENGE A: lack of accessible resources for parallel corpora, 

• BUILDING CHALLENGE B: time-consuming manual sentence-wise alignment and missing 

digital assistance for manual sentence-wise alignment, 

• BUILDING CHALLENGE C: missing reliability of automatic alignment methods, and 

• BUILDING CHALLENGE D: missing quality control of the corpora due to a lack of a set of 
criteria for high-quality corpora. 

In order to tackle the second part of RQ 3-1, we have proposed some methods to overcome 

these challenges: to facilitate the creation of new corpora considering sentence-wise alignment, 
in this work, we have proposed a web harvester (see Subsubsection 8.3.1.1), an annotation tool 
(see Subsubsection 8.3.1.2), and made available manually and automatically aligned sentence 

pairs as well as automatic alignment methods (see Subsubsection 8.3.1.3). 
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8.3.1.1 WEB HARVESTER 

In Stodden et al. (2023) (see Subsection 7.4.2), we have proposed a web harvester to collect 
parallel data from the web and tackle BUILDING CHALLENGE A.2 The tool harvests documents in 

simplified German and aligns them with complex documents if available. The output of the 

web harvester is parallel plain texts of complex-simple documents which can be directly used 

to build a document simplification corpus (see step B in the TS workflow). The harvester code 

is also capable of being integrated into our TS-ANNO annotation tool (see below). 
Compared to other web harvesters introduced in Section 4.1 and Subsection 4.7.3, our web 

harvester includes more parallel resources than other harvesters (e.g., KED by Jach 2023, Leiko 

by Jablotschkin and Zinsmeister 2020 or Klepp, 2022b). However, it focuses more on German 

Plain Language than German Easy Language, while most of the other corpora focus on the 

latter (e.g., Anschütz et al. 2023 or SGC ’23 by Toborek et al. 2023). For a full comparison of the 

existing web harvesters, including ours, see Appendix. 
In future work, our web harvester and those of related work could be merged to a huge 

web harvester of both German Plain and Easy Language. Furthermore, our web harvester is 

currently sensitive to changes in the to-be-crawled webpages. Therefore, in another version, 
the harvester could be extended to rely on archived URLs, such as proposed by Toborek et al. 
(2023). 

8.3.1.2 ANNOTATION TOOL 

In order to facilitate manual alignment and manual annotation of the parallel documents (e.g., 
crawled with the web harvester) for sentence simplification corpora (see BUILDING CHALLENGE 

B), in Stodden and Kallmeyer (2022) (see Subsection 7.3.2), we have proposed an annotation 

tool called TS-ANNO, which is designed especially for the purpose of building and annotating 

text simplification corpora. 
In general, TS-ANNO supports all parts of the corpus building process, that is, using a web 

harvester (step A in Figure 8.5), resulting in parallel document simplification corpora (step B), 
manual simplification (step C.1), manually aligning complex-simple sentence pairs (step C.2), 
creating simplification plans per document (step D), resulting in sentence simplification cor-
pora (step E), and annotating simplification operations and simplification quality (step F). To 

the best of my knowledge, TS-ANNO is the only annotation tool that covers the whole TS cor-
pus building process; other tools, e.g., just support alignment (e.g., Tiedemann 2006, Paetzold 

et al. 2017), simplification (e.g., Caseli et al. 2009), quality annotation (see, e.g., Alva-Manchego 

et al. 2020a or Gonzalez-Dios et al. 2018), or error annotation (e.g., Heineman et al. 2023). 
We have already used TS-ANNO to build, align, and annotate new document and sentence 

simplification corpora, i.e., DEplain-APA and DEplain-web (Stodden et al., 2023) (see Subsec-
tion 8.4.2 for more details). Additionally, we have recently also extended TS-ANNO in order to 

facilitate error annotation in complex-simple pairs of manually simplified as well as automat-
ically simplified texts for our research on error annotation in German TS system outputs (see 

Lemgen 2024). 
2 The code of the web harvester is available here https://github.com/rstodden/data_collection_ 

german_simplification [last update: June 19, 2023; last access: July 24, 2024]. 

https://github.com/rstodden/data_collection_german_simplification
https://github.com/rstodden/data_collection_german_simplification
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In further work, I want to extend the simplification step by providing an automatically sim-
plified draft of any TS model; currently, TS-ANNO supports only one multilingual model, i.e., 
MUSS (Martin et al., 2022). 

8.3.1.3 SENTENCE-WISE ALIGNMENT 

As text simplification is often performed on a sentence level, three additional problems of TS 

corpora arise: no sentence-level alignment in document-level corpora (e.g., see Lexica Cor-
pus Hewett and Stede 2021, Klexikon Aumiller and Gertz 2022, or 20Minuten Rios et al. 2021), 
alignments do not consider all n:m alignment types (e.g., see Toborek et al. 2023), or error-prone 

automatic sentence alignment (e.g., Spring et al. 2021) (Stajner, 2021). That is why sentence-
wise alignment (see step C in TS building process) is the biggest challenge when building new 

representative sentence corpora (see step E); no matter if manually (see BUILDING CHALLENGE B) 

or automatically (see BUILDING CHALLENGE C) aligned. Furthermore, not only is the alignment 
process itself a challenge, but also finding a balance between 1:1 and n:m alignment pairs. 

MANUAL ALIGNMENT In order to facilitate manual sentence-wise alignment (see BUILDING 

CHALLENGE B), we have proposed TS-ANNO which is capable of all n:m alignment types 

and crossing alignments (for more information on alignment types, see Stodden 2022). We 

have already used the tool in practice when aligning the parallel documents of our DEplain 

corpus, that is based on documents gathered with our web harvester as well as news texts of 
the Austrian Press Agency (APA). The alignment process has resulted in the sentence-level 
TS corpus of DEplain (see Subsection 8.4.2), i.e., 1,846 sentence pairs of web texts (called 

DEplain-web) and 13,122 sentence pairs of news texts (called DEplain-APA). 
When analyzing the DEplain corpus and other corpora more closely regarding their align-

ment types on the sentence level, most corpora contain only a small portion of n:m alignments 

(e.g., less than 10% in automatically aligned APA-LHA Spring et al. 2021; see Table 4.8 and Ta-
ble 4.9) even if n:m alignments are a frequent result of various simplification operations, e.g., 
merging, splitting, or sentence fusion. In comparison, in our DEplain-APA corpus (Stodden 

et al., 2023), we found that roughly 50% of our manually aligned sentence pairs are 1:1 pairs 

(including ■ rephrases and ■ identical pairs in Figure 8.3a), 10% are a 1:n (see ■ split), 1.5% 

m:1 (see ■ merge), 1.8% m:n (see ■ sentence fusion), and the remaining are split into dele-
tion (roughly 22%, see ■ deletion) and addition (roughly 15%, see ■ addition). However, the 

APA-RST corpus (see Subsection 4.3.5) which is built on the same data as DEplain-APA and 

also manually aligned, contains more rephrases and splits, but fewer deletions and identical 
sentence pairs (see Figure 8.3c). This might be due to different alignment strategies or due to a 

different data sample and sample size, i.e., 5 documents in APA-RST vs. 483 document pairs in 

DEplain-APA. 
However, for the alignment types in the web domain with various simplification purposes, 

i.e., DEplain-web, we found a different picture (see Figure 8.3b). In this corpus, most complex 

sentences have been deleted (41%, see ■ deletion), but 21% of simple sentences added (see 

■ addition), 23% 1:1 alignments (see ■ rephrase and ■ identical), 10% 1:n (see ■ split) and 

roughly 1% of each n:1 (see ■ merge) and n:m (see ■ fusion). 
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(a) DEplain-APA (n=13,122) (b) DEplain-web (n=1,846) (c) APA-RST-B1-A2 (n=200) 

Figure 8.3: Alignment types in different German TS corpora. 

In order to find reasons for the different distribution of alignment types in the three corpora, 
we had a closer look at the simplification plans of a few documents. Figure 8.4 provides visual-
ization of the manual alignment of three documents of different domains, i.e., language learner 
texts (see Figure 8.4a), news (see Figure 8.4b), and health texts (see Figure 8.4c). Each docu-
ment is an example of the typical alignment of the documents of this resource: for example, 
in texts of Alumniportal, many sentences are copied from the complex document (i.e., written 

for people with CEFR level B1) to the simplified document (i.e., written for people with CEFR 

level A2). The most common simplification technique used in APA texts is rephrasing. Another 
common practice is splitting a long sentence into several shorter ones. Additionally, the texts 

are reordered during simplification, which results in crossing alignment lines (see complex sen-
tences 19 and 20 in Figure 8.4b). In contrast, the simplified documents of Apotheken Umschau 

are much shorter than the original documents (hence, they contain many deletions), although 

they contain many sentences which cannot be aligned to any complex sentence (i.e., additions; 
see simple sentences 7 to 11 or 31 to 35 in Figure 8.4c). Characteristics of this resource are also 

a high variation between alignment types, i.e., splitting, sentence fusion, rephrasing, deletion, 
and addition, as well as crossing alignment lines due to the reordering of the document’s con-
tent. 

We have also analyzed the inter-annotator agreement between the two annotators of the 

DEplain corpus wrt. different text resources (i.e., domains and target group) to check if or 
to which extent the annotators follow the alignment guidelines and if they understood it the 

same way. As summarized in Table 8.1, it seems that manual alignment is still a challenging 

task. Although both annotators have been provided with the same annotation guidelines, they 

achieved almost perfect agreement for only one domain (that is, language learner texts from 

the AlumniPortal) and high moderate agreement for another domain (that is, news texts from 

DEplain-APA), which contain weakly to moderately simplified text pairs from CEFR level B1 

to A2 where the first has a low amount of n:m alignments. In contrast, the annotators achieved 

a weak agreement for health-related texts (i.e., texts by Apotheken Umschau or BZFE), which 

contain many n:m alignments with long distance cross alignments. Hence, we conclude that the 

alignment is dependent on the domains and the simplification strength of the texts. 
In order to answer RQ 3-1 wrt. manual alignment, the alignment has been significantly 

faster when using TS-ANNO than when aligning the texts without assistance, i.e., copying sen-
tence pairs from text files. Furthermore, TS-ANNO could save time in the annotation process 

regarding the alignment of identical pairs, deletions, and additions because they have been au-
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(b) APA document with four news items sepa-
rated by a dashed line (Title: “Nachrichten

(a) Alumniportal document (Title: “Mensch 
ärgere Dich nicht – spiele!”; ID = 103). 

leicht verständlich vom 20191021”; ID = (c) ApothekenUmschau document (Title: 
403). “Arthrose der Hand- und Fingergelenke”;

ID: 291). 

Figure 8.4: Alignments between complex document (left) and simple document (right). The full docu-
ment texts can be found in the Appendix. 
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Domain κ Avg. Std. Interpretation # Sents # Docs 

bible 0.7011 0.31 moderate 6,903 3 
health 0.5147 0.28 weak 13,736 6 
language learner 0.9149 0.17 almost perfect 18,493 65 
narrative 0.6131 0.39 moderate 23,289 3 
news 0.7497 0.28 moderate 25,224 10 
all 0.8505 0.23 strong 87,645 87 

Table 8.1: Inter-Annotator agreement per domain including average, standard deviation, number of sen-
tence combinations (# sents), and number of documents (# docs). Copied from Stodden et al. 
(2023). 

tomatically added to the corpus after finishing the alignment of a document. Additionally, the 

“find-a-similar-sentence” function has helped to make faster decisions regarding the alignment 
of complex and simple sentences, especially for crossing and long distance sentence pairs. How-
ever, manual alignment is still time-consuming; hence, reliable automatic alignment seems to 

be of high relevance to create large corpora (with more than 1,000 sentence pairs). 

AUTOMATIC ALIGNMENT In order to also tackle the alignment with automatic methods (see 

BUILDING CHALLENGE C and DATA CHALLENGE G), in Stodden et al. (2023), we have adapted ex-
isting alignment methods to German, applied, and evaluated them on different domains of 
German TS data (i.e., DEplain-APA and DEplain-web). In addition to existing studies on the 

suitability of automatic alignment methods for German TS, e.g., see Spring et al. (2022), Spring 

et al. (2023), or Toborek et al. (2023), we have evaluated more alignment methods (e.g., BERTAl-
ign Liu and Zhu 2022 or SentenceTransformer Reimers and Gurevych 2020 with LABSE Feng 

et al. 2022) and have focused more on 1:1 and n:m alignment. 
In our experiments, we observed that producing n:m alignments is a challenging task (see 

results in the lower part in Table 8.2) which we could not solve. We found, on the one hand, 
that SentenceTransformer using the multilingual LaBSE model (Feng et al., 2022) got very high 

precision for 1:1 alignments and a fair recall as well (see second row in Table 8.2). On the other 
hand, MASSAlign performed the best on n:m results, and also with totally acceptable 1:1 results 

(see last row in Table 8.2). Hence, we conclude that MASSAlign is the most suitable aligner for 
our use case, as it produces n:m alignments and has fairly high scores for 1:1 and n:m alignments. 

1:1 n:m 
Name P R F1 F0.5 P R F1 F0.5 

LHA 
Sent-LaBSE 
Sent-RoBERTa 
CATS-C3G 

.94 

.961 

.960 

.247 

.41 

.444 

.444 

.553 

.57 

.608 

.607 

.342 

.747 

.780 

.779 

.278 

-
-
-
-

-
-
-
-

-
-
-
-

-
-
-
-

VecAlign 
BERTalign 
MASSAlign 

.271 

.743 

.846 

.404 

.465 

.477 

.323 

.572 

.610 

.290 

.664 

.733 

.260 

.387 

.819 

.465 

.561 

.509 

.333 

.458 

.628 

.285 

.412 

.730 

Table 8.2: Results of the alignment methods with 1:1 (upper part) and n:m capabilities (lower part) 
on sentence pairs with 1:1 (n=1750, left part) and n:m alignments (n=991, right part) wrt.
precision (P), recall (R), F1 score (harmonic mean of P&R), and F0.5 score (more emphasis 
on P than R). Copied from Stodden et al. (2023). 
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As discussed previously, in related work and also in our work, the scores for automatic align-
ment are in general not satisfactory. Following Stajner (2021), these methods work well for mild 

simplification, but seem to struggle for strong simplifications where the structure and semantics 

were highly changed. In order to verify this assumption, we have also analyzed our alignment 
pairs with respect to the websites. In Stodden et al. (2023), we found that mild simplifications 

such as simplifications between two close CEFR levels (i.e., Alumniportal, see second row of 
Table 8.3b) or DEplain-APA (see first row of Table 8.3a) achieve high F1 scores. For all other 
resources, the score is dramatically low: e.g., for simplification from standard German into Ger-
man Easy Language (fairy tales or bible, see third and fourth row in Table 8.3b), simplification 

from old German into German Plain Language (simple books, see first row in Table 8.3b), or 
simplification including fully reorganisation of a document (BZFE, see last row in Table 8.3b) 

are challenging for MASSAlign. Hence, the automatic alignment seems to perform well in the 

domains where the inter-annotator agreement of the manual alignment is also high (see news 

and language learner texts), and vice versa for low agreement (e.g., see health or bible texts). 

Domain 
bible 

Corpus 
DEplain-APA 
DEplain-web-
public 

Domain 
news 
web 

P 
0.63 
0.82 

R 
0.35 
0.51 

F1 
0.45 
0.63 

health 
lang. learner 
narrative 

(a) Results of DEplain-APA vs. DEplain-web narrative 

Subcorpus P R F1 
Bible 0.12 0.03 0.05 
BZFE 0.09 0.02 0.03 
Alumniportal 0.90 0.87 0.88 
NDR Fairy 0.07 0.01 0.02 
Tales 
Spaß am Lesen
Verlag 

0.11 0.02 0.04 

(b) Results per web page of DEplain-web. 

Table 8.3: Results of MASSAlign on DEplain-web and DEplain-APA. 

In order to answer RQ 3-1 wrt. automatic alignment, it still remains an open question how 

mild and strong simplifications can be automatically aligned with satisfactory results. Overall, 
we could not completely overcome the challenges of alignment (i.e., BUILDING CHALLENGE C, 
and DATA CHALLENGE G), but we have offered many manually aligned sentence pairs (including 

different simplification extents, simplification operations, and alignment types) that can be used 

to improve and evaluate alignment algorithms. One direction for future work might be to train 

a neural model on manually aligned sentence pairs of the original and simplified documents 

and learn whether the pairs are fully aligned, partially aligned, or not aligned (similar to the 

approach proposed by Jiang et al. 2020). In this case, the manual alignment of our DEplain 

corpus (Stodden et al., 2023) could be used for the training and evaluation process. 
However, disregarding the method of automatic alignment, before using an automatically 

aligned sentence simplification corpus, we recommend always manually checking some align-
ment pairs in order to ensure sufficient quality. 

8.3.2 RQ 3-2: CHARACTERISTICS OF NEW CORPORA AND RQ 3-3: QUALITY & REPRESENTA-
TIVENESS OF CORPORA 

When using a newly built or existing corpus for automatic text simplification, the question arises 

whether the corpus is of high quality and suitable for the planned purpose (see RQ 3-2) and 

what features can be applied during the building process in order to ensure high quality (see 
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RQ 3-3 and BUILDING CHALLENGE D). In order to verify the quality of gold data and facilitate 

the annotation, in Stodden and Kallmeyer (2022) (see Subsection 7.3.2) and Stodden (2022) 

(see Subsection 7.3.1), we propose that a manual, quantitative analysis regarding the quality 

of complex-simple pairs can give more insight in the data than automatically measuring scores 

regarding readability or sentence length (e.g., see Vajjala and Lučić 2018 or Scarton et al. 2018). 
Previously to our work, the quality of the gold data of a corpus has very rarely been assessed, 

e.g., by annotation of simplification operations (see e.g., Cardon et al. 2023) or by human judg-
ments regarding fluency, meaning preservation, or simplicity (see e.g., Sulem et al. 2018b or 
Alva-Manchego et al. 2020a; see step F in text simplification workflow). The collection of gold 

data judgments has mostly been overlooked, or gathered simultaneously with system output 
judgments. In this case, however, the data has already been used to train a TS model before 

applying a quality check, which makes more sense the other way round. Currently, no German 

TS corpus is available that is accompanied by annotations of simplification operations or by hu-
man judgments regarding fluency, meaning preservation, or simplicity Also, only a few corpora 

in other languages contain information about the actual types of simplification (simplification 

transformations, respective grammaticality, lexical complexity, etc. of the aligned sentences, 
etc.), e.g., PorSimple Corpus for Brazilian Portuguese Caseli et al. (2009), SimpleSEW corpus 

for Amancio and Specia (2014), Terence & Teacher corpus for Italian Brunato et al. (2015), or 
ASSETANN for English (Cardon et al., 2022). To the best of my knowledge, our DEplain cor-
pus (Stodden et al., 2023) is the first German corpus with annotations on evaluation aspects 

and simplification operations on the golden simplification pairs. 
In Stodden (2022) (see Subsection 7.3.1), we argue, on the one hand, that the three com-

mon evaluation aspects (that is, meaning preservation, simplicity, and fluency) are not enough 

to evaluate the quality of a TS corpus or system-generated simplification (this also addresses 

EVALUATION CHALLENGE A and EVALUATION CHALLENGE B). If we would rate the following exam-
ple (item 1 and item 2) with respect to common aspects, we may get the result of a grammatically 

correct sentence which might preserve the original meaning but is longer than the original text, 
and hence the gold simplification might be overall a little bit more complex than the original 
text. However, we would overlook that the simplification is better readable wrt. coherence 

because the main message of the simplification (in contrast to the original sentence) is under-
standable without reading the whole paragraph. This is due to newly acquired information, 
that is, the exact year and a description of the reports. But, without any context, an annotator 
cannot verify whether the new information is correct, and, also, a text simplification system 

could not correctly generate this information based on just the isolated complex sentence. 

(1) Standard German: 
Seitdem gab es jedes Jahr mehr als 500.000 Anzeigen. 

‘Since then, there have been every year more than 500,000 complaints.’ 

(2) German Plain Language:
Nach 1999 gab es jedes Jahr über 500.000 Anzeigen wegen Verbrechen in Österreich. 

‘After 1999 there were every year over 500,000 criminal complaints in Austria.’ 



200 Chapter 8. Discussion & Future Works 

Therefore, in Stodden (2022) (see Subsection 7.3.1) and Stodden and Kallmeyer (2022) (see 

Subsection 7.3.2), we have proposed an extensive recommendation for the intrinsic human eval-
uation of (German) TS that includes new adapted evaluation aspects. For an overview of all 
aspects including their statements in English, see Table 8.4.3 These rating aspects are also in-
cluded in TS-ANNO (Stodden and Kallmeyer, 2022) to facilitate the assessment of the system 

outputs and the gold data following our annotation schema. However, TS-ANNO is easily 

adaptable, and hence more or less criteria can be integrated into the analysis. 

Aspect
Simplicity
(simple) 
Simplicity
(original) 

Grammaticality
(simple) 

Statement 
The simplified sentence is easy to
understand. 
The original sentence is easy to
understand. 
The simplified sentence is fluent,
there are no grammatical errors. 

Scale 

1 to 5 

1 to 5 

-2 to +2 

Grammaticality
(original) 

Coherence 
(simple) 

Coherence 
(original) 

The original sentence is fluent,
there are no grammatical errors. 
The simplified sentence is
understandable without reading
the whole paragraph. 
The original sentence is
understandable without reading
the whole paragraph. 

-2 to +2 

1 to 5 

1 to 5 

Aspect
Ambiguity
(simple) 
Ambiguity
(original) 

Lexical 
Simplicity 

Structural 
Simplicity 

Statement 
The simplified sentence is ambiguous.
It can be read in different ways. 
The original sentence is ambiguous.
It can be read in different ways. 
The words of the simplified sentence
are easier to understand than the words 
of the original sentence. 
The structure of the simplified sentence
is easier to understand than the 
structure of the original sentence. 

Scale 

1 to 5 

1 to 5 

-2 to +2 

-2 to +2 

Overall 
Simplicity 

The simplified sentence is easier to
understand than the original sentence. -2 to +2 

Meaning
Preservation 

Information 
Gain 

The simplified sentence adequately
expresses the meaning of the original
sentence, perhaps omitting the
least important information. 
In the simplified sentence, information
is added or gets more explicit than in
the original sentence. 

1 to 5 

-2 to +2 

Table 8.4: Rating aspects. 

In current human evaluation, only the grammaticality of the system output is as-
sessed (Alva-Manchego et al., 2020b). But, if a source sentence already contains grammatical 
errors, it could be that these have been retained in the simplification (e.g., when using the 

BiSECT corpus; Subsection 4.1.5). Hence, in this case, the TS system would have not generated 

but simply copied the grammatical errors. Therefore, in Stodden (2022), we argue that 
we should assess the grammaticality of the system output, but also of the source sentence 

(see Grammaticality (original) and the references to verify the quality of the gold data (see 

Grammaticality (simple) in Table 8.4). 
Furthermore, we propose to evaluate simplicity more fine-grained: Hence, our aspect col-

lection includes structural simplicity (similar to Sulem et al. 2018b), overall simplicity (similar 
to Brunato et al. 2018 or Alva-Manchego et al. 2020b), but also lexical simplicity (new), and sim-
plicity of the original as well as the simplified sentence (new). If the initial complex sentence 

is already simple, there may not be much room for improvement in terms of simplification. We 

therefore propose to take into account the simplicity level of the original sentence as a starting 

point (see and Simplicity (original) in Table 8.4) as well as the simplicity level of the simpli-
fied sentence (either manually or automatically) as an endpoint. Additionally, on the basis of 
these two values, the distance or extent of simplicity between the source text and the simplified 

text can be measured. This procedure avoids previously discussed misunderstandings of the 

scale, i.e., whether a low value of the scale indicates that a simplification is more complex than 

3 For evaluation with German speakers, we have also developed a German version. This version is 
available in the Appendix. 
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an original sentence or only very slightly simplified (see Stodden 2021c). However, our pro-
posed evaluation schema also includes Overall Simplicity to measure the extent following the 

common evaluation procedure and to be better comparable to previous work. In future work, 
both extent values, i.e., overall simplicity, and the difference between simplicity (simple) and 

simplicity (original), can be compared to verify which method is more reliable. 
Additionally, we propose to include coherence (new), and ambiguity (new) for both the 

simplified and the original sentences in the evaluation procedure to also tackle the discourse 

level. The original sentence in the previous example (see item 1) is more ambiguous and less 

coherent than the simplification (see item 1) because the German noun “Anzeige” has several 
possible meanings, e.g., “display”, “advertisement”, or “complaint” and the date is relatively 

(“seitdem”: “since then”) but not absolutely specified (“nach 1999”: “since 1999”). Without 
knowing the previous sentences, neither a human nor a machine could decide which mean-
ing of a “Anzeige” would be correct. Hence, sentence simplification pairs with a high distance 

between coherence (simple) and coherence (original), or ambiguity (original) and ambiguity 

(simple) are much more difficult to correctly simplify than pairs with lower ratings regard-
ing these aspects. Furthermore, if a document would contain many pairs with high distances 

regarding coherence and ambiguity, this would indicate that one should rely more on context-
aware or document simplification model approaches than on isolated-sentence approaches. 

Finally, we have added meaning preservation (similar to Alva-Manchego et al. 2020b), and 

information gain to the aspect collection (see Table 8.4) in order to evaluate how much original 
content is retained and how much new information is added. In the simplification of item 2, new 

information on the exact year and a complaint specification has been added. When using this 

example as evaluation data for sentence simplification, it is nearly impossible for a TS system to 

generate the correct addition without further contextual knowledge. Therefore, we also propose 

to manually assess the gold data regarding these aspects because these annotations are helpful 
to ensure a high quality of the training and evaluation data, and also reveal potential issues of 
the data. For example, gold evaluation data with high scores of information gain could be used 

to evaluate systems regarding hallucinations, or simplification pairs with improved coherence 

could be helpful to test context-aware TS systems. 
Overall, wrt. RQ 3-2 and 3-3, we argue that our new selection of quality criteria, as well as the 

simplification operations, should be annotated on both the gold data and the system-generated 

data. First, the annotation of the gold data would help ensure a high quality of the training and 

evaluation data and would further give insights regarding what a text simplification can learn 

from the data and what kinds of simplification are expected in the references. Furthermore, the 

annotation of the system output should continue, since an automatic evaluation of the simpli-
fication is not (yet) reliable. Hence, manual evaluations (especially of the target group) are of 
the highest importance for the evaluation of a text simplification system (also see Section 8.5). 

8.4 GERMAN SIMPLIFICATION CORPORA 

In Chapter 4, I have provided an extensive overview of resources for German text simplification 

(see step B and E in the TS workflow) and identified several issues with existing corpora, i.e., 
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• DATA CHALLENGE A: focus on main domains of English TS such as web (see Section 4.1), 
wiki (see Section 4.2) and news data (see Section 4.3), 

• DATA CHALLENGE B: they are not available due to copyright issues (e.g., Battisti et al. 
2020), 

• DATA CHALLENGE C: contain too much errors such as encoding problems (e.g., Kim et al. 
2021), 

• DATA CHALLENGE D: the size of previous corpora for German text simplification is very 

small (e.g., Klaper et al. 2013; Naderi et al. 2019; Mallinson et al. 2020), 

• DATA CHALLENGE E: corpora are either available on the document or sentence level, but 
not both (e.g., Naderi et al. 2019; Rios et al. 2021), 

• DATA CHALLENGE F: contain rather comparable than parallel data (e.g., Aumiller and 

Gertz 2022; Rios et al. 2021), 

• DATA CHALLENGE G: are automatically aligned and hence of vague quality (e.g., Spring 

et al. 2021; Toborek et al. 2023), 

• DATA CHALLENGE H: are designed with a greater focus on summarization than simplifi-
cation (e.g., Aumiller and Gertz 2022; Rios et al. 2021), 

• DATA CHALLENGE I: focus on highly simplified German variant “Leichte Sprache” (e.g., 
Siegel et al. 2019; Hansen-Schirra et al. 2021), or mixing texts of target groups (e.g., Toborek 

et al. 2023), and 

• DATA CHALLENGE J: unclear quality and variety of the simplifications. 

Furthermore, I have shown that some domains, such as news or web texts, are already cov-
ered in TS research to some extent. However, in this section, I discuss whether other domains 

are missing (see RQ 4-1 and Subsection 8.4.1) and if new data can help address the current 
challenges of the TS corpora (see RQ 4-2 and Subsection 8.4.2). 

8.4.1 RQ 4-1: MISSING DOMAINS 

In Chapter 4, I have introduced corpora of many domains, e.g., news, web, Wikipedia, medicine, 
narration, and law. However, Maaß (2020, p. 176) argues that domains such as texts concerning 

everyday life, culture, or education are currently not considered in automatic and manual text 
simplification (DATA CHALLENGE A). 

In a more detailed analysis of the complexity of texts, i.e., Stodden (2021a) (see Subsec-
tion 7.4.1) we found that another relevant domain is missing (which answers RQ 4-1): People 

tend to inform themselves and discuss with others via digital tools and on the Web, e.g., on so-
cial media and user forums. Unlike other TS corpus domains, social media texts are not written 

by experts, but by the general public. Consequently, they differ more in terms of writing style, 
syntax, and vocabulary. Despite that, user-generated deliberative texts, such as in forums, dis-
cussion platforms, news comment sections, or social networks, are currently not considered in 

the field of automatic text simplification. 
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In Stodden (2021a) and Stodden and Nguyen (2024) (see Subsection 7.6.2), we discuss that 
readers of social media platforms could also benefit from automatic text simplification, as con-
tributions on these platforms are often complex wrt. ungrammatical sentences (Bingel et al., 
2018), contain out-of-vocabulary words (Baldwin et al., 2013), are reciprocal (Frieß et al., 2017), 
and often contain misinformation. Following our previously introduced definitions of complex-
ity and comprehensibility, these aspects make a text difficult to read, e.g., for people with low 

literacy. 
Unfortunately, we were unable to proceed further than the identification of this missing do-

main because no parallel complex-simple texts of these domains have been available. In future 

work, we plan to manually simplify user-generated texts in order to also cover this important 
domain. 

8.4.2 RQ 4-2: NEW DATA 

Even though we could not build a new German TS corpus for the missing domain of user-
generated texts, we have proposed new resources for German TS of other domains, i.e., news 

and web texts. In this section, we will answer how well our new corpora can address the other 
challenges previously introduced and how this overall improves current German text simplifi-
cation (see RQ 4-2). 

In more detail, we introduce two new German document simplification corpora, i.e., 
DEplain-APA-doc and DEplain-web-doc (see step B in Figure 8.5), and four new German 

sentence simplification corpora, i.e., DEplain-APA-sent, DEplain-web-sent-manual, and 

DEplain-web-sent-auto (with two different licenses) (see step E in Figure 8.5), which have all 
been proposed in Stodden et al. (2023) (see Subsection 7.4.2). 

In the remainder of this section, I will further introduce the new DEplain corpora (see Sub-
subsection 8.4.2.1), then discuss how they can improve German text simplification by com-
paring them to each other and related corpora (see Subsubsection 8.4.2.2), as well as evaluate 

their characteristics in more detail wrt. the named challenges regarding data (see Subsubsec-
tion 8.4.2.3), and finally summarize their value for German TS (see Subsubsection 8.4.2.4). 

8.4.2.1 CORPUS PRESENTATION – DEPLAIN-APA & DEPLAIN-WEB 

In Table 8.5, I provide an overview of the metadata of the newly proposed subcorpora of DEplain 

in comparison to other German TS corpora. The main difference between the subcorpora, i.e., 
DEplain-APA and DEplain-web, is the domain of the texts included: The DEplain-APA corpora 

are based on news simplifications professionally simplified from CEFR level B1 to A2, while the 

DEplain-web corpora are based on harvested simplifications from the Web including narrative, 
language learner, health, bible, and public authority texts. 

Although other corpora are often not available due to copyright issues (see DATA CHALLENGE 

B), we are allowed to share the DEplain-APA corpora upon request for academic purposes4 

and the main part of DEplain-web is openly available (see DEplain-web-doc, DEplain-web-
sent-manual, and DEplain-web-sent-auto-open in Table 8.5)5. However, one part of DEplain-

4 To access the data, please send a request via zenodo: https://zenodo.org/records/8304430 [last 
update: August 31, 2023; last access: July 24, 2024]. 

https://zenodo.org/records/8304430
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Reference Name Target
Simple 

Domain Available # # Aligned Split
Docs Pairs 

Klaper et al. (2013) 

Battisti et al. (2020)
Battisti et al. (2020)
Toborek et al. (2023)
Toborek et al. (2023)
Kim et al. (2021) 

Siegel et al. (2019) 

Hansen-Schirra et al. 
(2021)
Jablotschkin et al. (2024)
Spring et al. (2021)
Spring et al. (2021)
Spring et al. (2021)
Spring et al. (2021)
Spring et al. (2021)
Spring et al. (2021)
Säuberli et al. (2024) 

SGC ’13 

SGC ’20 
SGC ’20 
SGC ’23 
SGC ’23 
BiSECT 

leichte-sprache-
corpus 
GEASY 

DE-Lite 
Capito-B1 
Capito-A2 
Capito-A1 
Capito-B1 
Capito-A2 
Capito-A1 
Capito-A2 

EL 

CEFR A2 
CEFR A2 
EL + PL 
EL + PL 
German 
learner 
mixed 

EL 

mixed 
CEFR B1 
CEFR A2 
CEFR A1 
CEFR B1 
CEFR A2 
CEFR A1 
CEFR A2 

web on 
request 

web n/a
web n/a
web available 
web available 
web available 

web available 

web n/a 

web not yet 
web n/a
web n/a
web n/a
web n/a
web n/a
web n/a
web n/a 

256 1, 888 manual n/a 

36 1, 080 manual train.+val. 
378 n/a automatic train.+val. 
39 391 manual train.+val. 
700 5, 942 automatic train.+val. 
n/a 186, 237 automatic train.+val. 

351 n/a n/a val. 

93 n/a n/a n/a 

8, 000 n/a n/a n/a 
12 426 manual train.+val. 
8 412 manual train.+val. 
22 416 manual train.+val. 
1, 055 54, 224 automatic train.+val. 
1, 546 136, 582 automatic train.+val. 
839 10, 952 automatic train.+val. 
n/a n/a n/a train.+val. 

Naderi et al. (2019) 

Spring et al. (2023)
Ebling et al. (2022)
Schlippe and Eichinger 
(2023)
Hewett and Stede (2021) 

Hewett and Stede (2021) 

Aumiller and Gertz 
(2022)
Mallinson et al. (2020) 

TextcomplexityDE 

Wikipedia-Corpus 
Wikipedia-Corpus 
Translated ASSET 

Lexica-klexikon 

Lexica-miniklexikon 

Klexikon 

geolino 

German 
learner 
CEFR A2 
CEFR A2 
n/a 

children 
6-12 
children 
≤ 6 
children 
6-12 
children 
5-7 

wiki available 

wiki n/a
wiki n/a
wiki n/a 

wiki available 

wiki available 

wiki available 

wiki available 

23 265 simplified val. 

198 1, 382 manual n/a 
106, 126 n/a automatic n/a
n/a 1, 000 simplified train.+val. 

1, 090 n/a n/a n/a 

1, 090 n/a n/a n/a 

2, 898 n/a n/a train.+val. 

20 1, 198 simplified val. 

Säuberli et al. (2020) 

Spring et al. (2023)
Spring et al. (2023)
Spring et al. (2021) 

Spring et al. (2021) 

Hewett (2023)
Hewett (2023)
Hewett (2023)
Rios et al. (2021) 

German News Cor-
pus
APA-LHA-OR-A2 
APA-LHA-OR-B1 
APA-LHA-OR-A2 

APA-LHA-OR-B1 

APA-RST 
APA-RST 
APA-RST 
20Minuten 

CEFR B1 

CEFR A2 
CEFR B1 
CEFR A2 

CEFR B1 

CEFR B1 
CEFR A2 
CEFR A2 
general 

news n/a 

news n/a 
news n/a 
news on 

request 
news on 

request 
news available 
news available 
news available 
news available 

n/a 3, 916 automatic train.+val. 

67 504 manual n/a 
67 518 manual n/a 
2, 300 9, 456 automatic train.+val. 

2, 300 10, 268 automatic train.+val. 

25 128 manual n/a 
25 112 manual n/a 
25 153 manual n/a 
18, 305 n/a n/a train.+val. 

Trienes et al. (2022) simple-patho laypeople medical not yet 850 3, 280 simplified train.+val. 
Meister (2023)
Meister (2023)
Gutermuth (2020a)
Gutermuth (2020a)
Gutermuth (2020a) 

ABGB-non-experts
ABGB-plain
Online Participation 
Online Participation 
Online Participation 

laypeople 
PL 
PL 
EL 
EL + PL 

politics available 
politics available 
politics available 
politics available 
politics available 

1 448 manual val. 
1 448 manual val. 
1 13 simplified n/a 
1 13 simplified n/a 
1 13 simplified n/a

Schomacker et al. (2023a) MILS+EB+PV+KV mixed narrative available 33 n/a n/a train.+val. 
Stodden et al. (2023) 

Stodden et al. (2023)
Stodden et al. (2023) 

Stodden et al. (2023) 

Stodden et al. (2023) 

Stodden et al. (2023) 

DEplain-APA-doc 

DEplain-web-doc 
DEplain-APA-sent 

DEplain-web-sent-
manual 
DEplain-web-sent-
auto-open 
DEplain-web-sent-
auto-closed 

CEFR A2 

EL + PL 
CEFR A2 

EL + PL 

EL + PL 

EL + PL 

news on 
request 

web available 
news on 

request 
web available 

web available 

web repro-
ducible 

483 n/a n/a train.+val. 

756 n/a n/a train.+val. 
483 13, 122 manual train.+val. 

147 1, 846 manual val. 

249 652 automatic train. 

360 942 automatic train. 

Table 8.5: Summary of German document, paragraph, and sentence simplification corpora including 
own work (last part). The lines separate the domains of the corpora. EL = German Easy
Language, PL = German Plain Language. All URLs have lastly been accessed at July 24, 2024. 
Extended version of Table 4.16. 

https://github.com/buschmo/Simple-German-Corpus
https://github.com/buschmo/Simple-German-Corpus
https://github.com/mounicam/BiSECT
https://github.com/hdaSprachtechnologie/easy-to-understand_language
https://github.com/HeikeZinsmeister/DE-Lite
https://github.com/babaknaderi/TextComplexityDE
https://github.com/fhewett/lexica-corpus
https://github.com/fhewett/lexica-corpus
https://github.com/dennlinger/klexikon
https://github.com/Jmallins/ZEST-data
https://zenodo.org/record/5148163
https://zenodo.org/record/5148163
https://zenodo.org/record/5148163
https://zenodo.org/record/5148163
https://github.com/fhewett/apa-rst
https://github.com/fhewett/apa-rst
https://github.com/fhewett/apa-rst
https://github.com/ZurichNLP/20Minuten
https://github.com/jantrienes/simple-patho
https://github.com/MeisterFa/ABGB-TextSimplification-Datasets
https://github.com/MeisterFa/ABGB-TextSimplification-Datasets
https://www.frank-timme.de/de/programm/produkt/leichte_sprache_fuer_alle
https://www.frank-timme.de/de/programm/produkt/leichte_sprache_fuer_alle
https://www.frank-timme.de/de/programm/produkt/leichte_sprache_fuer_alle
https://github.com/tschomacker/aligned-narrative-documents
https://zenodo.org/records/8304430
https://zenodo.org/records/8304430
https://github.com/rstodden/DEPlain
https://zenodo.org/records/8304430
https://zenodo.org/records/8304430
https://github.com/rstodden/DEPlain
https://github.com/rstodden/DEPlain
https://github.com/rstodden/DEPlain
https://github.com/rstodden/DEPlain


8.4. German Simplification Corpora 205 

Figure 8.5: Corpus building process including the DEplain corpora. 

web (see row 4) is not directly available but can be reproduced using our web harvester and 

MASSalign for automatic sentence-wise alignment. 
Furthermore, each subcorpus is available on the document-level (see column # Document 

Pairs in Table 8.5 and step B in Figure 8.5), i.e., DEplain-APA-doc and DEplain-web-doc, as well 
as the sentence-level (see column # Sentence Pairs in Table 8.5 and step E in Figure 8.5), i.e., 
DEplain-APA-sent (see fourth last row in Table 8.5), DEplain-web-sent-manual (see third last 
row), DEplain-web-sent-auto-open (see second last row), and DEplain-web-sent-auto-closed 

(see last row). This characteristic allows us to solve DATA CHALLENGE E, i.e., the availability 

of corpora for document and sentence simplification that is based on the same source. Con-
sequently, TS models can be trained and evaluated on the same resources (i.e., DEplain-APA 

or DEplain-web corpus), which may result in more accurate comparisons of the capabilities of 
models regarding sentence and document simplification. The results with the usage of the DE-
plain corpora would be more accurate than for models trained on other corpora because in our 
comparison the resources and models would only differ in text levels of the data (the effect of 
interest) and would be less influenced by different text characteristics, such as domain, writing 

style, or target group (unintended side effects). 
In total, DEplain-APA-doc contains 483 document pairs from which all documents are man-

ually aligned, resulting in 13,122 sentence pairs (see sixth last and fourth last row in Table 8.5). 
DEplain-web currently contains 756 parallel documents crawled from 11 web pages (see fifth, 
third, second and first last row in Table 8.5), covering 6 different domains (i.e., fictional texts 

(literature and fairy tales), bible texts, health-related texts, texts for language learners, texts for 
accessibility and public authority texts), and two language varieties (i.e., mainly German Plain 

5 The DEplain-web data is available here: https://github.com/rstodden/DEPlain [last update: Au-
gust 31, 2023; last access: July 24, 2024] 

https://github.com/rstodden/DEPlain
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and Easy Language). The first three domains are not included in any other German TS corpus 

(see DATA CHALLENGE A). 
As previously named in Subsubsection 8.3.1.3), we also address DATA CHALLENGE G and 

BUILDING CHALLENGE B regarding the lack of large sentence simplification corpora with only 

high-quality manual alignments. The whole DEplain-APA-sent corpus (see step E corpus 1 in 

Figure 8.5 or fourth last row in Table 8.5) and one subcorpus of the DEplain-web-sent corpus 

are manually aligned (i.e., DEplain-web-sent-manual; see step E corpus 2 or third to first last 
rows in Table 8.5), while the other corpora are automatically aligned (DEplain-web-sent-auto; 
see step E corpora 3 and 4 in Figure 8.5). For the DEplain-web corpora, we recommend using 

the manually aligned subset to test a TS model and the other subsets as augmented data when 

training a TS model (see MODEL CHALLENGE A). 
Furthermore, the texts of DEplain-APA address only one target group (i.e., foreign lan-

guage learners), whereas the texts of DEplain-web address a mix of target groups, i.e., the Ger-
man Plain Language and Easy Language target group, and foreign language learners. Hence, 
DEplain-APA reduces DATA CHALLENGE I regarding the lack of large corpora focusing on just 
one target group and domain. 

8.4.2.2 CORPUS COMPARISONS 

A visual comparison of our DEplain corpora with other German TS corpora is provided in 

Figure 8.6. Compared to other existing corpora, our DEplain-APA corpus is currently the largest 
parallel corpus for German sentence simplification with only manual alignments and focusing 

on a single domain and a single target group, which solves DATA CHALLENGE D, F, G, and H. In 

contrast, DEplain-web is a high-quality test set for sentence simplification, which is manually 

sentence-wise aligned and contains a nearly balanced mix of sentence pairs of the narrative, 
language learning, bible, and health domains. In the remainder of this section, we will compare 

the DEplain corpora to related corpora within the domains, i.e., news domain and web domain. 
& knowledge acq uisition 

Figure 8.6: Comparison between previous corpora and our DEplain corpora (extension of Figure 4.1). 
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DEPLAIN-APA VS. APA-LHA & APA-RST In this section, I am comparing our DEplain-APA to 

other German news corpora which are using the same news article resource, i.e., Austrian Press 

Agency (APA). In contrast to the APA-LHA corpora (Spring et al., 2021) (see Subsection 4.3.4 

and Table 8.5), our DEplain-APA corpus is fully manually aligned, while their corpora are au-
tomatically aligned (including training, development, and test sets). Furthermore, our corpus 

contains milder simplifications than the APA-LHA corpus, although we are using the same re-
source: We have aligned the text on level B1 (as the source) and level A2 (as the target), whereas 

they use these two levels as target levels and use the original texts as the source. 
Nevertheless, the data of the corpora overlap to some extent, because we and they are using 

the news articles of the same resource published in the same duration. However, in more detail, 
our DEplain-APA-doc documents are different from the ones in APA-LHA because the authors 

interpret one news item of a news article as one document, whereas we interpret the whole news 

article as one news item. On the one hand, using the whole news article may be more realistic 

than using only the news item, as that is how the data are published. On the other hand, a news 

article of APA can contain totally different topics (e.g., a mix of sports and politics), in which 

it might be difficult to identify the news ending, and hence, it might result in problems during 

automatic alignment. 
As previously introduced (see Subsection 4.3.5 and Table 8.5), the APA-RST corpus (Hewett, 

2023) entails manually aligned sentence pairs for foreign language learners with three differ-
ent combinations of language levels, that is, OR-B1, OR-A2 and B1-A2. Compared with APA-
RST, our corpus, both corpora have in common that they contain the full, original news articles 

(n=5), but their corpora additionally include the news items (n=25). Nevertheless, their cho-
sen documents are not part of our corpus, as the publishing dates of their documents do not 
overlap with the time frame of our documents. However, their corpus is comparatively small 
with in total 5 documents, 25 news articles, and roughly 400 sentence pairs. Therefore, we can 

use their corpus as additional test data on the document and sentence level on the B1-A2 level 
or to test in-domain transfer regarding other language levels, e.g., using their OR-B1 and OR-A2 

data as another test set. 

DEPLAIN-WEB VS. SGC ’13 & SGC ’20 & SGC ’23 Comparing the available German web corpora 

with each other and DEplain-web, SGC ’13 (also called Klaper corpus) (Klaper et al., 2013) 

(roughly 2,000 sentence pairs, see Subsection 4.1.3 and Table 8.5) is the smallest of all, then 

SGC ’20 (Battisti et al., 2020) (1,080 sentence pairs, see Subsection 4.1.3 and Table 8.5), then 

DEplain-web (3,450 sentence pairs), and SGC ’23 (Toborek et al., 2023) (see Subsection 4.1.4 

and Table 8.5) is the largest with 5,942 sentence pairs. In more detail, all sentence pairs of 
SGC ’20 are manually aligned, while only 1,846 sentence pairs (54%) of DEplain-web, and 500 

sentence pairs of SGC ’23 are manually aligned (8.4%). 
All corpora contain a mix of web texts of different domains and webpages, Table 8.6 provides 

a comparison between the resources and their met data per German web TS corpora. While 

for SGC ’20 it is unknown which sources have been used, similar resources have been used 

for SGC ’23 and DEplain-web, e.g., both corpora include texts of Apotheken Umschau, city of 
Cologne, and Lebenshilfe Main Taunus. Compared more to the domains than to the sources, 
DEplain-web appears to be more balanced with respect to the included domains than SGC ’23 
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(see colored bars in Figure 8.6): a third of their texts are health texts, other news texts, and the 

last third is a mix of several domains. In comparison, DEplain-web contains a similar amount 
of texts from 5 domains, i.e., fiction, language learner, bible, health, and public authorities. 

As the usage of web texts is usually restricted by copyright, the corpora have in common 

that they make available their web crawler and not the data directly. But for DEplain-web and 

SGC ’23 a small proportion of the corpora is available with open licenses. Further, only for 
DEplain-web are the full documents, the sentence-wise alignments, and the document plans 

available. 
However, DEplain-web and SGC ’23 have both in common that they include data for mixed 

target groups, i.e., people with learning disabilities, language learners and people with read-
ing difficulties. Therefore, these corpora should be used with caution as they generalize the 

simplification process of different domains and target groups. 

8.4.2.3 QUALITY ESTIMATION OF CORPUS 

In order to verify whether our DEplain corpora contain errors (see DATA CHALLENGE C) and 

to determine its quality and variety of simplifications (see DATA CHALLENGE J), in this section, 
I propose how to analyze DEplain regarding manual annotation of simplification quality and 

operations and discuss the results. With this analysis, we have completed the corpus building 

process (see step F in Figure 8.5), the building process could be repeated or the data could be 

filtered more fine-grained. 

APPLICATION OF RATING ASPECTS Bridging the gap between theory and practice, in our TS-
ANNO annotation tool (Stodden and Kallmeyer, 2022), the evaluation aspects of our annotation 

schema (as described in Subsection 8.3.2) can be applied to evaluate the quality, representative-
ness, and suitability of gold simplifications, as well as the quality of system-generated simpli-
fications. However, in the annotation tool, the annotation schema can be edited and specified 

for our own purposes, if our aspects might be too much or less fine-grained for other evaluation 

purposes. In order to check the suitability of the annotation schema in practice, we have par-
tially annotated our DEplain corpora (Stodden et al., 2023) following the guidelines proposed in 

Stodden (2022). This includes annotation of the evaluation criteria as well as the simplification 

operations. 
Through manual annotation, we have revealed that our gold data has some issues. Although 

most simple sentences preserve the meaning of complex sentences well (i.e., roughly 4.4 points 

on a scale ranging from 1 to 5, where 5 is best), in the fictional texts some information has 

been deleted (see Figure 8.7a). However, it might be intended by the authors of the fictional 
texts to shorten the often very long stories, but this is against the assumption of sentence-wise 

simplification in which only minor information is omitted. 
Furthermore, manual annotation has revealed that some gold data in the DEplain-web cor-

pus contain grammatical issues (i.e., data from the bible and the narrative domain), while other 
data seem to be of higher quality (see Figure 8.7b), e.g., the language learning and news texts 

are fluent in both the complex and simple versions. In contrast to the BiSECT corpus (see Sub-
section 4.1.5), the simplifications of all domains in the DEplain corpora contain nearly no gram-
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matical issues; hence, even if the original texts might contain issues, a TS system might learn to 

solve them simultaneously. 

(a) Meaning preservation (min: 1; max: 5). (b) Grammaticality (min: -2; max: +2). 

Figure 8.7: Ratings of meaning preservation and grammaticality per domain. 

We also found differences with respect to the types of simplification (see Figure 8.8a): the 

subcorpora with bible and narrative texts are generally more strongly simplified (wrt. overall 
simplicity, structural and lexical simplicity) than the subcorpora with news or language learner 
texts. Also, all complex-simple pairs contain more structural than lexical changes. Following 

this, DEplain-APA (as news corpus) and the DEplain-web subcorpus with language learner 
texts contain rather mild simplifications, whereas the other subcorpora of DEplain-web contain 

rather strong simplifications. 

(a) Simplicity per type (min: -2; max: +2). (b) Coherence (min: 1; max: 5). 

Figure 8.8: Ratings of simplicity type and coherence per domain. 

As shown in Figure 8.8b, the mild simplifications in the language learner and news subcor-
pus have higher coherence scores and hence are more self-contained than bible or fiction texts. 
However, on average, in all four subcorpora, the coherence has been increased during manual 
simplification, which is a hard task for TS systems due to missing context information (e.g., 
previous or preceding sentences). But, we also found that in 50 of the 430 annotated pairs, the 

coherence has been decreased during simplification, e.g., by adding conjunctions at the sentence 

beginning or replacing words with referential expressions. This is again an indicator to include 

more context into the simplification process, e.g., by adding previous and following sentences 

or instead simplifying on the paragraph or document level. 
Overall, following this fine-grained analysis of the DEplain corpora (see also Subsec-

tion 8.2.1 and Stodden et al. 2023), we can state that both corpora are of high quality and 

include lexical as well as syntactical changes. More in detail, on the one hand, the DEplain-
APA corpus is of higher quality than the DEplain-web corpus because of the higher average in 
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meaning preservation, grammaticality, and coherence ratings. On the other hand, the DEplain-
web corpus contains more strong simplifications in terms of lexical and syntactical changes 

than DEplain-APA, and hence it could be a greater challenge to learn how to automatically 

simplify texts of DEplain-web than of DEplain-APA. 
However, in the DEplain-web corpus, resources from many different domains and written 

for many different target groups are mixed; hence, optimizing a TS system on this data would 

rather end in a very general simplification system. By contrast, DEplain-APA only contains news 

texts aimed at language learners. This makes it a more specific and specialized corpus, enabling 

different strategies for automatic simplification than DEplain-web. Our findings can be used to 

choose simplification data based on interests regarding special simplification purposes, e.g., 
more lexical or syntactical simplification, only high-quality data, or combining all data in order 
to have a more huge dataset, or evaluating capabilities of a TS system in terms of coherence. 

For a TS system, it might be easier to match the gold simplifications of DEplain-APA as 

they are more mild and hence closer to the original sentence, which is usually easier to predict 
for a TS system. In comparison, it is hard to achieve good automatic simplification scores on 

DEplain-web as it contains mostly strong simplifications. Hence, generated mild simplification 

might not be graded as good on DEplain-APA as on DEplain-web. In future research, we plan 

to manually simplify the complex sentences, including a mix of mild and strong simplifications, 
so that for each complex-simple pair more than one gold simplification (or reference) exists for 
a more robust evaluation. In addition, a manual evaluation of the system-generated sentences 

is planned regarding the proposed schemata. 

APPLICATION OF SIMPLIFICATION OPERATIONS We have further justified these theoretical findings 

of Stodden (2022) and Stodden (2021b), in Stodden et al. (2023) (see Subsection 7.4.2). Further-
more, in Stodden et al. (2023) we have also used the typology of simplification operations (see 

Subsection 8.2.1) to annotate simplification operations in our parallel sentence simplification 

subcorpora of DEplain-APA and DEplain-web. Based on these annotations, we have revealed, 
for example, that in our test set of the news corpus, the sentences have been more often re-
ordered and more words have been added than in the test set of our web corpus. In contrast, in 

the web corpus, the simplification operation of rephrasing has been applied more often than in 

the news corpora. In both corpora, lexical substitution is the most prominent applied simplifica-
tion operation (see Figure 8.9). Using this information, we can build expectations regarding the 

to-be-performed text simplification operations of a text simplification model and check whether 
the model has applied these changes or not. 

The annotations provide a foundation for future work; e.g., our parallel corpus and its anno-
tations of simplification operations can be used to build a sequence labeling system for German 

TS similar to existing English models (e.g., see Alva-Manchego et al. 2017 or Omelianchuk et al. 
2021). In contrast to most sequence-to-sequence models, a sequence-labeling model would al-
low more control and interpretation of the generated simplification by using the applied sim-
plification operations. 

In addition, an existing corpus can be extended with the annotation of simplification oper-
ations, for example, i) to derive hand-crated rules for a TS system (Koptient et al., 2019), ii) to 

get more insights into the behaviors of metrics for automatic TS evaluation (e.g., see ASSETann 
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Figure 8.9: Simplification operations per simple-complex pair in DEplain-APA and DEplain-web (in %). 

by Cardon et al. 2022), iii) to evaluate system outputs based on applied operations (e.g., see 

Yamaguchi et al. 2023), or iv) to train evaluation metrics including performed operations (e.g., 
see Heineman et al. 2023). 

8.4.2.4 DEPLAIN AS INPUT FOR TS SYSTEMS 

In order to answer RQ 4-2 regarding whether new data can improve German TS, our contribu-
tion of the new DEplain corpora has tackled many research gaps or challenges, e.g., the DEplain-
APA corpus facilitates training or fine-tuning document and sentence simplification systems on 

news texts for foreign language learners. Although in recent years, the trend seems to be chang-
ing from fine-tuning to few-shot or zero-shot learning (Liu et al., 2023), our corpora can still be 

relevant for this research direction, because parts of the corpus can also be used as examples for 
few-shot learning, as well as serve as evaluation dataset (see Section 8.6). Furthermore, with 

DEplain-web we provide a new test set considering many domains and target groups. This 

corpus has the advantage that it can be split into smaller portions in order to evaluate against a 

special phenomenon, e.g., only lexical or syntactical simplification, only simplification into Ger-
man Easy Language, or only simplification of narrative texts. However, comparative studies are 

necessary to verify whether the new data can help to increase the capacity of text simplification 

models. I will provide analysis in this direction in Section 8.6. 
In addition, with our manual annotation we have verified the quality of our corpora and 

pointed out potential problems of the data. Referring back to RQ 3-2, we conclude that new 

corpora should be provided with insights (e.g., manual annotations) regarding their simplifi-
cation operations and quality ratings in order to better understand the kind of simplifications of 
the new corpus and its quality. As shown for the DEplain corpus, the simplification operations, 
the extent of simplification, and the quality of the original data can highly vary wrt. domain 

and target group of the texts and, therefore, a data-driven TS system would learn different sim-
plification operations. 

To the best of my knowledge, our corpora are the first with manual annotations on the gold 

complex-simple pairs. Hence, we are unfortunately unable to make a direct comparison of these 

statistics with other corpora introduced in Chapter 4 due to the lack of annotations on the other 
corpora. It remains an open question whether other corpora include more unified or even more 

mixed data. 
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8.5 TEXT SIMPLIFICATION EVALUATION 

In addition to the research area of data for German text simplification, I have also further con-
tributed to the research area of text simplification evaluation (see step H in TS workflow). As 

previously discussed in the state of the research in Chapter 5, and also shown in my publica-
tions (i.e., Stodden 2021c and Stodden 2024a), many challenges exist regarding the evaluation 

of text simplification, i.e., 

• EVALUATION CHALLENGE A: inconsistent scale design and varying scale interpretation in 

manual evaluation 

• EVALUATION CHALLENGE B: missing components when intrinsically and extrinsically eval-
uating document and sentence simplification systems, 

• EVALUATION CHALLENGE C: automatic metrics are not reliable, 

• EVALUATION CHALLENGE D: automatic metrics are not interpretable and explainable, 

• EVALUATION CHALLENGE E: the scores and settings used during automatic evaluation are 

only evaluated on English TS and are varying across TS studies, and 

• EVALUATION CHALLENGE F: only less evaluation sets are available and mostly contain only 

one gold simplification. 

In addition, there is disunity in manual evaluation approaches between the high effort to design 

and execute high-quality extrinsic evaluation and the more easy, faster, but more dirty intrinsic 

evaluation approach. 
Hence, based on these findings, we can already deny RQ 5-1 as manual and automatic TS 

evaluation seems to be neither reliable nor robust (see EVALUATION CHALLENGE A, B, C, D, E). 
In order to counteract, the evaluation protocol of text simplification requires an update. In the 

following, I will discuss new approaches to improve the TS evaluation by answering RQ 5-3. In 

addition, most evaluation approaches are designed for English and have not been evaluated for 
other languages. Therefore, I will also provide solutions to counteract this (see RQ 5-2). 

8.5.1 RQ 5-1: ROBUST EVALUATION 

With respect to RQ 5-1 and EVALUATION CHALLENGE A, in Stodden (2021c) (see Subsection 7.5.1), 
we have found that the current design of manual evaluation studies is not sufficiently clear for 
annotators who are not trained or are not experts in the field. In more detail, we have compared 

the ratings regarding simplicity of annotators on five English test sets, three of them with a rat-
ing scale ranging from 1 to 100 (without a neutral element) and two with a scale ranging from 

-2 to +2 (including a neutral element, i.e., 0). In order to exclude biases regarding subjective 

simplicity estimation, we have evaluated only sentence pairs without any change between com-
plex and simple sentences. Hence, the expected rating should express that the complexity of 
the simplified sentence has not been changed compared to the original sentence, i.e., rating of 
the neutral element 0 and 1 in the 1-100 scale. However, as visualized in Figure 8.10a, the sim-
plicity rating scales with scale endpoints at 1 to 100 are ambiguous because participants have 

not properly understood how to rate complex-simple pairs with the same complexity (1 or 50?). 
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We also found that expert annotators, who have rated on a scale of -2 to +2 with a distinct neu-
tral element, follow the same scale understanding and annotate complex-simple pairs with the 

same complexity mainly with the neutral scale element of 0 (see Figure 8.10b). 

(a) Rating scale from 1 to 100. (b) Rating scale from -2 to +2 

Figure 8.10: Simplicity ratings in five English test sets with different rating scales. 

Based on these findings, we have updated the scale points for our manual evaluation schema 

to scales with neutral elements (see Subsection 8.3.2 and Table 8.4). However, best practices on 

how to manually evaluate text simplification are required as already existing for related tasks, 
e.g., text summarization (Iskender et al., 2020) or machine translation (Freitag et al., 2021), or in 

general for NLG (van der Lee et al., 2019). Popović et al. (2022) recommend naming the details 

of the manual evaluation conducted to make the procedure more transparent for reproduction, 
as well as for building best practices based on previous research. 

Unfortunately, current suitability studies of automatic metrics are based on human assess-
ments following the error-prone evaluation schema (e.g., in Alva-Manchego et al. 2021, Scialom 

et al. 2021, Maddela et al. 2023, or Zhao et al. 2023). Following this, it is unclear whether the 

correlations between these assessments and the automatic metrics would hold when using un-
ambiguous ratings. A re-evaluation is necessary to ensure the suitability of automatic metrics 

for English TS. Also, a reproduction study with ratings for other languages than English is re-
quired to ensure the suitability of the metrics also for non-English languages. In future work, 
our manual annotations on DEplain on evaluation aspects (see Subsubsection 8.4.2.3) could be 

used to check the reliability of automatic metrics for German (EVALUATION CHALLENGE C). With 

TS-ANNO (see Stodden and Kallmeyer 2022) the number of ratings could easily be increased 

and also be enriched with ratings of system outputs and not (as currently) only gold data. 

8.5.2 RQ 5-2: MULTI-LINGUAL EVALUATION 

As mentioned above, most automatic evaluation metrics are designed and verified only for En-
glish (see EVALUATION CHALLENGE E). Therefore, it is difficult to determine whether the same 

metrics can also be applied to other languages than English (see RQ 5-2). For some of the 

metrics, there are also variants of other languages, e.g. the German variant of FRE (Amstad, 
1978), multi-lingual or language-dependent BERT models for BERTScore (Zhang* et al., 2020), 
or multi-lingual feature extraction for readability assessment (e.g., see Lee and Lee 2023 or 
Stodden and Kallmeyer 2020). Due to missing alternatives, multi-lingual TS approaches of 
approaches in a language other than English (e.g., for Spanish Gonzalez-Dios et al. 2022, for 
French Cardon and Grabar 2020, for Swedish Holmer and Rennes 2023, or for multi-lingual 
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Tok. Lang. BLEU↑ SARI↑ BS-P↑ FRE↑ 
spacy EN 28.22 15.31 0.37 39.16 

TCDE19 spacy DE 27.31 14.99 0.55 28.1 
(n = 250) 13a 

none 
DE 
DE 

27.49 
24.43 

15.05 
13.78 

0.55 
0.55 

28.0 
28.1 

spacy EN 29.28 16.17 0.45 77.64 
DEplain-APA
(n = 1231) 

spacy
13a 

DE 
DE 

26.89 
27.25 

15.25 
15.35 

0.63 
0.63 

58.75 
64.6 

none DE 23.33 13.75 0.63 58.75 
spacy EN 21.24 12.09 0.25 70.33 

DEplain-web spacy DE 20.85 11.93 0.42 62.95 
(n = 1846) 13a DE 20.89 11.94 0.42 62.95 

none DE 18.82 10.9 0.42 62.95 

Table 8.7: Scores of identity baseline on three German test sets when using different language settings
and tokenizers. Copied from Stodden (2024a). 

TS Ryan et al. 2023) are currently evaluated with a toolkit designed for English TS evaluation 

(i.e., EASSE) regardless of the named variants for other languages. 
To ensure and facilitate that language-specific or multi-lingual metrics (if applicable) are 

used in the TS evaluation of languages other than English, in Stodden (2024a) (see Subsec-
tion 7.5.3), we have proposed a framework for sentence simplification evaluation called EASSE-
multi. EASSE-multi extends EASSE (Alva-Manchego et al., 2019a) (see Subsection 5.2.4) by 

supporting TS evaluation in multiple languages, e.g., by tokenization in many languages, using 

multi-lingual BERT for BERTScore, or using language-specific readability metrics. This ensures 

a more transparent and easier comparison between existing and prospective German TS models 

as well as TS models of other languages. The results of non-English TS studies, which currently 

rely on EASSE for evaluation, could be made more robust by evaluating with EASSE-multi than 

with the original EASSE. 
In addition to Tanprasert and Kauchak (2021), who have shown how to easily manipulate 

FKGL scores by simple post-processing, in Stodden (2024a), we have shown how to easily ma-
nipulate BLEU and SARI, when changing the tokenization method. For example, using a Ger-
man SpaCy model for tokenization lowers the BLEU and SARI scores compared to tokenization 

with an English SpaCy model or white space tokenization (see Table 8.7). To exclude effects 

of the test set or the TS model used, we have evaluated the identity baseline (i.e., just copying 

the original sentence without simplification) on three different test sets (i.e., TextComplexi-
tyDE19 (see Subsection 4.2.6), DEplain-APA, and DEplain-web). Furthermore, the first two 

rows of each block in Table 8.7 also highlight the differences in the BERTScore (see BS-P) and 

FRE scores when using different language specifications in EASSE-multi. 
Based on these results, I can answer RQ 5-2: the evaluation strategies for English TS have to 

be adapted when evaluating on other languages, e.g., tokenizer or language-dependent metrics. 
Therefore, I propose to pay attention to the evaluation of comparative TS models that all rely 

on the same evaluation settings, e.g., regarding tokenizer, case sensitivity, or BERT model for 
BERTScore. This procedure is essential in order to ensure that the differences in the scores are 

due to changes in the TS model and not in the evaluation metric. However, even if most of the 

scores are language independent or can be easily adapted to work for other languages, there 

may still be problems in using the same scores for different languages due to language idiosyn-
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crasies and different simplification operations per language (see Stodden and Kallmeyer 2020). 
Approaches in the direction of language-wise evaluation of non-English TS could be learnable 

metrics (per language) as already proposed for English, e.g., LENS, BETS, or MeaningBERT, 
or complexity assessment models such as participating systems of the complexity prediction 

shared task (Mohtaj et al., 2022). 

8.5.3 RQ 5-3: NEW ASPECTS FOR EVALUATION 

As discussed previously, in Subsection 8.3.2, the current common manual TS evaluation aspects 

do not comprise the full spectrum of text simplification evaluation; therefore, we proposed ad-
ditional evaluation aspects. However, there is also some room for improvement in automatic 

evaluation metrics for (German) TS, especially with respect to interpretability (see EVALUATION 

CHALLENGE D). In the remainder of this section, I will discuss wrt. RQ 5-3, how I have con-
tributed in the direction of a better automatic evaluation. With my work, I have focused on a 

few specific aspects of automatic evaluation that could be enhanced, i.e., complexity evaluation 

(see Subsubsection 8.5.3.1), evaluation of syntactic simplification (see Subsubsection 8.5.3.2), 
and evaluation using linguistic features (see Subsubsection 8.5.3.3). 

8.5.3.1 COMPLEXITY PREDICTION 

As previously discussed in Subsection 8.2.2, the prediction of the complexity of original and 

simplified sentences could be measured with the systems developed in the scope of the shared 

task of complexity prediction by Mohtaj et al. (2022). For example, our approach (Arps et al., 
2022) (see Subsection 7.5.2) could be further evaluated regarding the capacity for complexity 

prediction of system-generated simplifications. 
In future work, I plan to investigate how sentence complexity in the scope of German TS 

can be measured using approaches of German text readability assessments (e.g., by Weiss and 

Meurers 2022, Klepp 2022a, or Thome et al. (2024)). 

8.5.3.2 SYNTACTIC SIMPLIFICATION 

Another option on how to automatically evaluate structural simplicity beyond SAMSA (Sulem 

et al., 2018b) is based on the number of statements in simplifications generated by the systems. 
Following the recommendations of Easy German Language (e.g., Deutsches Institut für Nor-
mung (DIN) 2023), each simplified sentence should contain just a few statements. In order to 

verify whether a TS system fulfills this criterion, the number of statements per sentence in the 

system output could be counted. In contrast to other TS metrics, this method could also be ap-
plied to the document level. If more than one statement exists, each statement could be labeled 

for a better interpretability of the measurement. On the other hand, the statement identification 

and segmentation could also be used as a first step for sentence splitting as one prominent task 

of syntactical simplification. 
In order to facilitate the development of statement identification and segmentation, we have 

recently organized a shared task (Schomacker et al., 2024)) (see Subsection 7.5.4), co-located 

with KONVENS (Konferenz zur Verarbeitung natürlicher Sprache / Conference on Natural 

https://konvens-2024.univie.ac.at/


8.5. Text Simplification Evaluation 217 

Language Processing) 2024. For this purpose, we have developed annotation guidelines regard-
ing how to count statements in German sentences and applied them to German Wikipedia-like 

articles written in German Easy language by non-trained translators.6 In total, we have anno-
tated 4,282 sentences with their number and segments of statements (2,988 sentences for train-
ing, 416 for validation, and 878 for testing) where more than 50% of the sentences contain just 
one statement7. 

Overall, three teams have participated, from which two have contributed to automatically 

counting and segmenting the statements, and one team has contributed only to the counting 

subtask. As can be seen in Table 8.8, all systems could beat our baselines (i.e., labeling all sen-
tences with 1, and randomly labeling the sentences) in the subtask for counting the statements. 
We believe that the results of this shared task can contribute to automatically assessing the struc-
tural complexity of a (automatically or manually) generated simplification. In future work, we 

will further investigate how the resources of this shared task can be used to automatically split 
sentences with more than one statement into several sentences with one statement each. 

Team 

KlarTextCoder 
StaGE FriGHt 
CUET_Big_O
Baseline-random 
Baseline-all-1 

MAE 

0.35 
0.4 
0.4 
0.66 
0.82 

Table 8.8: Results of StaGE shared task subtask 1. Copied from Schomacker et al. (2024)). 

8.5.3.3 LINGUISTIC FEATURES BEYOND SIMPLICITY 

Furthermore, following the recommendations of Alva-Manchego et al. (2019a), Tanprasert and 

Kauchak (2021), and Cardon and Bibal (2023), it might be useful to include annotations of 
simplification operations or linguistic features in the quality analysis of TS systems because they 

can help to understand how a complex sentence has been transformed into a simple sentence 

and to some extent give insight into black-box TS models. 
Therefore, in Stodden and Kallmeyer (2020) (see Subsection 7.2.1), we have proposed a 

multi-lingual feature extraction toolkit to get more information about the linguistic changes 

of system simplifications compared to the original texts. TS-eval-multi is an extension of the 

reference-less quality estimation tool for English (also called TS-eval) by (Martin et al., 2018). 
In comparison to a similar feature extraction toolkit called LFTK (Lee and Lee, 2023), the major-
ity of the features in TS-eval-multi are applicable to multiple languages and not only to English. 
Furthermore, TS-eval-multi focuses more on features for text simplification, whereas LFTK fo-
cuses more on features for readability assessment. The TS-eval-multi package is also integrated 

into the EASSE-multi evaluation package (Stodden, 2024a) (see Subsection 7.5.3) to facilitate 

easy evaluation of linguistic features and not only of questionable current automatic metrics. In 

6 The annotation guidelines are available here: https://german-easy-to-read.github.io/ 
statements/annotations/ [last access: July 24, 2024]. 

7 The annotated data is available online: https://github.com/german-easy-to-read/statements
[last update: July 10, 2024; last access: July 24, 2024] 

https://konvens-2024.univie.ac.at/
https://konvens-2024.univie.ac.at/
https://german-easy-to-read.github.io/statements/annotations/
https://german-easy-to-read.github.io/statements/annotations/
https://github.com/german-easy-to-read/statements
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future work, this linguistic analysis could be extended with features of LFTK, automatic annota-
tion of simplification operations as proposed in Cardon and Bibal (2023) (potentially trained or 
evaluated on our manually annotated simplification operations; see Section 8.2) or automatic 

error annotation as proposed in Yamaguchi et al. (2023) (potentially trained or evaluated on 

our manually annotated errors; see Lemgen 2024). 
TS-eval-multi partially includes features which are also relevant for the evaluation of docu-

ment simplification, e.g., compression ratio, proportion of deleted or added words, or average 

phrase length per sentence. In future work, it could be investigated whether more discourse-
level features, e.g., logical argumentation and idea density (Collins-Thompson, 2014), can help 

to automatically estimate the coherence of a text and how to integrate them into TS-eval-multi. 
The degree of repetition of words and ideas across sentences (“referential cohesion” Graesser 
et al. 2014), number of connectives (“deep cohesion” Graesser et al., 2014) and the amount of 
standard language (“degree of narrativity” Graesser et al. 2014) could be further helpful for 
domains different from the usual domains of TS research, e.g., deliberative texts (see Subsec-
tion 8.4.1). 

8.5.4 RECOMMENDATIONS 

In order to answer RQ 5-3, I will summarize the previous discussion and give recommendations 

regarding manual (see Subsubsection 8.5.4.1) and automatic evaluation for German TS (see 

Subsubsection 8.5.4.2). 

8.5.4.1 MANUAL EVALUATION 

For intrinsic manual evaluation aspects I recommend to consider the following aspects: sim-
plicity, grammaticality, coherence, ambiguity, lexical simplicity, structural simplicity, overall 
simplicity, meaning preservation and information gain (see Subsection 8.3.2 and EVALUATION 

CHALLENGE B). For the first four, I suggest to evaluate the aspects on the original as well as 

the simplified text in order to see the changes that are made by a TS system or a professional 
translator. Especially for German simplification, information gain seems to be a more relevant 
criterion than in other languages because during simplification into German Easy Language im-
plicit content is frequently made more explicit and explanations or examples of complex terms 

are more often added than for other simplification purposes (see Subsection 8.2.1). 
In order to address EVALUATION CHALLENGE B, I recommend using Likert scales with a state-

ment as aspect description and an unequal number of points on the scale. I have shown that a 

scale with negative and positive scale points can help to improve the understanding of anno-
tators regarding how to rate, e.g., more complex and even complex sentence pairs (see Subsec-
tion 8.5.1). This evaluation using the (partially) new rating aspects and the suggested scale can 

easily be conducted using an annotation tool such as our TS-ANNO. 
Regarding the group of annotators, I suggest asking native speakers with high reading abil-

ities to rate the aspects regarding grammaticality, coherence, ambiguity, meaning preservation, 
and information gains because for these aspects it is required to understand both texts well. The 

remaining aspects, i.e., simplicity, lexical simplicity, structural simplicity, and overall simplic-
ity, should be rated directly by people of the target group because the texts are simplified for 
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them; hence, they should be readable for them too. On the other hand, extrinsic evaluation such 

as conducted in Säuberli et al. (2024) (see Subsubsection 5.3.1.2) seems to be an even more re-
liable strategy in order to estimate the comprehensibility of the simplified texts and is also well 
suited for the evaluation of documents, but requires also even more time in preparation (e.g., 
generation of comprehension questions per text). 

8.5.4.2 AUTOMATIC EVALUATION 

With respect to automatic evaluation, we have added a few new components to the evaluation 

protocol in order to answer RQ 5-3. First, I recommend that one still use automatic metrics 

such as SARI, BLEU, FRE, or BERTScore for the evaluation of German TS systems, although 

they are not fully robust and reliable. But I suggest using suitable versions of the metrics for 
German, i.e., either a German or multi-lingual BERT model for BERTScore, the German ver-
sion of FRE, and preprocess the data with a German tokenizer (see Subsection 8.5.2). All these 

aspects are considered in our EASSE-multi evaluation framework, which facilitates the evalua-
tion of non-English TS. Furthermore, I recommend specifying the settings that have been used 

when evaluating a TS system to make the evaluation more comparable to other TS studies (see 

EVALUATION CHALLENGE E). 
In order to make the automatic evaluation more interpretable and reliable (see EVALUATION 

CHALLENGE C AND D), we have proposed to evaluate the complexity of the simplified sentences 

with complexity prediction models instead of the evaluation with FRE. Additionally, including 

the change of linguistic features between the original and the simplified text can help to get 
more insight into the simplification process, e.g., what has been correctly or wrongly changed. 
Our TS-eval-multi package assists in gaining this information (see Subsubsection 8.5.3.3). For 
the purpose of including automatic syntactic evaluation in the evaluation approach of German 

TS, SAMSA might be an option if a reliable semantic parser is available. In addition, I recom-
mend considering the number of statements within a simplified sentence to evaluate syntactical 
changes (see Subsubsection 8.5.3.2), which is also applicable to the evaluation of document sim-
plification. Overall, more work on German document simplification and especially its evalua-
tion is required, as the manual and automatic evaluation protocol is currently mostly addressed 

to sentence simplification. 
Finally, I recommend checking the list of available test sets (see Table 8.9) to potentially 

find suitable data for one’s own simplification purposes. Using existing test sets for one’s own 

evaluation is beneficial for a better comparison between existing TS models (see EVALUATION 

CHALLENGE F and MODEL CHALLENGE D). In future work, it would be especially interesting to see 

an evaluation on a German test set with more than one reference, i.e., ABGB. 

8.6 GERMAN TEXT SIMPLIFICATION MODELS 

Finally, I discuss the contributions of me and my co-authors regarding German text simplifi-
cation models (see step G in the TS workflow) and their impact (see steps I and J in the TS 

workflow). In our survey on the state of research regarding German TS models in Chapter 6, 
we have presented 25 models from which 11 are applied to document simplification (e.g., fine-
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Name Reference Target Domain Size # n:m 
Group Ref. 

complex 
FRE↓ Sent. Word 

Len.↑ Len.↑ 

simple 
FRE↑ Sent. Word 

Len.↓ Len.↓ 
ABGB Meister (2023) non-experts law 448 2 40% 42.75 24.85 1.83 44.6 22.39 1.89 
APA_LHA- Spring et al. (2021)
OR-A2 

lang. learn- news 500 1 6% 
ers 

44.7 20.2 1.92 69.55 11.27 1.78 

APA_LHA- Spring et al. (2021)
OR-B1 

lang. learn- news 500 1 8% 
ers 

43.7 20.48 1.93 62.6 12.82 1.83 

BiSECT Kim et al. (2021) people w. politics 753 1 100% 
reading
problems 

8.55 30.24 2.01 35.85 15.72 1.98 

DEplain- Stodden et al. (2023)
APA 

lang. learn- news 1,231 1 27% 
ers 

58.75 11.92 1.86 65.8 10.55 1.79 

DEplain- Stodden et al. (2023)
web 

mixed web/mixed 1,846 1 57% 62.95 19.13 1.64 77.9 10.76 1.57 

GEOlino Mallinson et al. 
(2020) 

children encyclopedia 663 1 40% 61.5 13.31 1.7 66.0 9.94 1.66 

SGC ’23 Toborek et al. (2023) mixed web/mixed 391 1 73% 41.15 13.96 2.0 65.4 9.31 1.83 
TextComplexity Naderi et al. (2019)
DE 

lang. learn- encyclopedia 250 1 83% 
ers 

28.1 27.75 2.08 51.2 14.17 1.9 

Table 8.9: Overview of test sets for German sentence simplification which are included in EASSE-DE. 
Extended version of Table 1 in Stodden (2024a). 

tuning pre-trained autoregressive models, or fine-tuning sequence-to-sequence models), 1 to 

paragraph simplification, and the remaining 13 to sentence simplification (e.g., fine-tuning pre-
trained sequence-to-sequence models, or prompting pre-trained models). 

However, I also introduced many issues regarding the existing TS models, i.e.: 

• MODEL CHALLENGE A: only a few studies experiment with augmented data (e.g., Säuberli 
et al. 2020; Schlippe and Eichinger 2023), 

• MODEL CHALLENGE B: lack of comparisons between TS system approaches, e.g., regarding 

different test sets, domains, or text levels, 

• MODEL CHALLENGE C: mixing of text of different domains & target groups in training and 

evaluation of TS models, 

• MODEL CHALLENGE D: existing TS models are not comparable to each other due to differ-
ent test sets or evaluation methods, 

• MODEL CHALLENGE E: existing TS models are not reproducible due to missing details of 
the approaches, 

• MODEL CHALLENGE F: the TS models are trained on corpora with different sizes and qual-
ity, and 

• MODEL CHALLENGE G: the target group is often overlooked when building TS models. 

In my publications, I have addressed some of these challenges as I will further explain in this 

section. Overall, we have introduced five new text simplification models in Stodden et al. 
(2023) (see Subsection 7.4.2), three for the document level, i.e., mbart-DEplain-doc-APA, 
mbart-DEplain-doc-web, and mbart-DEplain-doc-APA+web, and two for the sentence level, 
i.e., mbart-DEplain-sent-APA, and mbart-DEplain-sent-APA+web. We have shown that the 

same approach (with similar settings), i.e., fine-tuning mBART with a trimmed vocabulary 

of 30,000 German words, works for both simplification levels (see MODEL CHALLENGE B). 
In this work, we have proposed the first sentence simplification system that is fine-tuned 

only on manually aligned sentence pairs of one domain addressed to one target group, i.e., 
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DEplain-sent-APA on news texts for German language learners (see MODEL CHALLENGE F). 
Furthermore, in Stodden (2024b) (see Subsection 7.6.1), we have reproduced several German 

sentence simplification systems and proposed three new models, i.e., sockeye-DEplain-APA, 
mT5-DEplain-APA, and mT5-SGC. For a comparison of the metadata of previous and our 
newly proposed models see Table 8.10. 

8.6.1 RQ 6-1: DOCUMENT & SENTENCE SIMPLIFICATION 

In previous research, there has been a strict separation of document and sentence simplification 

(see RQ 6-1 and MODEL CHALLENGE B), although for some corpora, parallel texts are available for 
the document and sentence level, e.g. APA-RST (Hewett, 2023), Simple German Corpus ’23 (To-
borek et al., 2023), or Newsela for English (Xu et al., 2015). Cripwell et al. (2023b) bridge the 

gap between both research directions by introducing simplification plans for English TS: Each 

sentence of a source document gets labeled with a simplification operation (i.e., copy, rephrase, 
split, or delete) corresponding to the parallel target document. In this scenario, the simplifi-
cation process is split into two steps, i.e., classification of simplification operation per sentence 

and sentence simplification with a control token specifying the simplification operation, which 

improves simplification wrt. SARI and FKGL in comparison to a standard sentence or document 
sequence-to-sequence TS model. 

However, about the same time as Cripwell et al. (2023b), in Stodden and Kallmeyer (2022) 

and Stodden et al. (2023) we have also proposed simplification plans for documents8. In con-
trast to them, our simplification plans are not based on automatic alignments but on manual 
alignments (e.g., copy, rephrase, split, or fusion) or left-over alignments (e.g., deletions and 

additions) including more simplification operations than them (i.e., fusion and addition). We 

argue that it is possible to bridge the gap between sentence and document simplification with 

our manually annotated simplification plans (see RQ 6-1 and MODEL CHALLENGE B). 
In future work, the automatic labeling approach of Cripwell et al. (2023b) could be evalu-

ated on our manual simplification plans, and similar experiments using their two-step simplifi-
cation could be performed using our DEplain-data. The simplification plans could also improve 

context-aware sentence simplification similar to Sun et al. (2020) since, based on the sorted or-
der of the aligned pairs following their occurrence in the original document, the preceding and 

following sentences of a complex-simple sentence pair can be easily picked up and included in 

a TS system. 

8.6.2 RQ 6-2: EFFECT OF DATA & MODELS 

In this work, we are focusing on sentence and document simplification. Nevertheless, I assume 

that with some effort our sentence-wise aligned corpora could be adapted to paragraph simple-
complex pairs due to the available simplification plans of the documents. Further experiments 

on the paragraph level could be interesting in tackling the problem of too long inputs in docu-
ment simplification, but too little context in sentence simplification. 

8 Also see step D in the corpus building process in Figure 8.5 and https://github.com/rstodden/ 
DEPlain/tree/main/D__Simplification_Plans [last update: August 31, 2023; last access: July 24, 
2024]. 

https://github.com/rstodden/DEPlain/tree/main/D__Simplification_Plans
https://github.com/rstodden/DEPlain/tree/main/D__Simplification_Plans
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https://github.com/MiriUll/Language-Models-German-Simplification
https://github.com/MiriUll/Language-Models-German-Simplification
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https://github.com/MiriUll/Language-Models-German-Simplification
https://github.com/MSLars/German-Text-Simplification
https://github.com/MSLars/German-Text-Simplification
https://github.com/MSLars/German-Text-Simplification
https://github.com/MSLars/German-Text-Simplification
https://github.com/MSLars/German-Text-Simplification
https://github.com/MSLars/German-Text-Simplification
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https://github.com/MSLars/German-Text-Simplification
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https://huggingface.co/DEplain/
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Regarding the other two levels, Cripwell et al. (2023b) are also one of the first who trained 

and evaluated a TS system on both the document and sentence levels. Again, at about the 

same time, in Stodden et al. (2023), we have also proposed the first experiments on German TS 

considering the same resources for document and sentence simplification. Like Cripwell et al. 
(2023b), we have experimented with BART model variants (Lewis et al., 2020) for both text 
units: using the long-mBART approach of Rios et al. (2021) for document simplification and 

the general mBART model for sentence simplification. 
In the following, I will discuss further the results of our document simplification models 

(see Subsubsection 8.6.2.1) and sentence simplification models (see Subsubsection 8.6.2.2). 

8.6.2.1 DOCUMENT SIMPLIFICATION 

For document simplification, we have proposed three new German document simplification 

corpora based on the long-mBART approach of Rios et al. (2021), i.e., mBART-doc-DEplain-
APA, m-BART-doc-DEplain-web, and mBART-doc-DEplain-APA+web where the latter is 

trained on the data of the two models named first. 

DATA AUGMENTATION Since all three models are trained with the same model approach and 

the same hyperparameter, we can compare the effect of their training data (see RQ 6-2) when 

evaluating on the same test sets, i.e., DEPlain-web-doc and DEplain-APA-doc. 
When evaluating on DEplain-APA-doc, as can be seen in Table 8.12a, the model that is only 

trained on the news data of APA achieves the best results wrt. SARI, BLEU, and BERTScore. 
Training on only out-of-domain (i.e., DEplain-web-doc) or a mix of in-domain and out-of-
domain data, all scores are decreased. But, when evaluating on DEplain-web-doc, a combi-
nation of the web and news training documents improves the results wrt. SARI and BLEU, 
but decreases BERTScore compared to training on either in-domain or out-of-domain data (see 

Table 8.12b). We assume that this effect is due to the high variety of simplifications within 

DEplain-web versus the homogeneous simplifications in DEPlain-APA. Based on these results, 
adding more data does not automatically increase the result; it also depends on the domain, 
variety, and quality of the simplification data. 

train data n SARI ↑ BLEU BS-P ↑ train data n SARI ↑ BLEU BS-P ↑ 
↑ ↑ 

DEplain-APA 387 44.56 38.136 0.598 DEplain-APA 387 43.087 21.9 0.377 
DEplain-web 481 35.02 12.913 0.475 DEplain-web 481 49.584 23.282 0.462 
DEplain-APA+web 868 42.862 36.449 0.589 DEplain-APA+web 868 49.745 23.37 0.445 
src2Src-baseline 17.637 34.247 0.583 src2Src-baseline 12.848 23.132 0.432 

(a) DEPLAIN-APA test (n=48) (b) DEPLAIN-WEB test (n=147) 

Table 8.12: Results on Document Simplification using finetuned long-mBART. n corresponds to the 
length of the training data. Copied from Table 4 in Stodden et al. (2023). 

Furthermore, following the inter-annotator agreement during manual alignment (see Ta-
ble 8.1) and the insights in the annotation based on the examples of the alignment simplification 

plans (see Figure 8.4), we assume that document simplification is a tougher problem in the web 

documents than in the news documents. Especially the high amount of cross-sentence simplifi-
cation operations such as reordering, merging, and splitting in the web document might make 
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the automatic simplification much stronger. Due to the lack of more than one reference simpli-
fication document, even if a TS system would generate a good simplification of a document, it 
might be assessed with low scores wrt. automatic metrics as the generation does not meet the 

expected gold simplification. 

MODEL COMPARISON In order to compare the quality of our document simplification models 

with other models, i.e., mBART-20min, we have evaluated it also on the 20min corpus that also 

includes simplifications of news texts. As can be seen in Table 8.13, our models achieve very 

low scores on all automatic metrics and are greatly outperformed by the model trained on the 

20min corpus. In comparison, our model trained on web documents achieves the best SARI and 

BLEU scores. On the one hand, this is surprising as in the previous section, we have shown that 
in-domain training performs better than out-of-domain training. But, on the other hand, the 

20min data includes very strong rewriting as it is a mix of simplification and summarization, 
whereas the APA data contains only mild simplification with a low to non-existing degree of 
summarization. By contrast, the DEplain-web corpus also contains strong simplification with a 

high degree of deletions, which might be more similar to the 20min corpus than the DEplain-
APA corpus, although the texts are written for another text domain. 

train data n SARI BLEU BS-P FRE 

20min 18305 33.29 6.29 
DEplain-APA 387 22.805 1.706 0.03 63.9 
DEplain-web 481 27.113 1.81 0.007 63.5 
DEplain-APA+web 868 24.265 1.804 0.029 64 
src2src 1.953 2.051 0.029 54.45 

Table 8.13: Results on Document Simplification Testing on 20min with long-mBART. Copied from Table 
15 of Stodden et al. (2023). 

Following this, sentence simplification on the DEplain-web corpus and the 20min corpus or 
document simplification using document plans might be easier and more suitable tasks than 

document simplification. However, document simplification on the mild simplifications of the 

DEplain-APA document seems to be suitable; in future work, I plan to focus more on solutions 

for document simplification using this data. For example, it would be interesting whether zero 

or one-shot experiments could surpass our fine-tuning approach using long-mBART. 

8.6.2.2 SENTENCE SIMPLIFICATION 

For German sentence simplification, more models, more evaluation sets, and better evaluation 

metrics exist than for document simplification. In this section, I discuss the capability of Ger-
man sentence simplification systems, which can vary regarding the training data, e.g., by adding 

augmented data, or comparing different model architectures trained and evaluated on the same 

data (see RQ 6-2). So far, TS models have been rarely compared to TS models proposed in 

other papers (see MODEL CHALLENGE D); exceptions are Mallinson et al. (2020), or Anschütz 

et al. (2023). But if so, as previously discussed in Subsection 6.8.1, it has not been clear whether 
the same data split (e.g., for APA-LHA Spring et al., 2021) or the same evaluation method has 

been used (e.g., same SARI or FKGL implementation). Reasons for this are a lack of provided 
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resources, e.g., generated simplifications, model checkpoints, or descriptions on evaluation im-
plementation (see Subsection 5.4.1 or Subsection 6.8.1). 

To enable comparison of the models in the reproduction study (see MODEL CHALLENGE E), 
as well as further improve the comparability of German sentence simplification models (see 

MODEL CHALLENGE D), we have proposed EASSE-multi (Stodden, 2024a) (see Subsection 7.5.3. 
EASSE-multi facilitates the use of the same evaluation metrics and settings in non-English TS 

reports and contains a GitHub repository in which available German simplification test sets and 

system outputs on these test sets can be easily stored, compared, and uploaded. 
As mentioned previously, currently, a comparison between existing TS models is hampered 

as they are all evaluated with different metric implementations or on different test sets (see 

MODEL CHALLENGE D). To enhance the overview and comparison of the capabilities of German 

sentence simplification models, in Stodden (2024b) (see Subsection 7.6.1), we have proposed a 

reproduction study on eight German sentence simplification models (including our own two 

models, i.e., DEplain-sent-APA and DEplain-sent-APA+web) and additionally proposed three 

new TS systems. In order to compare several German TS systems with respect to training 

data and model architectures, we have automatically evaluated and compared the reproduced 

TS models on six German test sets, i.e., APA-LHA-OR-A2, APA-LHA-OR-B1, DEplain-APA, 
DEplain-web, GEOlino, and TextComplexityDE. Overall, our own TS model mbart-DEplain-
sent-APA+web performed best on four of six test sets wrt. BERTScore-Precision, and on three 

wrt. BLEU. Regarding SARI, mbart-DEplain-sent-APA performed best on two test sets; BLOOM-
10-similarity and Sockeye-APA-LHA performed best on each two test sets. 

The previously mentioned TS system can be evaluated more fine-grained. In the following, 
I provide this kind of analysis by addressing MODEL CHALLENGE A regarding the lack of TS 

studies with augmented data, addressing MODEL CHALLENGE F regarding training on corpora 

with different sizes, testing the models’ capabilities regarding another domain, and providing 

insights based on an error analysis. 

DATA AUGMENTATION We have trained a sentence simplification model with the same hyperpa-
rameters on only DEplain-APA and additionally with the automatically aligned sentence pairs 

of DEplain-web, resulting in DEplain-APA+web. 
Comparing the metrics’ scores of mBART-DEplain-APA and mBART-DEplain-APA+web on 

the sentence level test sets of DEplain-APA (see Table 8.14a), adding additional training data 

(i.e., the web data) did not make a big difference, except for SARI. As expected, training only 

on news data achieves a higher SARI score on the news test. However, when tested on the 

DEplain-web test set (see Table 8.14b), adding web data to the training data has improved all 
the measured metrics (except FRE and sentence splits). This supports the finding that adding 

at least some data of the relevant domain (i.e., 1,281 sentence pairs of DEplain-web) leads to a 

better generalization of the model for this domain. But I assume if we would have added less 

error-prone manually aligned sentence pairs of DEplain-web the effect would have been more 

significant. 

SAME RESOURCE, BUT DIFFERENT SIZE & QUALITY Although mBART-DEplain-APA, mT5-DEplain-
APA, and sockeye-DEplain-APA are all trained on the same training data, the models achieve 
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Compr. Sent.BLEU↑ SARI↑ BS_P↑ FRE↑ ↓ratio splits↑ 

mBART-DEplain-APA 28.49 38.72 0.64 65.30 0.99 1.07 
mBART-DEplain-APA+web 28.03 33.81 0.64 65.20 0.98 1.05 

(a) mBART evaluation on DEplain-APA. 

BLEU↑ SARI↑ BS_P↑ FRE↑ 
Compr.↓ratio 

Sent. 
splits↑ 

mBART-DEplain-APA 13.50 33.11 0.40 69.65 0.90 1.30 
mBART-DEplain-APA+web 17.99 34.07 0.44 69.05 0.85 1.16 

(b) mBART evaluation on DEplain-web. 

Table 8.14: Comparison of DEplain-mBART models on DEplain test sets. 

quite different scores on the DEplain-APA test set wrt. BLEU, SARI, BERTScore-Precision, and 

FRE. Hence, the different transformer models and not only the data have an effect on the re-
sults. As summarized in Table 8.15, the mBART model achieves the best scores wrt. BLEU and 

BERTScore-Precision whereas the sockeye model achieves the best scores wrt. SARI. In compar-
ison, the mT5 model compresses sentences but splits sentences the least, whereas the sockeye 

model generates the most simple sentences wrt. FRE and the most sentence splits. Hence, each 

model seems to have different capabilities, and each can be of more or less advantage depending 

on the needs of the target group. 

BLEU↑ SARI↑ BS_P↑ FRE↑ 
Compr.
ratio 

Sent.↓ splits↑ 

sockeye-DEplain-APA 19.58 44.14 0.53 71.45 0.94 1.09 
mBART-DEplain-APA 28.49 38.72 0.64 65.30 0.99 1.07 
mT5-DEplain-APA 22.32 39.41 0.61 63.20 0.87 1.04 
mBART-DEplain-APA+web 28.03 33.81 0.64 65.20 0.98 1.05 

Table 8.15: Evaluation on DEplain-APA. 

OUT-OF-DOMAIN EVALUATION However, a more fine-grained evaluation is required to justify 

these assumptions made based on automatic evaluation scores. For example, Stroh (2024) has 

manually evaluated the capability of the mBART-DEplain-APA+web model with respect to the 

simplification of instructional texts. Overall, the model seems to not generalize to these fairly 

differently written texts as it focuses more on simplification for non-native speakers than on 

expert-layman simplification as required in this task. In a comparison to GPT-4 (zero-shot and 

one-shot), mBART-DEplain-APA+web resolves less nominalizations (i.e., no nominalization 

at all), less rewriting into active voice and less rewriting into present tense. Even if mBART-
DEplain-APA+web is not transferable to instructional texts, in Stodden (2024b), we found that 
it performs quite well on simplification for children (i.e., the GEOlino test set), simplification 

of Wikipedia texts for language learners (i.e., TCDE19 test set), but comparatively low on other 
web test sets (i.e., Simple German Web ’23). 



228 Chapter 8. Discussion & Future Works 

ERROR ANALYSIS Furthermore, Lemgen (2024)9 has manually analyzed some of the systems, 
e.g., mT5-DEplain-APA, mBART-DEplain-APA, and mBART-DEplain-APA+web, regarding 

wrongly applied simplification operations. He comes to the conclusion that on DEplain-
APA and DEplain-web mT5-DEplain-APA generates the most erroneous simplifications in 

comparison to mBART-DEplain-APA+web (second-most errors) and mBART-DEplain-APA 

(most correctly simplified sentences). The most frequent errors of the models are generating 

nonsense sentences and removing too much information, whereas generating grammatically 

correct sentences or inserting wrong information seems to be no big issue. However, these 

results do not correspond to the evaluation metrics (see Table 8.15), e.g., mT5-DEplain-APA 

achieves the highest SARI score on DEplain-APA but is annotated with the most errors. This 

again shows that better evaluation metrics are required which could also take into account 
erroneous and not only correct simplification operations as proposed, e.g., by Devaraj et al. 
(2022), Ma et al. (2022) or Yamaguchi et al. (2023). 

SUMMARY So I can sum up wrt. RQ 6-2 that in our experiments the model architecture as well as 

the training data have an effect on the quality of text simplification when considering automatic 

metrics and manually annotated errors. However, a manual evaluation including target groups 

would be required to fully verify these findings. 

8.6.3 RQ 6-3: EFFECT ON REAL-WORLD APPLICATION 

In previous sections of this work, I have focused on text simplification research, i.e., how to build 

the most suitable text simplification system for different target groups and for texts of different 
domains. Based on research on text complexity (e.g. Amstad, 1978 or Mohtaj et al., 2022) and 

text simplification (e.g., Bock and Pappert, 2023 or Ebling et al., 2022), we have shown how to 

manually and automatically rewrite a text to make it better readable for people with different 
requirements on a text (see also Chapter 2). In evaluation studies, researchers have shown 

that manually and automatically simplified texts are better readable so that they increase the 

comprehensibility of people with learning difficulties (e.g., see Schlippe and Eichinger 2023 or 
Säuberli et al. 2024). 

On the other hand, we only know little about how text simplification systems can be in-
tegrated into the daily life of people with reading problems (see step J in TS workflow). For 
some use cases, some text simplification systems are already in use, e.g., automatically simpli-
fying texts for language learners at CEFR level A1, A2, and B1 by capito digital (capito, 2024), 
or automatically simplifying public authority announcements into German Easy Language by 

SUMM-AI (Stadt Aschaffenburg, 2024). However, to the best of my knowledge, no research 

exists yet on how (automatic) simplifications affect the usage and the intention of people to use 

websites with complex texts (see RQ 6-3 and MODEL CHALLENGE G). 
Therefore, in Stodden and Nguyen (2024) (see Subsection 7.6.2), we propose an analysis on 

how text simplification actually affects the readers’ usage intention in real-world applications, 
i.e., do people with reading problems would more or less likely participate in a discussion if 

9 This Bachelor thesis has been supervised by Regina Stodden (first supervisor) and Laura Kallmeyer
(second supervisor); the idea of the project comes from Regina Stodden. 
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(automatic) simplifications are provided? Based on our findings regarding simplification of 
user-generated texts in Stodden (2021a) (see Subsection 7.4.1), we have selected one possible 

use case for text simplification, i.e., simplification of contributions in the deliberative online 

platform and analyzed how text simplification affects readers and writers on these platforms. 
In our analysis, we have focused on the technology acceptance of automatic text simplification 

on these platforms by conducting a nearly-realistic user study with German language learners 

and German native speakers. 
The findings from our research indicate that text simplification does not directly impact en-

gagement in online participation processes. However, our results also suggest that text simplifi-
cation does not hinder the intention to use e-participation platforms. In fact, German language 

learners and people with reading difficulties tend to favor the existence of text simplification on 

these platforms, regardless of whether manual or automatic simplification. Further, no unin-
tended side effects are expected for participants without reading and writing difficulties when 

reading proposals in standard language and Plain Language side-by-side. 
Following this, we have shown that our work is not only beneficial for the research regarding 

German text simplification, but its usage also has a practical impact on real-world applications 

such as deliberative online platforms. In future work, more similar investigations are required to 

analyze the impact of text simplification in other use cases, e.g., simplification of public author-
ity texts or news, and for other target groups, e.g., people with learning difficulties or laypeople. 
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Chapter 9 
Limitations 

Although my work has enhanced German text simplification in many aspects, the work still 
shows some limitations. For example, this work is narrowed to automatic simplification of 
written German texts; it does not include detailed research regarding manual simplification, 
automatic simplification of spoken texts, or automatic simplification of languages other than 

German. In the following, we provide more details regarding the limitations and, if available, 
refer to related work in the named fields. 

9.1 AUTOMATIC TEXT SIMPLIFICATION 

The focus on automatic text simplification rather than manual simplification is a major but in-
tended limitation of this work. However, automatic simplification depends on manual simpli-
fication. Therefore, I have also tackled manual simplification to some extent. In more detail, 
while automatic approaches are trained and evaluated on manually generated simplifications, 
trained translators can benefit from computer-assisted translation due to, e.g., a reduction in 

their cognitive load (Hansen-Schirra et al., 2020b). 
Overall, our study has offered some insight into manual simplification and manual post-

editing of automatically simplified texts, but has primarily focused on automatic simplification, 
as manual simplification itself is a huge research topic. Therefore, I have addressed only the 

most important facts of manual simplification, which are necessary to understand the scope of 
automatic text simplification. In future work, it would be interesting to collaborate more with re-
searchers in translation studies (including simplified languages), professional translators, and 

the target group to minimize the gap between manual and automatic text simplification in Ger-
man. 

9.2 SIMPLIFICATION OF WRITTEN TEXTS 

I have also exclusively focused on written texts, even though research exists regarding simplifi-
cation in multi-modal settings, for example, 

i) manual (but not automatic) consecutive or simultaneous interpreting into a simplified 

language (e.g., see Degenhardt 2020), 
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ii) manual simplifications used in spoken contexts, e.g., audio guides (e.g., see Scheele 2020), 

iii) manually simplified subtitles in films (e.g., see Marmit 2020), or 

iv) television news spoken in simplified language and visualized with videos (e.g., see 

“Tagesschau in Einfacher Sprache” (engl.: Tagesschau in Plain Language”).1) 

In future research, it would be interesting to combine the findings from written automatic 

text simplification to manual and automatic multi-modal simplification, e.g., by automatically 

generating scripts in simplified language for subtitles or television news. 

9.3 SUPPORTING THE TARGET GROUP VIA POST EDITING 

I overall have aimed to build simplification systems that support and empower the target groups 

of simplified German by addressing their special needs in the simplified version of the text and 

by providing better readable texts for them. Nevertheless, I have decided to address our TS 

systems more to professional translators instead of directly to the target group. Motives for 
limiting the addressee are that I expect system-generated simplifications to be error-prone to 

some extent wrt. simpleness, correctness, or fluency (Stajner, 2021), on the one hand, and that 
people in the target groups (e.g., children, people with cognitive disabilities, dementia, or read-
ing deficits, or people learning a new language) are vulnerable against unverified texts (Stajner, 
2021), on the other hand. 

As some of the texts are of a safety-critical domain (e.g., medical texts), it is important that 
the information of the original text is not changed in the simplified text. For example, a change 

in the dose, name, or frequency of taking the medicine could cause injuries to varying degrees. 
Especially for people of the target group of German Easy Language, a high sensitivity against 
publishing wrong information should be considered because some of them do not have (yet or 
not anymore) the full capabilities to critically reflect on content (Park, 2012), and do not have 

access to alternative texts that correspond to their reading skills to verify the information (that 
is also the reason why the texts have been simplified). 

Hence, for these ethical reasons, I suggest proof-reading of the system-generated texts prior 
to publication to the target groups. Translators trained in simplification could use the auto-
matically generated simplifications as a first draft of the simplification and manually verify and 

post-edit them (Stajner, 2021; Deilen et al., 2024). With this procedure, I decrease the potential 
risk of my work by requesting manual checks of the automatically generated simplifications 

before publication. Furthermore, this procedure also reduces the risk of misinformation and 

misunderstandings for the target group. 
While it is arguably a smaller objective (in terms of system output quality) to make sim-

plifications ready for post-editing, there are some challenges with the automatically generated 

simplifications that need to be overcome. A recent study by Carrer et al. (2024) has demon-
strated that professional translators currently face some limitations in their productivity when 

post-editing automatically generated simplifications. In comparison, trained translators sim-
plify a text more quickly and with less effort when starting directly from the original text and 

1 https://www.tagesschau.de/multimedia/sendung/tagesschau_in_einfacher_sprache [last ac-
cess: July 24, 2024] 

https://www.tagesschau.de/multimedia/sendung/tagesschau_in_einfacher_sprache
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not the automatically generated text. It could be just a matter of getting used to this new form 

of simplification. The findings of Carrer et al. (2024) do not imply that automatic simplification 

is ineffective for trained translators; rather, the findings suggest that the quality of text sim-
plification systems must be further enhanced before their outputs are suitable and helpful for 
post-editing, e.g., involving more simplification operations and simplifying more strongly. 

9.4 SIMPLIFICATION ON DOCUMENT AND SENTENCE LEVEL 

Another limitation of this work is the text unit for simplification, i.e., document, paragraph, 
and sentence units. Professional translators mostly simplify texts document-wise by applying 

simplification operations such as reordering, comprising, and making the text more coherent. 
However, my focus is more predominant on sentence simplification, although there are known 

issues regarding missing context when processing isolated sentences. But international text 
simplification research also currently mostly focuses on the sentence level due to more limited 

simplification operations (e.g., splitting, lexical substitution, or verb tense change) and better 
evaluation frameworks (Alva-Manchego et al., 2020b). In future work, the document plans of 
DEplain might help to integrate the previous and following sentences into future TS models or 
could facilitate paragraph simplification. 

9.5 EVALUATION OF AUTOMATIC TEXT SIMPLIFICATION 

The impact of our results is also limited due to the evaluation methods we have chosen. We 

have only automatically, but unfortunately not manually, evaluated the system generations. The 

major reason is a lack of best practice guidelines for evaluation. In the contributions of my co-
authors and myself, we have extended the manual evaluation protocol (see Stodden 2022 and 

Stodden 2021c), but have not verified it yet in practice. However, the application of our new 

evaluation schema on the gold data has shown that it can be well used to estimate the quality and 

variety of a text simplification corpus. However, I strongly believe that in future work our new 

annotation schema could also be helpful for the evaluation of system-generated simplifications. 
Regarding automatic evaluation, we have focused on optimizing currently available metrics, 

even though many limitations of them are known. Therefore, our benchmark results presented 

in (Stodden, 2024b) should be interpreted with caution. In future work, new metrics for German 

TS could be built based on our manual evaluation on the gold data (see Stodden et al. 2023) or 
our manual error annotation of the system generations (see Lemgen 2024). 
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Chapter 10 
Conclusion 

Following the comprehensive analysis and discussion of my contributed work and suggestions 

regarding future investigations for German text simplification regarding data, models, and eval-
uation, I now draw an overall conclusion on the goal of evaluating and enhancing the potential 
of machine learning methods for automatic German sentence and document simplification. 

As also visualized in Figure 10.1, I have enhanced many components of automatic German 

text simplification with respect to 

• predicting and explaining text complexity by implementing a sentence complexity pre-
diction system and providing a typology of German simplification operations (see step 0 

in Figure 10.1), 
• facilitating the building process of (German) TS corpora by providing an annotation 

guideline for German TS and an annotation tool for multi-lingual TS (see step A, C, D, 
and F), 

• German document and sentence simplification corpora by building and evaluating 

(new) corpora regarding their quality (see step B, E, and F), 
• German text simplification models by proposing and reproducing models for a German 

TS benchmark on several test sets (see step G), 
• German text simplification evaluation by providing a platform for unified automatic Ger-

man TS evaluation as well as raising new concerns regarding manual and automatic eval-
uation of TS (see step H), and 

• the relevance of text simplification in real world applications (see step J). 

Overall, with respect to my main research question (i.e., How can the potential of machine learn-
ing methods be explored for the simplification of German texts, considering data availability, evaluation 

suitability and comparing their effectiveness for document and sentence simplification approaches?), I 
have shown that automatic German text simplification has a high potential, but is still rather in 

its early stages. In particular, with regard to the field of automatic German document simplifi-
cation: despite the existence of a few corpora and models, the absence of a reliable document 
evaluation method leaves open a number of questions regarding the quality and suitability of 
the available resources. 

In contrast, for sentence simplification, I have demonstrated the capability of current TS 

models wrt. different target groups and text domains. Nevertheless, more robust evaluation is 
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necessary to ensure the reliability and efficacy of automatic sentence and document simplifica-
tion prior to its implementation in real-world settings. 

I believe that the new typology for German simplification operations, the new annotation 

tool TS-ANNO, the new DEplain corpora, the new German TS models, the new evaluation 

aspects, and the EASSE-DE evaluation framework will strongly facilitate German text simplifi-
cation research in the future due to its ease of access and ease of use. 
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Chapter 11 
Ethics & Impact Statement 

In addition to the “Ordnung über die Grundsätze zur Sicherung guter wissenschaftlicher 
Praxis” (translation: ”regulations on the principles for safeguarding good scientific practice”) 

of the Heinrich Heine University Düsseldorf, I also honor the Code of Ethics of the Association 

for Computational Linguistics (ACL)1; in the following I provide concise answers on the 

Responsible NLP Research check list2. 

LIMITATIONS & RISKS In previous parts of this work, I have already discussed the limitations 

and risks of my work (see Chapter 9). In order to assess the risk of my work, I use the Artificial 
Intelligence Act of the European Union (EU AI Act) European Parliament and Council of the 

European Union 2024. Our text simplification systems do not correspond to any prohibited 

AI practices following the EU AI Acts (see Article 5 of the EU AI Act), as their outputs are not 
expected to be harmful to people. But I follow article 50 of the EU AI Act regarding transparency 

obligations: if the automatically generated simplifications are used in production, I recommend 

adding a remark that this text has been generated automatically and might contain errors such 

as exemplified in Stodden and Nguyen (2024). However, officially, our TS models are exempted 

from the EU AI Act because the act does not regulate AI models that are developed for scientific 

purposes (see article 2-6 of the EU AI Act) or models that are published with an open license 

(see article 2-12 of EU AI Act) which both apply to our TS models. 

SCIENTIFIC ARTIFACTS In my work, I have used several scientific artifacts such as models, code, 
and data. In order to follow good scientific practice and responsible NLP, on the one hand, 
I have cited the artifacts, discussed their licenses, and only used them according to their in-
tended usage. On the other hand, I have specified the intended use and the licenses for the 

artifacts that we have created. Our data do not contain personal data except for the study in 

Stodden and Nguyen (2024) and the annotators’ metadata for the DEplain corpora (Stodden 

et al., 2023) which have been anonymized. For building our corpora, we have just used pro-
fessionally simplified texts in which we do not expect any personal data or offensive content. 

1 https://www.aclweb.org/portal/content/acl-code-ethics [last update: March 13, 2020; last ac-
cess: July 30, 2024] 

2 https://aclrollingreview.org/responsibleNLPresearch/ [last update: n/a; last access: July 30, 
2024] 

https://www.aclweb.org/portal/content/acl-code-ethics
https://aclrollingreview.org/responsibleNLPresearch/
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Furthermore, we have provided detailed information regarding the characteristics and statis-
tics of our data, e.g., domains, language, language varieties, and linguistic phenomena (i.e., 
simplification operations or alignment types). 

COMPUTATIONAL EXPERIMENTS In order to train or reproduce German TS models, we have per-
formed computational experiments for which we have specified the hyperparameters in the 

corresponding publications. We have utilized computational resources in an efficient manner 
by, e.g., leveraging pre-trained models and fine-tuning for a limited number of epochs. If I have 

included existing packages in my code, I have cited them and specified the parameter settings 

used in our experiments. 

HUMAN ANNOTATIONS My work also includes some human annotations, e.g., simplification op-
erations and quality estimation of the DEplain corpus. We have made available the metadata of 
the annotators and the annotation instructions (i.e., the annotation guideline Stodden 2022 and 

the annotation tool Stodden and Kallmeyer 2022). As the data and annotation did not contain 

any sensitive information, it was not necessary to seek approval from an ethics review board. 

AI ASSISTANTS I have used AI assistants during the writing of the thesis text and the contributed 

articles. I respect the “Leitlinien zur Verwendung generativer Künstlicher Intelligenz in der 
Lehre“ (translation: “Guidelines for the use of generative artificial intelligence in teaching”) 

of the Heinrich Heine University Düsseldorf3 and the AI Writing Assistance Policy of ACL4 

and have followed them to the best of my ability. The following AI tools or models have been 

used to improve writing style, inspire the writing process, and to omit spelling and grammar 
errors, i.e., Grammarly5, DeepL translator6, DeepL Writer7, WriteFull8. Additionally, for the 

same purpose, I have utilized the following generative large models, e.g., ChatGPT9, Mixtral 
8x7B Instruct (Jiang et al., 2024), or LLaMA 3 SauerkrautLM 70B Instruct10. 

In order to extend my literature research, I have used AI assistants to enlarge my list of 
relevant background or related works, e.g., Semantic Scholar11, Connected Papers12, Elicit13, or 
Perplexity AI14. I have not used any AI assistant for code generation (e.g., Copilot15). 

3 https://www.hhu.de/fileadmin/redaktion/ZUV/Justitiariat/Amtliche_Bekanntmachungen/ 
AB_14_240425.pdf [last update: April 25, 2024; last access: July 30, 2024] 

4 https://2023.aclweb.org/blog/ACL-2023-policy/ [last update: January 10, 2023; last access: 
July 30, 2024] 

5 https://www.grammarly.com/about [last access: July 30, 2024] 
6 https://www.deepl.com/de/translator 
7 https://www.deepl.com/write [last access: July 30, 2024] 
8 https://www.writefull.com/ [last access: July 30, 2024] 
9 I have used different versions of ChatGPT between the beginning of 2023 and the middle of 2024. 

https://chat.openai.com/ [last access: July 30, 2024] 
10 https://huggingface.co/VAGOsolutions/Llama-3-SauerkrautLM-70b-Instruct [last access: 

July 30, 2024] 
11 https://www.semanticscholar.org/ [last access: July 30, 2024] 
12 https://www.connectedpapers.com/ [last access: July 30, 2024] 
13 https://elicit.com/ [last access: July 30, 2024] 
14 https://www.perplexity.ai/ [last access: July 30, 2024] 
15 https://github.com/features/copilot [last access: July 30, 2024] 

https://www.hhu.de/fileadmin/redaktion/ZUV/Justitiariat/Amtliche_Bekanntmachungen/AB_14_240425.pdf
https://www.hhu.de/fileadmin/redaktion/ZUV/Justitiariat/Amtliche_Bekanntmachungen/AB_14_240425.pdf
https://2023.aclweb.org/blog/ACL-2023-policy/
https://www.grammarly.com/about
https://www.deepl.com/de/translator
https://www.deepl.com/write
https://www.writefull.com/
https://chat.openai.com/
https://huggingface.co/VAGOsolutions/Llama-3-SauerkrautLM-70b-Instruct
https://www.semanticscholar.org/
https://www.connectedpapers.com/
https://elicit.com/
https://www.perplexity.ai/
https://github.com/features/copilot
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Plain Text Summary 

In Germany, about 20% of people have trouble reading and writing texts. Those particularly 
affected by reading difficulties include, for example: 

• Elderly people 

• People who don’t speak German as their native language 

• People who read slowly 

• People with intellectual disabilities 

Many German texts are difficult for these people to understand because they are written too 
complex. This makes it hard for these people to find important information, such as medical 
texts, government texts, news, or general internet texts. But there is a solution: texts can be 
rewritten to adapt to the needs of the readers. As a result, they become easier to read for other
people as well. Typical changes include, for example: 

• shorter sentences, 
• fewer subordinate clauses, 
• replacing difficult or long words with shorter and easier ones, 
• separating compound words, 
• clearly stating things implied between the lines. 

Usually, professional translators of translation agencies reformulate the texts. However, 
there are also computer programs that can automatically simplify texts. To a certain extent, 
these texts are then reformulated automatically using machine learning and artificial intelli-
gence.

The process of automatically rewriting texts is also called “automatic text simplification”.
Automatic text simplification can be defined as: text simplification is the change of word choice
in a text and/or the restructuring a sentence in a text. The change of word choice is often re-
ferred to as ”lexical simplification”. The restructuring of sentence structure is often referred to
as ”syntactic simplification”. The simplification is considered automated if the process is sup-
ported by machine learning. The goal of simplification is not to change the original meaning of
the difficult text, but to make it easier to understand for a specific target group.

The highest goal of automatic text simplification is: people with reading difficulties should
be able to understand texts better. People with reading difficulties should be able to participate
more in society and make more decisions about themselves. This goal should be achieved by
rewriting difficult-to-understand texts to make them easier to understand. However, mistakes
are often made during automatic text simplification. Therefore, there is an important intermedi-
ate step towards this goal: automatic models for text simplification should support professional
translators. The automatically generated simplification will be presented to the translators as 
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a first proposal. The translators can then correct and adapt the text. This should make the 
simplification process faster and easier. 

To develop models for text simplification that can simplify texts, you need examples of dif-
ficult texts and their easier versions. A collection of many examples is also called a dataset in
this context. The model then learns how to simplify texts by going through this dataset. After-
wards, it is tested how well the model can create simplifications by processing another dataset.
The automatically generated simplifications on the new dataset are then often compared to a
simplification written by a human. If both simplifications are similar, the simplification is con-
sidered as good. 

In this dissertation, I provide an overview of the current state of research on automatic text
simplification of German texts. I explain how datasets are created, how the quality of simplifica-
tions is evaluated, and which simplification models already exist. I also point out the difficulties
that arise and propose solutions. With this, I hope to advance the research on German text sim-
plification. 

One of the biggest challenges in this research area is that there are not enough good datasets
to train machine learning models. Existing datasets often have too few examples or are not good
enough. I try to reduce this problem in my work. To do this, I first investigated what makes a
good simplification. I also analyzed how changes made during simplification can be named 
and grouped. This grouping helps, among other things, to evaluate the diversity and quality of
datasets for text simplification more accurately. 

To facilitate the evaluation and creation of new datasets for text simplification, I have de-
signed a platform called TS-ANNO. On this platform, the names of the changes can be assigned
to the respective text passages. TS-ANNO also supports the alignment of sentence pairs in texts.
A sentence pair consists of a difficult sentence and a simplified sentence with the same mean-
ing. These sentence pairs are necessary to build or train a simplification model for sentences.
In contrast to simplifying entire documents, sentence simplification requires sentence pairs, not
document pairs. 

Using TS-ANNO, I have created new datasets for document simplification and sentence
simplification for the German language. I call the dataset ”DEplain”; the name consists of ”DE”
for German and ”plain” refers to the simplified language variety called “plain language”. 

One part of the dataset consists of news texts (called DEplain-APA-doc and DEplain-APA-
sent). The news texts were simplified by a translation agency. The simplified news texts are 
intended to be particularly understandable for people learning German. The other part of the
dataset consists of internet texts (called DEplain-web-doc and DEplain-web-sent). Here, the
simplified texts are intended to be particularly understandable for people with reading difficul-
ties and intellectual disabilities. The simplification has partially written by trained translators.
However, my new datasets are larger than previous datasets and have higher quality. There-
fore, my datasets are better suited for automatic text simplification for German than previous
datasets. 

Another difficulty in researching automated German text simplification is evaluating the 
quality of the generated texts. The quality can be evaluated either by humans, by filling out
questionnaires on simplification, or automatically by computer programs that count and com-
pare certain properties. So far, the questionnaires were not detailed enough to fully evaluate
the quality of simplified German texts. In my work, I present new aspects for the evaluation
questionnaire. The new aspects relate to, for example: 

• How well were long, difficult words replaced by short, simple ones? (Lexical simplifica-
tion) 

• How well was the sentence structure simplified? (Syntactic simplification) 

• How well is the sentence understandable when you don’t know the previous and follow-
ing text? (Coherence and cohesion) 
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• How ambiguous is the content of the text? Can you easily misunderstand the text? (Am-
biguity) or 

• How many new pieces of information were added to the text? (Information enrichment) 

On the other hand, automated text evaluation is often not reliable, transparent, and inter-
pretable. Most methods for evaluation were developed for the English language. It has not been
thoroughly tested whether and how well these methods work for other languages (such as Ger-
man). Furthermore, many research studies use different settings for the automated methods for
evaluation. This makes it hard to compare the results.

In my work, I present a program that can standardize the evaluation. The program is called
EASSE-DE. EASSE-DE is specifically optimized for evaluating German texts, but it can also 
be applied to other languages. The evaluation with EASSE-DE is more transparent and inter-
pretable than with previous programs. With EASSE-DE, models for German text simplification
can be better compared, as the same settings can be used for evaluation, and the settings are
suitable for German texts. 

Many models for simplifying German texts only had a description in the publication of the
researchers, but often there was no usable or available software or programming code. In my
PhD thesis, I have closed this research gap. To do this, I rebuilt models from other researchers
and made them publicly accessible. Additionally, I developed eight new models for automatic
German text simplification. I trained and evaluated these models on my new dataset DEplain.
Compared to models trained on other datasets, my models achieve better results in some cases.
One reason for this is the different quality levels of the datasets. My models are also charac-
terized by the following: The simplifications of one model are specifically tailored to a) people
learning German and b) only simplify news texts. Other models mix target groups or news 
texts with other types of texts and thus achieve less precise simplifications. In my analysis of 
the models, I also show that similar approaches can be used for automatic simplification of 
documents and sentences. 

My work highlights the possibilities and potentials of automatic simplification of German 
texts. However, the research in this area is still at a relatively early stage of development. My
work facilitates and shows the way for new research directions in the area of German text sim-
plification. The reason for this are the following innovations: 

• With TS-ANNO, it is now easier to create and evaluate new datasets. 
• Researchers can use my new datasets for simplifying German documents, sentences, news

texts, and internet texts, evaluate and expand them. 
• Researchers can use my new models for simplifying German documents, sentences, news

texts, and internet texts, evaluate and expand them. 
• The automatic evaluation of German simplifications is improved and standardized 

through EASSE-DE. Researchers can thus make better comparisons between German 
models for text simplification. 

• Manual evaluation is now possible in more detail. To do this, I expanded the question-
naires that people can use to evaluate automatically generated simplifications. These 
questionnaires can be used and adapted by researchers. 
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Appendix A 
Comparison of Web Harvester for
(Parallel) German TS Data 
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https://einfachebuecher.de/
https://www.projekt-gutenberg.org/
https://www.passanten-verlag.de/
https://www.projekt-gutenberg.org/
https://www.apotheken-umschau.de/einfache-sprache/
https://www.apotheken-umschau.de/einfache-sprache/
https://www.apotheken-umschau.de/
https://www.bzfe.de/einfache-sprache/
https://www.bzfe.de/
https://www.alumniportal-deutschland.org/de/
https://www.alumniportal-deutschland.org/de/
https://www.alumniportal-deutschland.org/de/
https://www.lebenshilfe-main-taunus.de/
https://www.lebenshilfe-main-taunus.de/
https://offene-bibel.de/
https://offene-bibel.de/
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Maerchen-in-Leichter-Sprache,maerchenleichtesprache100.html
https://www.projekt-gutenberg.org/
https://www.einfach-teilhaben.de/DE/LS/Home/leichtesprache_node.html
https://www.einfach-teilhaben.de/DE/LS/Home/leichtesprache_node.html
https://www.einfach-teilhaben.de/
https://www.hamburg.de/barrierefrei/leichte-sprache
https://www.hamburg.de/barrierefrei/leichte-sprache
https://www.hamburg.de/barrierefrei/leichte-sprache
https://www.hamburg.de/
https://www.stadt-koeln.de/leben-in-koeln/soziales/informationen-leichter-sprache
https://www.stadt-koeln.de/leben-in-koeln/soziales/informationen-leichter-sprache
https://www.stadt-koeln.de/leben-in-koeln/soziales/informationen-leichter-sprache
https://www.stadt-koeln.de
https://hurraki.de/wiki/Hauptseite
https://einfachstars.info
https://www.nachrichtenleicht.de/
https://kurier.at/einfache-sprache
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Nachrichten-in-Leichter-Sprache,nachrichtenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Nachrichten-in-Leichter-Sprache,nachrichtenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Nachrichten-in-Leichter-Sprache,nachrichtenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Nachrichten-in-Leichter-Sprache,nachrichtenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Nachrichten-in-Leichter-Sprache,nachrichtenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Nachrichten-in-Leichter-Sprache,nachrichtenleichtesprache100.html
https://www.ndr.de/fernsehen/barrierefreie_angebote/leichte_sprache/Nachrichten-in-Leichter-Sprache,nachrichtenleichtesprache100.html
https://www.behindertenbeauftragter.de/DE/AS/startseite/startseite-node.html
https://www.behindertenbeauftragter.de/DE/AS/startseite/startseite-node.html
https://www.behindertenbeauftragter.de/DE/AS/startseite/startseite-node.html
https://www.behindertenbeauftragter.de
https://www.brandeins.de/themen/rubriken/leichte-sprache
https://www.brandeins.de/themen/rubriken/leichte-sprache
https://www.mdr.de/nachrichten-leicht/index.html
https://www.mdr.de/nachrichten-leicht/index.html
https://www.sozialpolitik.com/es
https://www.sozialpolitik.com/
https://taz.de/tazleicht/!t5425449/
https://taz.de/tazleicht/!t5425449/
https://www.gww-netz.de/de-LS/
https://www.gww-netz.de/de/
https://www.os-hho.de/
https://www.owb.de/
https://www.hanisauland.de/
https://klexikon.zum.de/
https://www.labbe.de/
https://www.oekoleo.de/
https://www.rossipotti.de/
https://www.simplyscience.ch/
https://kurier.at
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https://www.kindermannverlag.de/
https://www.sr.de/sr/home/nachrichten/nachrichten_einfach/nachrichten_einfach100.html
https://www.sr.de/sr/home/nachrichten/nachrichten_einfach/nachrichten_einfach100.html
https://www.sr.de/sr/home/nachrichten/nachrichten_einfach/nachrichten_einfach100.html
https://aug.dguv.de/leichte-sprache/
https://evangelium-in-leichter-sprache.de/
https://evangelium-in-leichter-sprache.de/
https://www.bpb.de/kurz-knapp/lexika/lexikon-in-einfacher-sprache/
https://www.bpb.de/kurz-knapp/lexika/lexikon-in-einfacher-sprache/
https://www.monheim.de/footer/leichte-sprache/inhalts-uebersicht
https://www.monheim.de/footer/leichte-sprache/inhalts-uebersicht
https://www.monheim.de/footer/leichte-sprache/inhalts-uebersicht
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Appendix B 
Examples of Simplification Plans 

B.1 DOCUMENT TEXTS FOR THE SIMPLIFICATION PLAN OF THE ALUMNIPORTAL 

The following text in Table B.1 has been extracted from https://www.alumniportal-
deutschland.org/ digitales-lernen/deutsche-sprache/deutsch-auf-die-schnelle/online-
deutsch-lernen-spielen/ at July 1, 2021. This text is protected by copyright by Kooperation 
Alumniportal Deutschland. 

ID 
0 
1 

2 
3 

4 

5 

6 

7 

Complex Text (CEFR level B1) 
“Die Quelle alles Guten liegt im Spiel.” 
Das wusste schon der deutsche Pädagoge Friedrich Wilhelm August Fröbel
(1782 - 1852).
Aber auch Erwachsene spielen gerne. 
Das zeigt jedes Jahr die weltweit größte Messe für Computer- und 
Videospiele “gamescom” in Köln. 
Der Markt für Computer- und Videospiele hat sich im ersten Halbjahr 2015 
positiv entwickelt: 
Mit dem Verkauf von Spielen für PC, Konsole, Handheld sowie Smart-
phones und Tablet Computer wurden 534 Millionen Euro umgesetzt - im 
Vergleich zum Vorjahr eine Steigerung um 3 Prozent. 
Spielekonsolen wie die Playstation und Xbox und immer neue Varianten 
von Spielen wie “Fifa” oder “World of Warcraft” haben eine stetig wach-
sende Fangemeinde. 
Die Entwickler freuen über eine Steigerung von 16 Prozent. 

8 Das gilt auch für die zahlreichen Spiele-Apps. Sie sind nach Informatio-
nen der “gamescom” der wichtigste Treiber des App- und Smartphone-
Marktes. 

9 

10 

11 

12 

Sie sind nach Informationen der “gamescom” der wichtigste Treiber des
App- und Smartphone-Marktes. 
Drei Viertel des Umsatzes in den App-Stores von Apple und Google wur-
den in Deutschland mit Spiele-Apps erzielt. 
Laut dem Verein für Spieleverlage erreichten die klassischen Familienspiele
im Jahr 2014 eine Steigerung von 8,6 Prozent gegenüber dem Vorjahr. 
Die jährlichen Verkaufszahlen bewegen sich zwischen 380 bis knapp 400 
Millionen Euro.2014 

13 
14 

feierte es seinen 100. Geburtstag: 
Das bekannteste und vielleicht deutscheste aller Gesellschaftsspiele na-
mens “Mensch ärgere Dich nicht” fehlt in wohl keinem deutschen 
Haushalt. 

15 90 Millionen Exemplare sind seit den Anfängen verkauft worden. 

16 

17 
18 

19 

Der Münchner Händler Joseph Friedrich Schmidt hat es selber aus Karton
gebastelt und gemalt, um seine beiden lebhaften Kinder zu beschäftigen. 
Das Ziel des Spieles ist, als erster seine vier Spielfiguren ins Ziel zu bringen. 
Man darf andere Spieler aus ihrer Position “herausschmeißen”, wenn sie 
im Weg stehen. 
Diese müssen dann wieder von vorne beginnen und ärgern sich natürlich
maßlos. 

20 Das Spiel ist deshalb so bekannt geworden, weil Herr Schmidt eine geniale
Idee hatte: 

21 

22 

3.000 Exemplare von “Mensch ärgere Dich nicht” schickte er 1914, als ger-
ade der Erste Weltkrieg tobte, als Sachspende an die Lazarette. 
Hier lagen viele Soldaten verwundet, sie sollten wenigstens etwas 
Ablenkung und Spaß haben. 

ID 
0 
1 

2 
3 

4 

5 

6 

7 

8 

Simple Text (CEFR level A2) 
“Die Quelle alles Guten liegt im Spiel.” 
Das wusste schon der deutsche Pädagoge Friedrich Wilhelm August Fröbel
(1782 - 1852).
Aber auch Erwachsene spielen gerne. 
Das zeigt jedes Jahr die weltweit größte Messe für Computer- und 
Videospiele “gamescom” in Köln. 
Der Markt für Computer- und Videospiele hat sich im ersten Halbjahr 2015 
positiv entwickelt: 
Mit dem Verkauf von Spielen für PC, Konsole, Handheld sowie Smart-
phones und Tablet Computer wurden 534 Millionen Euro umgesetzt - im 
Vergleich zum Vorjahr eine Steigerung um 3 Prozent. 
Besonders die Spiele-Apps sind nach Informationen der “gamescom” der
wichtigste Treiber des App- und Smartphone-Marktes. 

Drei Viertel des Umsatzes in den App-Stores von Apple und Google wur-
den in Deutschland mit Spiele-Apps erzielt. 
Aber auch die klassischen Gesellschaftsspiele sind sehr beliebt. 

9 

10 

11 

12 

13 
14 

Die jährlichen Verkaufszahlen bewegen sich zwischen 380 bis knapp 400 
Millionen Euro.2014 
feierte es seinen 100. Geburtstag: 

Das bekannteste und vielleicht deutscheste aller Gesellschaftsspiele na-
mens “Mensch ärgere Dich nicht” fehlt in keinem deutschen Haushalt. 
90 Millionen Exemplare sind seit den Anfängen verkauft worden. 
Das Spiel ist deshalb so bekannt geworden, weil Herr Schmidt eine geniale
Idee hatte: 

15 

16 

3.000 Exemplare von “Mensch ärgere Dich nicht” schickte er 1914, als ger-
ade der Erste Weltkrieg tobte, als Sachspende an die Lazarette. 
Hier lagen viele Soldaten verwundet, sie sollten wenigsten etwas 
Ablenkung und Spaß haben. 

Table B.1: Parallel original and simplified documents of the Alumniportal. 

https://www.alumniportal-deutschland.org/digitales-lernen/deutsche-sprache/deutsch-auf-die-schnelle/online-deutsch-lernen-spielen/
https://www.alumniportal-deutschland.org/digitales-lernen/deutsche-sprache/deutsch-auf-die-schnelle/online-deutsch-lernen-spielen/
https://www.alumniportal-deutschland.org/digitales-lernen/deutsche-sprache/deutsch-auf-die-schnelle/online-deutsch-lernen-spielen/
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B.2 DOCUMENT TEXTS FOR THE SIMPLIFICATION PLAN OF THE AUSTRIAN PRESS 
AGENCY 

The following text in Table B.2 has been provided by the Austrian Press Agency, it contains four
news items of a news report published at October 21, 2019. This text is protected by copyright
by APA - Austria Presse Agentur eG. 

ID Complex Text (CEFR level B1) ID Simple Text (CEFR level A2) 
0 
1 
2 
3 

4 

5 

6 

7 

8 

9 

Heuer ist der Equal Pay Day am 21. Oktober. 
Wien - Der Equal Pay Day ist heuer in Österreich am 21. Oktober. 
Equal Pay Day bedeutet Tag der gleichen Bezahlung. 
Dabei geht es um gleiche Bezahlung für Frauen und Männer. 

Denn Frauen verdienen in Österreich immer noch rund 20 Prozent weniger Geld als
Männer. 
Im Durchschnitt haben Männer am Equal Pay Day schon so viel Geld verdient wie
Frauen im ganzen Jahr. 
Das sagt die Statistik. 

Statistisch gesehen arbeiten Frauen im Vergleich zu Männern ab dem Equal Pay Day
gratis bis zum Jahresende. 
Natürlich arbeiten Frauen nicht wirklich gratis, sie bekommen ihr Geld bis Ende des
Jahres. 
Aber sie bekommen um so viel weniger Geld als Männer, als ob sie mehr als 2 Monate
lang gratis arbeiten würden. 

0 
1 
2 
3 

4 

5 

6 

7 

8 

9 

10 

Frauen verdienen immer noch weniger Geld als Männer. 
Wien -
Am 21. Oktober ist in Österreich der Equal Pay Day 2019. 
Das ist Englisch und bedeutet auf Deutsch Tag der gleichen
Bezahlung.
Damit ist gemeint, dass Frauen und Männer gleich viel Geld
verdienen sollen. 
Bisher ist das in Österreich nicht so. 

Frauen verdienen im Durchschnitt rund 20 Prozent weniger 
Geld als Männer. 
Bis zum Equal Pay Day haben Männer schon soviel verdient 
wie Frauen im ganzen Jahr. 
Das ist so, als ob Frauen ab dem Equal Pay Day gratis arbeiten
müssen. 
Aber in Wirklichkeit arbeiten Frauen und Männer das ganze 
Jahr lang. 
Nur ist der Gehalts-Unterschied so groß, dass Frauen ein Jahr
arbeiten müssen, damit sie so viel verdienen wie Männer bis
zum Equal Pay Day am 21. Oktober. 

10 
11 
12 

13 

14 
15 

16 

17 
18 
19 

20 
21 
22 
23 
24 
25 

26 

Ein Toter bei Brand auf Bauernhof in Niederösterreich. 
Artstetten -
Bei einem Brand auf einem Bauernhof in Niederösterreich ist am Montag ein 54 Jahre
alter Mann gestorben. 
Er und seine Ehefrau wurden bewusstlos aufgefunden. 

Für den Mann kam jede Hilfe zu spät. 
Seine Ehefrau wurde wiederbelebt und mit dem Hubschrauber in ein Krankenhaus 
geflogen. 
Sie könnte eine Rauchgas-Vergiftung haben. 

Auch ihr Mann atmete wahrscheinlich zu viele giftige Rauchgase ein. 
Der Brand begann in einem Raum mit zerkleinertem Holz. 
Dabei entstanden giftige Gase. 

Die giftigen Gase gelangen in das Wohnhaus des Ehepaares. 
Erklärung: Rauchgas-Vergiftung. 
Wenn es brennt entsteht viel Rauch. 
Der Rauch enthält viele giftige Stoffe. 
Diese können die Lunge schädigen. 
Atmen Menschen zu viel von diesem Rauch ein, bekommen sie eine Rauchgas-
Vergiftung. 
Eine Rauchgas-Vergiftung ist oft tödlich. 

11 
12 

13 

14 
15 

16 

17 
18 
19 

Ein Mann starb bei einem Brand auf einem Bauernhof. 
Artstetten -

Auf einem Bauernhof in Niederösterreich hat es am Montag
gebrannt. 
Bei dem Brand entstanden giftige Gase. 
Diese Gase strömten in ein Schlafzimmer, wo ein Ehepaar
schlief. 
Die Frau und der Mann atmeten die giftigen Gase ein und wur-
den bewusstlos. 
Der Mann starb dadurch. 
Seine Frau konnte wiederbelebt werden. 
Sie wurde mit einem Hubschrauber in ein Krankenhaus geflo-
gen. 

27 
28 
29 
30 

31 

32 

33 

34 

35 

Rekordflug von New York nach Sydney. 
Canberra -
Australiens Fluglinie Qantas hat den längsten Passagierflug der Welt absolviert. 
Eine fabrikneue Boeing 787 Dreamliner flog nonstop von New York in den USA nach
Sydney in Australien. 
Nonstop bedeutet direkt, also ohne Zwischenlandung. 

Für die 16.200 Kilometer lange Strecke brauchte das Flugzeug 19 Stunden und 16 
Minuten. 
Der Rekordflug war ein Testflug mit nur wenigen Passagieren. 

Damit wollte die Qantas herausfinden, wie die Menschen an Bord einen so langen 
Flug vertragen. 
Die Qantas will bis Jahresende noch weiter Testflüge durchführen. 

20 
21 
22 
23 

24 

25 

26 

27 

28 
29 
30 

Der längste Passagier-Flug dauerte über 19 Stunden. 
Canberra 
- Qantas ist die Fluglinie von Australien. 
Sie hat jetzt einen Rekord aufgestellt. 

Ein Flugzeug von der Qantas machte den längsten Passagier-
Flug von der Welt. 
Das Flugzeug flog von New York in den USA nach Sydney in
Australien. 
New York und Sydney sind mehr als 16.000 Kilometer von 
einander entfernt. 
Das Flugzeug brauchte dafür 19 Stunden und 16 Minuten. 

Der Flug war aber kein normaler Flug, sondern ein Test-Flug. 
Im Flugzeug waren viel weniger Menschen als sonst. 
Man wollte herausfinden, wie die Menschen so einen langen 
Flug überstehen. 

36 
37 
38 
39 
40 

41 

42 

Mehr als 500 neue philippinische Inseln entdeckt. 
Manila - Das asiatische Land Philippinen besteht aus sehr vielen Inseln. 
Bisher dachte man, es wären 7.107 Inseln. 
Nun hat man herausgefunden, dass es um rund 500 Inseln mehr sind. 
Die Philippinen bestehen damit aus 7.641 Inseln. 

Die neuen Inseln wurden mit einer neuen Methode entdeckt. Dafür wurde ein 
verbessertes Radar verwendet. 
Dafür wurde ein verbessertes Radar verwendet. 

31 
32 
33 
34 
35 

36 

37 

Die Philippinen haben mehr Inseln als gedacht. 
Manila - Die Philippinen sind ein Land in Asien. 
Sie bestehen aus sehr vielen Inseln. 
Bisher dachte man, dass es rund 7.100 Inseln sind. 
Jetzt ist man draufgekommen, dass es rund 500 Inseln mehr 
sind. 
Die Philippinen bestehen also aus rund 7.600 Inseln. 

Die 500 Inseln hat man mit einem neuen und viel besseren 
Radar-Gerät entdeckt. 

Table B.2: Parallel original and simplified document of the Austrian Press Agency. The lines separates 
the news items. 
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B.3 DOCUMENT TEXTS FOR THE SIMPLIFICATION PLAN OF THE APOTHEKEN 
UMSCHAU 

The following text in Table B.3 has been extracted from https://www.apotheken-umschau.de/
krankheiten-symptome/gelenks-und-knochenerkrankungen/arthrose-der-hand-und-fingerge-
lenke-733759.html at April 4, 2021. This text is protected by copyright by Wort & Bild Verlag 
Konradshöhe GmbH & Co. KG. 

ID Complex Document (Standard German) 

0 Bei einer Arthrose kommt es zum schrittweisen Gelenkverschleiß. 
1 Ausgangspunkt ist ein Defekt im schützenden Knorpel des Gelenks, der dann zu Ge-

lenkschmerzen, Schwellungen, Funktionseinschränkungen und der Zerstörung der
Gelenkkontur führen kann. 

2 

3 

Eine Arthrose der Finger verläuft manchmal aber auch schmerzfrei ohne ernsthafte
Beeinträchtigung. 
Unterschieden werden zwei Formen: Primäre Arthrose: 

4 Hier ist die Ursache unbekannt. 
5 Sekundäre Arthrose: 
6 

7 

8 

9 
10 
11 

Sie entsteht durch Verletzungen oder Krankheiten, beispielsweise Gicht, rheumatoide
Arthritis oder Osteoporose (Knochenschwund). 
Eine ständige Überlastung der Gelenke kann eine Arthrose fördern, Bewegungsman-
gel aber auch.. 
Die Arthrose der Fingergelenke (Fingerpolyarthrose) kommt bei Frauen in und nach
den Wechseljahren bis zu zehnmal häufiger vor als bei Männern. 
Möglicherweise spielen Veränderungen im Hormonhaushalt eine Rolle. 
Auch die Erbanlagen scheinen einen Einfluss auf das Erkrankungsrisiko zu haben. 
Sind nahe Verwandte wie Mutter oder Großmutter betroffen, erhöht sich das eigene
Risiko. 

12 

13 

Nach dem 50. Lebensjahr nimmt der Verschleiß bei großen und kleinen Gelenke 
generell zu. 
Trotzdem handelt es sich nicht um eine unausweichliche ”Alterserscheinung”. 

14 

15 

16 

Polyarthrose der Finger: Fingerendgelenke (= häufigere Heberden-Arthrose), 
Fingermittelgelenke (= seltenere Bouchard-Arthrose), Daumensattelgelenk (=
Rhizarthrose). 
Arthrose des Hangelenks: im körpernahen Handgelenk zwischen Speiche und Kahn-
bein / Mondbein, oder: im Gelenk zwischen Speiche und Elle. 
Eine Arthrose entwickelt sich allmählich. 

17 

18 

Oft macht sie anfangs keine Symptome und bleibt lange unbemerkt (= stumme 
Arthrose). 
Ob und wann es zu Problemen kommt, ist individuell verschieden. 

19 Das Ausmaß der Gelenkveränderungen – die zum Beispiel auf dem Röntgenbild sicht-
bar sind – lässt nicht immer Rückschlüsse auf das Ausmaß der Beschwerden zu. 

20 
21 
22 

Geringe Veränderungen können starke Schmerzen verursachen und umgekehrt. 
Die Arthrose der Fingergelenke beginnt meistens schleichend. 
Vor allem morgens fühlen sich die Finger steif an, neigen zu Schwellungen. 

23 Eine Faust zu bilden, fällt schwer. 

24 
25 
26 

Allmählich schmerzen die Finger auch bei Bewegungen, später in Ruhe. 
Die Beweglichkeit der Finger nimmt ab. 
Phasenweise können die Gelenke anschwellen, gerötet und überwärmt sein (= ak-
tivierte Arthrose). 

27 

28 
29 

30 

31 

32 

Sind die Fingerendgelenke betroffen, bilden sich eventuell zystische Verdickungen, 
sogenannte Mukoid-Zysten. 
Aus ihnen kann sich gallertartige Flüssigkeit entleeren. 
Im späteren Stadium können knöcherne Verdickungen rechts und links der Gelenke
entstehen und Achsabweichungen auftreten. 
Eine Arthrose am Daumensattelgelenk (Sattelgelenksarthrose) verursacht meistens
Schmerzen bei zahlreichen Alltagsarbeiten – zum Beispiel dem Öffnen von Flaschen,
dem Drehen von Schraubverschlüssen, dem Heben schwerer Töpfe. 
Denn das Gelenk ist besonders beweglich und bei sämtlichen Bewegungsmustern
beteiligt.
Eine Arthrose des Handgelenkes ist oft die Folge von Knochenbrüchen oder tritt beim
klassischen Rheuma auf. 

33 Im fortgeschrittenen Stadium kommt es zu Schwellung, Schmerzen und Bewegung-
seinschränkungen des Handgelenks beim Beugen, Strecken und bei Umwendbewe-

34 

35 
36 
37 

gungen. 
Wie Scharniere verbinden Gelenke unsere Knochen miteinander und ermöglichen 
Bewegungen. 
Eine Kapsel aus Bindegewebe umschließt die beiden Knochenenden. 
Die Innenseite der Gelenkkapsel ist ausgekleidet mit der Gelenkinnenhaut. 
Sie produziert Gelenkflüssigkeit (Synovia), die in den schmalen Spalt zwischen den
beiden Knochenenden hineinfließt. 

38 Die Gelenkflüssigkeit ”schmiert” die Bewegung – so ähnlich wie ein paar Tropfen Öl 
ein mechanisches Scharnier beweglich halten. 

ID Simple Document (Plain German Language) 

0 
1 

Arthrose ist eine Gelenk-Erkrankung. 
Bei einer Arthrose nutzt sich der Knorpel im Gelenk ab. 

2 Ein Gelenk besteht aus zwei Knochen. 

3 
4 
5 

Die Knochen bewegen sich aneinander entlang. 
Zwischen den Knochen sind Knorpel und Gelenkflüssigkeit. 
Sie dienen dem Schutz der Knochen: 

6 So reiben die Knochen nicht aneinander. 

7 Bei einer Arthrose wird der Knorpel zwischen den Knochen
immer dünner. 

8 Deshalb reiben die Knochen aneinander. 

9 Das betroffene Gelenk nutzt sich ab. 
10 
11 

Diese Abnutzung des Gelenks kann zu Schmerzen führen. 
Oft lässt sich das Gelenk dann nicht mehr so gut bewegen. 

12 

13 

14 

Bei einer fortgeschrittenen Arthrose ist der Knorpel stark 
abgerieben und sehr dünn. 
An manchen Stellen zwischen den beiden Knochen gibt es gar
keinen Knorpel mehr. 
Dort reiben die Knochen aufeinander. 

15 

16 

17 

Arthrose kann in den Fingern vorkommen: in den Endge-
lenken, in den Mittelgelenken, im Daumensattelgelenk. 
Arthrose kann aber auch im Handgelenk vorkommen: zwis-
chen Speiche und Kahnbein, zwischen Speiche und Mondbein,
zwischen Speiche und Elle. 
Die Ursachen einer Arthrose sind nicht immer bekannt. 

18 

19 

Mögliche Ursachen können sein: falsche Belastungen eines Ge-
lenks an der Hand oder am Finger, Verletzungen an dem be-
troffenen Gelenk, andere Krankheiten wie Gicht oder Rheuma. 
Frauen haben häufiger Arthrose in den Fingergelenken als 
Männer. 

20 
21 
22 

Diese kommt vor allem während und nach den Wechseljahren. 
Das liegt vermutlich an den Hormonen. 
Die Hormone verändern sich nämlich während der Wechsel-

23 

24 

jahre.
Haben die eigene Mutter oder Großmutter Arthrose in den Fin-
gergelenken? 
Dann ist das Risiko für Arthrose erhöht. 

25 Eine Arthrose kann verschiedene Anzeichen haben: 
26 

27 

Tun bestimmte Bewegungen mit den Fingern oder dem 
Handgelenk weh?, Sind die betroffenen Gelenke manchmal 
angeschwollen? 
Können die betroffenen Gelenke nicht richtig bewegt werden? 

28 Haben andere Personen in der Familie Arthrose? 
29 

30 

Waren oder sind die betroffenen Gelenke starken Belastungen
ausgesetzt? 
Wurden die betroffenen Gelenke schon einmal verletzt? 

31 Eines oder mehrere dieser Anzeichen treffen zu? 

32 Dann kann eine Arthrose die Ursache sein. 

33 Manchmal bemerken Patienten mögliche Anzeichen einer 
Arthrose erst spät. 

34 Die Anzeichen sind nämlich oft bei jeder Person unter-
schiedlich. 

35 Sie glauben: Ich habe vielleicht Arthrose? 

Table B.3: Parallel original and simplified document of the Apotheken Umschau. Part I (continued on
next page). 

https://www.apotheken-umschau.de/krankheiten-symptome/gelenks-und-knochenerkrankungen/arthrose-der-hand-und-fingergelenke-733759.html
https://www.apotheken-umschau.de/krankheiten-symptome/gelenks-und-knochenerkrankungen/arthrose-der-hand-und-fingergelenke-733759.html
https://www.apotheken-umschau.de/krankheiten-symptome/gelenks-und-knochenerkrankungen/arthrose-der-hand-und-fingergelenke-733759.html
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Die Gelenkflüssigkeit transportiert außerdem Nährstoffe zu der Knorpelschicht, die
die beiden Knochenenden wie eine Schutzschicht überzieht. 
Der Gelenkknorpel besitzt keine eigenen Blutgefäße, die ihn ernähren könnten. 
Er ist deshalb auf die Nährstoffversorgung über die Gelenkflüssigkeit angewiesen. 
Auch seine Stoffwechsel-Abbauprodukte entsorgt der Knorpel auf diesem Weg. 
Der Transportmechanismus funktioniert jedoch nur dann perfekt, wenn das Gelenk
regelmäßig bewegt wird – ohne dass es dabei zur Überlastung kommt. 
Der Knorpel vermindert die Reibung im Gelenk und verteilt den Druck gleichmäßig
auf den Knochenenden. 
Kommt es zu Schäden im Knorpel, raut er auf, wird rissig und dünner. 
Er kann seine Funktion als Schutzschicht nicht mehr richtig erfüllen, Stöße und Druck
nicht mehr gleichmäßig auf den ganzen Knochen verteilen. 
An manchen Stellen müssen Knorpel und darunter liegender Knochen nun extreme
Belastungen aushalten. 
Dieser Zustand verursacht zunächst noch keine Schmerzen. 
Der benachbarte Knochen reagiert auf die ungünstige neue Situation, indem er stel-
lenweise dichter und massiver wird. 
An den Rändern bilden sich kleine Knochenanbauten, die den übermäßigen Druck
aufnehmen sollen. 
Meistens funktioniert diese ”Hilfskonstruktion” nicht mehr so gut wie das ur-
sprünglich geformte Gelenk. 
Es kommt zu Abrieb und damit zur Reizung der Gelenkinnenhaut. 
Sie produziert mehr Gewebeflüssigkeit als im Normalfall, ein Gelenkerguss kann
entstehen. 
Auch die Zusammensetzung der Flüssigkeit ändert sich: 
Sie enthält Entzündungsstoffe und Abwehrzellen. 
Eine Entzündung und Schmerzen können die Folge sein. 
Das Gelenk fühlt sich geschwollen an, ist warm und rot. 
Oft bessert sich die Entzündung nach einiger Zeit wieder. 
Meistens folgen auf schmerzarme Intervalle aber neue Schmerzepisoden.
Die wiederholten Entzündungsschübe schädigen den Knorpel weiter. 
Betroffene schonen die kranken Gelenke gezwungenermaßen – was wiederum zur 
Folge hat, dass die Gelenkflüssigkeit den Knorpel schlechter mit Nährstoffen beliefert. 
Der Knorpel wird zusätzlich geschwächt. 
Die Knorpelschicht kann stellenweise sogar komplett abgerieben werden, so dass der
Knochen völlig ungeschützt frei liegt. 
Langfristig werden unter Umständen weitere Gelenkstrukturen wie Bänder und 
Sehnen in Mitleidenschaft gezogen, es kann zu Fehlstellungen kommen. 
Die Gelenkbeweglichkeit nimmt ab. 
Der Arzt erkundigt sich, welche Beschwerden auftreten, ob die Finger zum 
Beispiel bei bestimmten Bewegungen schmerzen oder ob die Gelenke manchmal 
angeschwollen, gerötet und überwärmt sind. 
Außerdem ist von Interesse, ob Verwandte ebenfalls an Arthrose leiden – ein 
möglicher Hinweis auf eine familiäre Veranlagung zur Krankheit. 
Der Mediziner wird in der Regel fragen, ob die Finger besonderen Belastungen ausge-
setzt waren oder sind, beispielsweise im Beruf, oder ob die Finger oder das Handge-
lenk in der Vergangenheit bei Unfällen verletzt wurden. 
Dann wird der Arzt die Gelenke genau untersuchen und überprüfen, ob ihre Be-
weglichkeit eingeschränkt ist.
Meistens sind Röntgenaufnahmen der Hände erforderlich. 
Darauf können Arthrose-typische Gelenkveränderungen erkennbar sein. 
Der Gelenkspalt ist oft verschmälert, der gelenknahe Knochen verdichtet. 
An den Gelenkrändern finden sich nicht selten knöcherne Anbauten (Osteophyten). 
Gelegentlich kommen zusätzliche bildgebende Verfahren wie Computertomografie
(CT) oder Magnet-Resonanz-Tomografie (MRT) mit Kontrastmittel zum Einsatz. 
Durch Blutuntersuchungen oder eine Untersuchung von Gelenkflüssigkeit lassen 
sich Stoffwechselerkrankungen oder Kristallopathien wie Gicht als Ursachen auss-
chließen. 
Die Ziele der Behandlung lauten: Schmerzen lindern, die Beweglichkeit verbessern,
den Gelenkverschleiß bremsen. 
Die Ursachen einer Hand- und Fingergelenksarthrose sind in der Regel nicht bekannt
und können deshalb auch nicht beseitigt werden. 
Die Symptome lassen sich jedoch bekämpfen. 
Außerdem ist es ratsam, alles zu meiden, was den Gelenken zusätzlich schadet.
Treten erste Anzeichen der Arthrose auf, rät der Arzt dazu, Überanstrengungen und
Fehlbelastungen im Alltagsleben, Beruf und Sport zu reduzieren. 
Mit Hilfe von Ergotherapeuten lernen Patienten, welche Handgriffe im Alltag beson-
ders ”auf die Gelenke gehen” – und welche Tricks die Finger entlasten. 
Es gibt etliche einfache Hilfsmittel, zum Beispiel Griffverstärkungen von Stiften oder
Besteck. 
Sie helfen, die Fingergelenke zu schonen. 
Die Anlage einer Schiene kann bei einer Arthrose des Daumensattelgelenks 
Schmerzen reduzieren. 
Welche Form der Ernährung bei einer Fingerpolyarthrose besonders günstig ist, kann
nicht abschließend beurteilt werden. 
Generell raten Experten bei Gelenkproblemen, lieber nicht zu fleischreich zu essen,
sich ausgewogen zu ernähren und viel Obst und Gemüse auf den Speiseplan zu 
nehmen. 
Ein positiver Effekt von knorpelschützenden Substanzen (zum Bespiel Glucosamin)
wird diskutiert. 
Bei akuten Schmerzen können schmerzlindernde und entzündungshemmende
Medikamente sinnvoll sein, zum Beispiel nicht steroidale Antirheumatika (NSAR). 
Welche Präparate geeignet sind und wie sie angewendet werden, sollte mit dem Arzt
besprochen werden.
Die Verabreichung knorpelprotektiver Medikamente direkt in die betroffene Gelenke
ist nur in frühen Arthrosestadien sinnvoll. 
In fortgeschrittenen Fällen kann durch Kortisoninjektionen manchmal der akute 
Entzündungsschub gelindert werden. 
Eine Operation sollte nur dann in Erwägung gezogen werden, wenn andere Thera-
pien nicht mehr ausreichend helfen. 
Zu möglichen Risiken und Erfolgschancen der Eingriffe lassen sich Patienten am 
besten ausführlich vom Arzt beraten. 
Welche Behandlung am besten geeignet ist, richtet sich unter anderem danach, welche
Gelenke betroffen sind: 

Table B.4: Parallel original and simplified document of the Apotheken Umschau. Part II (continued from
previous page). 
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Appendix C 
German Evaluation Aspects & 
Statements 

Aspect
Grammatikalität 

Grammatikalität (Ausgangssatz) 

Sinnerhaltung 

Informationsgewinn 

Einfachheit (Allgemein) 

Einfachheit (Satzstruktur) 

Einfachheit (Wortwahl) 

Einfachheit (Leichter Satz)
Einfachheit (Ausgangssatz)
Kontextunabhängigkeit (Leichter
Satz)
Kontextunabhängigkeit (Aus-
gangssatz)
Mehrdeutigkeit (Leichter Satz) 

Mehrdeutigkeit (Ausgangssatz) 

Description
Der vereinfachte Satz klingt flüssig, er enthält keine Gram-
matikfehler. 
Der Ausgangssatz klingt flüssig, er enthält keine Gram-
matikfehler. 
Der vereinfachte Satz gibt auf angemessene Weise die Be-
deutung des Ausgangssatzes wieder. Weniger wichtige In-
formationen werden dabei möglicherweise weggelassen.
In dem vereinfachten Satz sind neue Informationen enthal-
ten oder deutlicher ausgedrückt. Diese Informationen sind
in dem Ausgangssatz nicht ausdrücklich enthalten.
Der vereinfachte Satz ist leichter zu verstehen als der Aus-
gangssatz.
Der Satzbau und die Satzstruktur im vereinfachten Satz sind 
leichter zu verstehen als der Satzbau und die Satzstruktur 
im Ausgangssatz.
Die Wörter im vereinfachten Satz sind leichter zu verstehen 
als die Wörter im Ausgangssatz.
Der vereinfachte Satz ist leicht zu verstehen. 
Der Ausgangssatz ist leicht zu verstehen.
Der vereinfachte Satz kann verstanden werden ohne den 
ganzen Absatz zu lesen.
Der Ausgangssatz kann verstanden werden ohne den 
ganzen Absatz zu lesen.
Der vereinfachte Satz ist mehrdeutig. Er kann auf ver-
schiedene Weisen verstanden werden. 
Der Ausgangssatz ist mehrdeutig. Er kann auf verschiedene
Weisen verstanden werden. 

Table C.1: German evaluation criteria and their corresponding statements. 
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Vol. 1 Isabel Rink: Rechtskommunikation und Barrierefreiheit. 
Zur Übersetzung juristischer Informations- und Interaktionstexte 
in Leichte Sprache. 472 pages. ISBN 978-3-7329-0593-5 

Vol. 2 Silvia Hansen-Schirra/Christiane Maaß (eds.): Easy Language 
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312 pages. ISBN 978-3-7329-0587-4 

Vol. 6 Anne-Kathrin Gros/Silke Gutermuth/Katharina Oster (Hg.): 
Leichte Sprache – Empirische und multimodale Perspektiven. 
160 pages. ISBN 978-3-7329-0708-3 

Vol. 7 Maher Tyfour: Sprachmacht auf engstem Raum: Die Inszenierung 
der Stadt in den Hörflmen der Münchner Tatort-Filmserie. 
Eine korpusgeleitete Studie zur Audiodeskription. 
246 pages. ISBN 978-3-7329-0699-4 

Vol. 8 Camilla Lindholm/Ulla Vanhatalo (eds.): Handbook of Easy 
Languages in Europe. 660 pages. ISBN 978-3-7329-0771-7 

Vol. 9 Silvia Hansen-Schirra/Katja Abels/Sarah Signer/Christiane Maaß: 
Te Dictionary of Accessible Communication. 212 pages. 
ISBN 978-3-7329-0729-8 

Vol. 10 Katrin Lang: Aufndbarkeit, Wahrnehmbarkeit, Akzeptabilität. 
Webseiten von Behörden in Leichter Sprache vor dem Hintergrund 
der rechtlichen Lage. 488 pages ISBN 978-3-7329-0804-2 
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https://www.frank-timme.de/verlag/verlagsprogramm/buch/page/1/verlagsprogramm/bd-5-silke-gutermuth-leichte-sprache-fuer-alle/backPID/easy-plain-accessible.html
https://www.frank-timme.de/verlag/verlagsprogramm/buch/page/1/verlagsprogramm/bd-5-silke-gutermuth-leichte-sprache-fuer-alle/backPID/easy-plain-accessible.html
https://www.frank-timme.de/verlag/verlagsprogramm/buch/page/1/verlagsprogramm/bd-5-silke-gutermuth-leichte-sprache-fuer-alle/backPID/easy-plain-accessible.html
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https://www.frank-timme.de/verlag/verlagsprogramm/buch/verlagsprogramm/bd-7-maher-tyfour-sprachmacht-auf-engstem-raum-die-inszenierung-der-stadt-in-den-hoerfilmen-der/backPID/easy-plain-accessible.html
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https://www.frank-timme.de/verlag/verlagsprogramm/buch/verlagsprogramm/bd-8-camilla-lindholmulla-vanhatalo-eds-easy-language-in-europe/backPID/easy-plain-accessible.html
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Texts written in simplified language are essential for accessible 
communication. However, manually writing accessible texts or 
simplifying difficult-to-read texts into accessible language is very 
time-consuming. Machine learning models such as large language 
models (LLMs) can assist with this intra-lingual translation task by 
providing drafts for professional translators.
This volume takes a computational linguist's perspective on automatic 
text simplification (ATS), providing a broad introduction to the field. 
The book begins by introducing the challenges and opportunities. 
It also explains how to build simplification datasets, use them to 
train machine learning models, and evaluate them. The book also 
provides state-of-the-art overviews of German text simplification 
models, datasets and evaluation metrics for document and sentence 
simplification. While the focus is primarily on German plain language 
(“Einfache Sprache”), the book also provides some insights into 
German easy-to-read language (“Leichte Sprache”) and other 
languages.
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