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Abstract

Background and aims

Customer satisfaction is a major goal to secure and increase competitive
leads in every service industry, such as the health care sector or the auto-
motive industry. The first main contribution of this work will provide an
approach for an effective determination of perceived satisfaction based
on a cross-industrial knowledge transfer from the health care sector to
the service industry, using the automotive as a representative example.

Today, perceived customer satisfaction in the automotive industry is
determined a posteriori to the customer service contact via customer
surveys. However, vast amount of data are produced and collected daily,
due to the rising amount of connected cars for example. The benefits of
these collected sensor and service process data will be presented by the
second main contribution of this work. Machine learning techniques
are applied with the goal to predict perceived customer dissatisfaction.

Service industries are forced to follow the trend of digitalization to
remain competitive. The product itself tends to play a downstreamed
role, while services will be the main differentiator. Therefore, new data
driven business models need to be developed to fulfill these changing
customer expectations. Concrete implications to enhance todays busi-
ness models within the service industry need to be identified. This need
is addressed by this work.

Methods

To identify the most important determinants to capture perceived cus-
tomer satisfaction, a detailed literature review for perceived satisfaction
determination is conducted. The contribution is an industrial compar-
ison of the healthcare sector and the automotive industry to examine
the common concepts of satisfaction determination. Using the identi-
fied similarities, the concrete potentials of a cross-industrial knowledge
transfer are developed.

To predict customer dissatisfaction based on the subjective customer
feedback and objective service process data, these isolated data sources
need to be combined. Therefore, a new data consolidation method
to map subjective customer perceptions, conducted via questionnaires,
with objective data, extracted from the service processes, is developed.



Using the overall satisfaction as the class label, the performance of var-
ious machine learning techniques is evaluated with the goal to classify
dissatisfied customers before the customer-service interactions ends.

Results and observations

The identification of the main concepts to determine perceived satis-
faction in every service business is the first main result. These are ser-
vice encounter, situational factors and sociodemographics. They result
from the comparative literature review for the health care sector and
the automotive industry. These concepts are relevant to determine per-
ceived satisfaction in every service interaction and thus the basis for the
cross-industrial knowledge transfer that is conducted. The similarities
between the two businesses are presented.

Based on the consolidation of perceived customer satisfaction deter-
minants and objective service process data from the automotive indus-
try, dissatisfied customers can be classified in real time. The best re-
sult for customer dissatisfaction classification is 88.8%. Considering
the whole history of customers’ service experiences to predict the satis-
faction of the current service interaction resulted the best classification
rate. The most relevant determinants for customer dissatisfaction could
be identified from the applied feature selection.

Practical conclusions

Based on this research it is shown how the automotive industry can
adapt findings and methods from the health care sector in order to im-
prove customer understanding and thus improve service processes sus-
tainably. The health care sector is following the service model of patient
centricity. This requires a thorough understanding of patients’ needs.
The models to capture these needs are transferred to the automotive
industry and can be used there in a likewise manner. The resulting im-
plications,the potentials and the requirements coming with this cross-
industrial knowledge transfer are illustrated in this work.

This work presents a methodology to use the available subjective and
objective data more efficiently. An application was developed that al-
lows the service industries a more individualized customer treatment.
Special emphasis is put on data privacy. The individual regulations are
addressed and solutions to cope with these are given. The requirements
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that need to be fulfilled to make most effective use of customer data are
provided. The outlook shows how this methodology can be transferred
to other service industries.

Future possibilities for new customer services arising from trend of
digitalization are presented in an outlook. Special attention is put on the
use of data received from connected cars. Future research capabilities
are shown for the health care sector, the automotive industry and the
service industries in general.
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Zusammenfassung

Hintergrund und Ziele

Die Kundenzufriedenheit ist ein Kernelement zur Sicherstellung und
Steigerung von Wettbewerbsvorteilen in der Service-Industrie, sei es
im klinischen Bereich oder der Automobilindustrie. Im ersten Teil die-
ser Arbeit wird ein industrietibergreifender Ansatz zur Ermittlung der
subjektiv wahrgenommenen Zufriedenheit erarbeitet. Hierzu wird am
Beispiel der Automobilindustrie die Mdglichkeit sowie der resultieren-
de Mehrwert eines industrietibergreifenden Wissenstransfers aus der
Medizin aufgezeigt.

Heute wird in der Automobilindustrie die wahrgenommene Kunden-
zufriedenheit stets nach Beendigung der Serviceinteraktion mit dem
Kunden, meist durch Befragungen, erfasst. Wahrend der Serviceinterak-
tion selbst werden grofde Datenmengen generiert und gespeichert. Mit
der steigenden Anzahl an vernetzten Fahrzeugen wird dieser Datenbe-
stand stetig weiter steigen. Den gréftmdglichen Nutzen aus diesen Da-
ten fiir den Kunden, und die Automobilindustrie im Allgemeinen zu ge-
nerieren, ist Bestandteil des zweiten Teils dieser Ausarbeitung. Ziel ist
es, subjektiv unzufriedene Kunden durch Anwendung von Methoden
des maschinellen Lernens zu prognostizieren.

Die Serviceindustrie befindet sich in einem Wandel, der durch die
Digitalisierung gepragt ist. Um wettbewerbsfahig zu bleiben, gerat das
materielle Produkt zusehendst in den Hintergrund, wéahrend die an-
gebotenen Services zum mafdgeblichen Differenzierungsmerkmal aus
Sicht des Kunden werden. Um diesem disruptiven Wandel zu begegnen
und zu bestehen, sind datengetriebene Geschéftsmodelle unabdingbar.
Konkrete Handlungsempfehlungen sind nétig, um die heute etablierten
Geschéftsmodelle der Serviceindustrie entsprechend zu erweitern und
anzupassen. Ziel dieser Arbeit ist es, diese am Beispiel der Automobil-
industrie aufzuzeigen.

Methoden

Zur Erfassung der wesentlichen Determinanten, die die wahrgenomme-
ne Kundenzufriedenheit abbilden, wurde eine umfassende Literatur-
analyse durchgefiihrt. Die Ableitung gemeinsamer Konzepte und De-
terminanten aus der Medizin und der Automobilindustrie zur Erfassung
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der subjektiv wahrgenommenen Zufriedenheit ist das Kernelement die-
ses Literaturvergleichs. Die identifizierten Gemeinsamkeiten sind die
Basis fiir den Wissenstransfer von der Medizin auf die Automobilindus-
trie.

Um unzufriedene Kunden individuell, und noch vor der Beendigung
der Serice-Interaktion, prognostizieren zu konnen, miissen deren sub-
jektive Riickmeldungen sowie die vorhandenen, objektiv generierten
Daten aus den Serviceprozessen kombiniert werden. Eine Konsolidie-
rungslogik wurde entwickelt, welche die heute isolierten Daten der Kun-
denzufriedenheitsbefragungen mit den objektiven Daten aus den Ser-
viceprozessen verkniipft. Verschiedene Methoden des maschinellen Ler-
nens wurden mit dem Ziel der Klassifikation von unzufriedenen Kunden
verglichen und bewertet.

Ergebnisse und Beobachtungen

Die Ermittlung der relevanten Konzepte zur Erfassung der wahrgenom-
menen Kundenzufriedenheit in der Serviceindustrie sind das Kerner-
gebnis des ersten Teils dieser Arbeit. Die 3 relevanten Konzepte, die
aus dem vergleichenden Literaturvergleich von Medizin und Automo-
bilindustrie abgeleitet werden sind: Interaktionskomponenten ('Service
Encounter’), situationsbedingte Faktoren und Soziodemografika. Diese
wurden als Hauptbestandteil jeder Service-Interaktion in der Medizin
und Automobilindustrie identifiziert und bilden somit die Grundlage
fiir den industrietibergreifenden Wissenstransfer. Die Gemeinsamkei-
ten der Konzepte in der Medizin und der Automobilindustrie werden
prasentiert.

Eine Methodik zur Konsolidierung von Determinanten der subjek-
tiven Kundenzufriedenheit und der objektiven Daten der Serviceinter-
aktionen wurde fiir die Automobilindustrie entwickelt. Basierend auf
den Daten einer etablierten Befragung und den zugehorigen Daten der
Serviceprozesse wurde eine Datenbasis zur Klassifikation unzufriede-
ner Kunden generiert. Diese Kunden konnten mit einer Klassifikati-
onsrate von bis zu 88,8% identifiziert werden. Dabei zeigte sich, dass
die beste Klassifikationsrate unter Beriicksichtigung aller historischen
Serviceprozesse und der zugehorigen subjektiven Wahrnehmungen er-
zieltwird. Dierelevantesten Indikatoren fiir die Kundenunzufriedenheit
wurden ermittelt.



Praktische Schlussfolgerungen

Die Ergebnisse dieser Arbeit zeigen die Moglichkeiten und den Mehr-
wert eines industrietibergreifenden Wissenstransfers aus der Medizin
fiir die Automobilindustrie auf. Es werden Implikationen abgeleitet, die
das Verstandnis tiber die Kunden verbessern und damit einen signifikan-
ten Beitrag zur Verbesserung der Serviceprozesse liefern. Der klinische
Bereich verfolgt das Servicemodell der Patientenzentrierung. Dies setzt
ein fundiertes Verstandnis {iber die Erwartungshaltung der Patienten
voraus. Die Methoden, um diese Bediirfnisse zu erfassen, wurden auf
die Automobilindustrie in einer generischen Weise tibertragen. Die re-
sultierenden Implikationen, der Mehrwert und die Voraussetzungen fiir
diesen industrietibergreifenden Wissenstransfer werden dargelegt.

Diese Arbeit zeigt Verfahren fiir die Service-Industrie auf, um die vor-
handenen subjektiven und objektiven Daten effizienter zu nutzen, bei-
spielsweise fiir eine individualisiertere Kundenbetreuung. Neben dem
praktischen Nutzen wird der Fokus auf Datenschutz und Datensicher-
heit gelegt. Die Anforderungen im Umgang mit Kundendaten werden
aufgezeigt und Losungsvorschlage erarbeitet, um diesen gerecht zu wer-
den. Im Ausblick werden die Transfermoglichkeiten der entwickelten
Methodiken auf weitere Bereiche der Service-Industrie dargelegt.

Der Ausblick zeigt zukiinftige Moglichkeiten fiir neue datengetriebe-
ne Kundendienste aus verschiedenen Bereichen, die aus dem Trend der
Digitalisierung resultieren, auf. Der Schwerpunkt liegt hierbei auf der
Nutzung der Daten aus vernetzten Fahrzeugen und den resultierenden
Moglichkeiten fiir die Kunden. Die Arbeit endet mit der Ausarbeitung
desweiteren Forschungsbedarfs in der Medizin, der Automobilindustrie
und der Service-Industrie im Allgemeinen.
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1 Introduction

Buzz-words like Big Data, Artificial Intelligence, machine and deep learn-
ing, disruptiveness, Data Lakes and many more built the picture in to-
days industrial environment, especially with respect to the digitaliza-
tion of the service industries. However, the general purpose remains the
same: Make use of the vast amount of data to increase performance and
competitiveness [Einav and Levin| (2014).

This work addresses this need based on data that is produced every
second within the service industry. Being more precise, it is about im-
proving the customer understanding and consequently the customer
service by applying machine learning techniques in the automotive in-
dustry. This work has a high practical and managerial relevance as it
demonstrates how organizations can benefit from sensor-, process- and
service data combined with perceived customer feedback.

The scope of this thesis is to develop an approach that addresses the
strategic target of the service industry, the increase of customer satisfac-
tion. Therefore, the first part of the introduction provides a conclusive
definition of the perceived satisfaction concept. Second, the relevance of
customer satisfaction for the service industry is examined. This section
isdivided into three paragraphs that present the general importance, the
strategic impact and the role of customer satisfaction for the automotive
industry. Third, the importance of perceived customer satisfaction for
the health care sector is presented. The health care sector is used as
a benchmark for the cross-industrial knowledge transfer of perceived
satisfaction determination. The fourth section illustrates the contribu-
tion of this thesis to the pattern recognition research. The introduction
closes with the structure of this work.



1. Introduction

1.1 Definition of customer satisfaction in the
service industry

The customer satisfaction concept is well researched since decades Mit-
tal and Frennea (2010). However, in industrial markets, especially the
perceptive part of customer satisfaction is an under-researched area so
far Gebauer et al.| (2008)); Homburg and Rudolph| (2001). From a man-
agerial perspective, it is a high level targeted goal within companies.
It represents the ability to satisfy its customers with their services and
productsMittal and Frennea (2010).

However, a gap exists between the academic and practical definition
of customer satisfaction Parker and Mathews| (2001). The most frequent
definition is customer satisfaction as an expression of the discrepancy
between expected and received values |Anderson and Sullivan| (1993);
Oliver| (1980, 1977, 1993). The main focus is put on the antecedents of
satisfaction. One concept that is highly connected to customer satis-
faction and often identified as the most important antecedent is service
quality |Cronin Jr and Taylor| (1992)); Gronroos| (2001); Vesel and Zabkar
(2009). This perspective of considering service quality as an antecedent
of customer satisfaction is also taken in this work. An encompassing
overview on service quality and its measurement can be found in the
work of|Seth etal.|(2005)). Asservice quality is seen as one of the most sig-
nificant indicators of satisfaction and also profitability/Seth et al.| (2005);
Zeithaml (2000), a brief definition is necessary in this context. The con-
cept of service quality can be differentiated into functional and technical
quality|Gronroos| (1984)). Functional quality is defined as the perception
of the outcome of a service, the customer receives. Friendliness of the
providers or the way of communication are examples of functional qual-
ity, also interpreted as the "How” of service quality. Technical quality
expresses the "What” and thus defines the result of a customer-provider
interaction within the service industry. The service treatment a cus-
tomer receives at a dealer once he shows up with his car is an exam-
ple for the technical quality component|Gronroos|(1984). Summarizing,
service quality plays a significant role in the concept of customer satis-
faction for the service industry in general and is defined as an important
antecedence for this work.

Determination of satisfaction can be assigned to the psychological
construct assimilation - contrast theory|Anderson| (1973). It is strongly
related to the known confirmation - disconfirmation paradigm defined
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by the work of Oliver|Oliver|(1977): If the received value is higher than ex-
pected (confirmation), satisfaction increases. Once the received value is
lower than expected (disconfirmation), satisfaction will decrease. This
theory is still valid today. However, research proved that the validity
depends on the goods that are consumed |Churchill Jr and Surprenant
(1982). Fordurable goods, the effects could not be replicated in the same
way as for non-durable goods|Churchill Jr and Surprenant| (1982). A dif-
ferentiation between these two is recommended. Therefore, the focus of
this work is on intangible goods in order to make a comparison between
different industrial sectors meaningful. Consequently, the scope of this
work is not on the products of service industries but on the perceived
services of the customers. While the products, their values and costs for
the consumers differ a lot within various businesses, the evaluation of
services can be compared cross-industrial |Corbin et al.| (2001); [Meinzer
et al.| (2012b) |2016)). Intangible goods, such as services Shostack| (1977),
gain high business attention as they play a significant role in competi-
tive diversification |Stryja et al.| (2015). They can be easier adapted and
improved than sold products. Thus, it is an efficient way to increase
competitive advantage by increasing the service performance. Compa-
rable service constructs can be identified in different business sectors
of the service industries. Certainly, the kind of services has to be dif-
ferentiated and the in-depth comparison is limited. Especially, critical
and non-critical consumer services have to be separated, such as treat-
ments within the health care and industrial sector. Nevertheless, com-
parable relationships are present on a meta-level, such as the degree a
consumer is participating in the service interaction [Bettencourt| (1997).
On a meta-level a cross-industrial comparison of customer satisfaction
determination for intangible goods is possible. Comparable constructs
like service failures (i.e. waiting times), service encounter (i.e. com-
munication), situational factors (i.e. location of the service station) or
sociodemographics are present and in general equally relevant for the
service industries Chuang et al.| (2012)); |Corbin et al.| (2001); [Meinzer et
al| (2012b} 2016)); |Sivakumar et al.| (2014)). Most important for customer
satisfaction or dissatisfaction is the individual perception as shown by
Spreng and Mackoy|(1996); Westbrook and Reilly|(1983). In order to cre-
ate maximum strategic benefit for the service industries, the definition
of customer satisfaction in this work is as follows: Customer satisfac-
tion is an evaluation of the perceived customer experience represented
by the services, interactions and product that are received as intangible
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goods. Consequently, the scope of this work is on the antecedents such
as service quality, service performance or service failures.

1.2 The relevance of customer satisfaction for
the service industry

1.2.1 The general importance of the customer
satisfaction concept

Today, it is not anymore the product of a service industry itself that de-
fines the companies success, it is the customers’ perception of the re-
ceived services. Companies define the value of their products through
customer satisfaction Meinzer et al.| (2016) ; Sivakumar et al.|(2014)); Yarris
et al.| (2012). Especially for the service industry, the customer switch-
ing barrier is lower than compared to other business sectors due to the
variety of similar offers Mittal and Lassar| (1998)). As services are intan-
gible, they can not be completely standardized. An individualized ap-
proach is needed based on the customers’ expectations. Consequently,
the subjective customer value needs to be understood in order to cre-
ate individualized processes to secure maximum customer satisfaction
Keaveney| (1995); Mittal and Lassar| (1998). Satisfied customers have a
high probability to repurchase and to deliver good reputation Homburg
and Rudolph| (2001); Jones and Suh| (2000)); Mittal and Frenneal (2010).
From a cost perspective it is important to keep existing customers loyal.
Costs for acquiring new customers are up to 5-6 times higher than keep-
ing existing ones Bhattacharya| (1998); Xia and Jin| (2008). As the re-
lationship between customer satisfaction and loyalty is controversially
discussed in literature, satisfaction is defined as a predictor for customer
loyalty in this work.

The two constructs, loyalty and satisfaction, are not linearly related,
therefore it is necessary to separate them as different concepts as liter-
ature is also recommending [Kumar et al.| (2013); Meinzer et al.| (2016);
Vesel and Zabkar| (2009), whereby the focus of this work will be the sat-
isfaction concept.

Generally, the concept of customer satisfaction plays a fundamental
role for business success in every service industry [Rigdon et al.| (2011).
There is no doubt about the importance to fulfill customers’ expecta-
tions in order to increase revenue. Individualized, customer-focused
processes are necessary to survive in the highly competitive environment
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and is identified as one of the most important managerial goals in the
service industry Blocker et al.| (2011); Sun et al.| (2000). Understanding
the indicators of customer satisfaction or even more important dissat-
isfaction, helps to achieve this intended goal. Especially for the com-
petitive automotive sector, this understanding is essential to survive as
shown in the next section.

1.2.2 The financial aspects of the customer
satisfaction concept

The managerial importance of the customer satisfaction concept is not
only related to a better company reputation or higher customer loyalty,
it can be strongly tied to the sustainable financial success. Based on
the American Customer Satisfaction Index (ACSI), several financial out-
comes can be derived. An increase of 1 unit of customer satisfaction
measured by ACSI |Fornell et al.| (1996) generates an 11.4% average in-
crease in Return on Invest (ROI) over the next five years/Anderson et al.
(1994). Annually, 2.4% inrease in ROI can be achieved Anderson and
Mittal (2000)). Beside the RO], a significant impact on the cash flow can
be found in literature Gruca and Rego| (2005));[Morgan and Rego| (2006).
Furthermore, a 1-unit increase within ACSI yields to a 2-unit increase
in stock returns|Luo and Bhattacharya| (2006). This fact is also based on
the higher stock recommendations from the analysts for such companies
Luo et al.| (2010)).

From a long-term perspective, customer satisfaction helps to increase
the company value and its assets, measured by the index for the com-
pany value Tobin’s q [Tobin| (1969). A 1-unit increase in the ACSI mea-
surement can yield up to 0.36 unit increase in Tobin’s q|Luo and Hom-
burg| (2007). Important for customers is the risk that is assigned to
companies. Up to 1.8-unit decrease in systematic risk can be achieved
by increasing customer satisfaction Mittal and Frennea|(2010); Tuli and
Bharadwaj (2009)). Beside these financial benefits, commercials may be
more efficient for satisfied customers. Based on the positive correlation
between job satisfaction of employees and customer satisfaction, the
performance of human capital will increase Luo and Homburg| (2008);
Mittal and Frennea (2010). Summarizing, performance indicators that
define the company success positively correlate with the customer satis-
faction rate thatisachieved. Consequently, beside the importance of the
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satisfaction concept from a customers’ perspective, it is of fundamental
relevance for a sustainable company success.

1.2.3 The role of customer satisfaction for the
automotive industry

The automotive sector is in the middle of a changing process|Gao et al.
(2014). The product car itself is playing more and more a background
role, customer service is the biggest future value. Cars as well as dealers
and especially the related services around these two are getting digital-
ized. Vast amount of data is produced every day and the question arises:
How can the automotive industry benefit from the growing amount of
data sustainably? The sector that achieves the highest margin and gen-
erates the most customer interactions is the after-sales environment. In
the next years, the competition around services will increase and conse-
quently the switching barriers for customers get lower. Platforms that
sell spare parts or offer independent repair services due to new data
transfer solutions (for example using Dongles Bell| (2016))) are just two
examples that represent the change in the after-sales sector. In earlier
times, the biggest profit was gained by selling new cars. Nowadays, at
least 50% of the profit is realized within the after-sales businessBlanchet
and Rade| (2006)); |Sarstedt et al.| (2010). In the US, after-sales business
create 6-8 billion dollars revenue annually|Gaiardelli et al.| (2007). Gen-
erally, after-sales meanwhile create more margin than sales profit| ADL
(2015). In 2016, profit from after-sales from German car manufactur-
ers is estimated up to 80% Kleimann et al.| (2013). Consequently, the
automotive sector is striking for concepts to meet the huge variety of
customer expectations, especially in the service processes. The most
successful market players will be those that best address the demands
of their various customers as shown by |Kleimann et al.| (2013). This fact
yields to company strategies to push especially customer satisfaction,
like the Strategy Number ONE of the German car manufacturer BMW
Pries and Seeliger| (2014)). Today, Big Data is more than a buzz-word in
the automotive industry. Latest studies estimate that data driven ser-
vices will generate potentials up to $800 per carReportlinker| (2015)). Es-
timations state that the automotive industry is the second largest data
generator in 2015 [BM| (2013). Latest car models generate up to 25 Giga-
byte of data every hour/Hansen| (2015). Even 1 TB of data is realistic to be
generated by self-driving cars within an hour|Mearian| (2013). This data
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also includes various states of the cars and their components|Rodgers et
al|(2014). Useful data is not only generated by the cars themselves, but
also by the dealers. Each dealer visit of a customer represents a service
interaction that produces information. At least 5 GB of compressed data
are generated every day by the dealers within various service processes
Kohl et al.| (2011). This work will demonstrate the potential arising from
after-sales data and its value due to enhanced customer understanding.
Therefore, the focus of this work is to contribute to the existing research
regarding the determination of customer satisfaction in the service in-
dustry, taking the automotive industry as an example. Furthermore, the
value of the increasing amount of data is presented in a novel approach
to classify dissatisfied customers before the service interaction ends.

1.3 The importance of perceived patient
satisfaction for the health care sector

In the clinical environment, perceived patient satisfaction is a main con-
cept of long-term success. Knowing patients’ needs is the key require-
ment for a successful treatment. The health care sector strives towards a
transparent measurement of the perceived quality of clinical services
and patient satisfaction. For instance, the Centers of Medicare and
Medicaid Services established the Hospital Consumer Assessment of
Healthcare Providers and Systems as a satisfaction measurement ap-
proach |Giordano et al.| (2009); [Makarem and Al-Amin| (2014). There
are various standardized measurement approaches for perceived satis-
faction that help patients to rate and compare clinical departments ac-
cording to their specific needs. These kind of hospital ratings are public
Darby et al.| (2005). Consequently, perceived and transparent patient
satisfaction is a key element to create competitive advantage.

Furthermore, specific questionnaires exist to review the individual
competencies of specialized clinical department(Boudreaux etal.|(2000);
Raposo etal.[(2009). Using the output of these surveys, service processes
can be improved so that they incorporate patients’ needs.

A fundamental role regarding perceived satisfaction is the patient-
physician interaction. Therefore, health care sector is following the
principle of patient centricity |Steel (2015). The closer the interaction
is, the higher is the chance for patients to be correctly understood. The
basis for this interaction is the expression of the patients themselves
and their individual needs. Consequently, patients need to be actively
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involved into the service process by the physicians. This active role of pa-
tients within the service process allows an individualized treatment that
results in an increase of the perceived quality of medical outcome Brody|
et al. (1989). Beside service quality, several other factors have influence
on the perceived patient outcome, such as the communication concepts
Andaleeb| (2001);/Saad Andaleeb| (1998) or the sociodemographical fac-
tors that help to gain a thorough understanding of patients|Venn and
Fone| (2005)); [Walker et al.| (2003). The broad field of influencing de-
terminants is already well researched in health care, compared to other
service industries and thus the starting point of this work. In the health
care sector, the degree of the medical concern plays a significant role re-
garding the perceived satisfaction. The flexibility of patients decreases
with the urgency of patients’ needs or the perceived criticality of the dis-
ease. Thus, the importance of perceived service failures, such as waiting
times, varies significantly with the degree of illness Mack et al.| (1995).
Therefore, it is essential to consider the severity of the medical concern
as a separate influencing factor in reviewing literature and analyzing
the significant determinants of perceived patient satisfaction. Conse-
quently, this work is focusing on the determination of perceived patient
satisfaction on a meta-level, independent of the severity of illness. This
allows the cross-industrial knowledge transfer. The health care sector
is a tough and competitive environment within the service industries.
In order to increase market share, pure service quality is no longer suf-
ficient. Clinical departments need to define themselves additionally
via patient perceptions Yarris et al. (2012). Thus, a solid knowledge of
patients’ expectations is a key factor to create satisfaction, particularly
for those with less flexibility due to a high degree of illness for instance
Makarem and Al-Amin| (2014). The health care sector always strives to
create an encompassing knowledge about patients’ needs in order to al-
low a highly individualized service treatment. The personalized service
interaction is a key component to create competitive leads for the health
care sector|Blocker et al.| (2011). Patients of a clinical department can be
seen as customers of a service interactionHudak et al.| (2003). Adapting
this generalization allows the cross-industrial comparison of perceived
customer satisfaction on a meta-level. Transferring existing knowledge
from health care allows the service industry, in particular the automo-
tive, to increase the service performance by improving their customer
understanding.
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1.4 State of the art of machine learning
applications in the service industry

Practical applications based on machine learning techniques are of in-
creasing importance for the service industryJordan and Mitchell (2015);
Wouest et al.| (2016)). The following section provides an overview about
current industrial applications.

1.4.1 State of the art in the service industry

The potential of customer data in order to apply machine learning has
been shown by various studies in literature Jordan and Mitchell| (2015);
Liao et al.|(2012);|Ngai et al.| (2009). Retaining existing customers based
on the customervalue isasignificant factor to increase profitability. Even
more, it is the basis for an effective customer relationship. The predic-
tion of customer lifetime value (CLV) in order to improve the customer
relationship model (CRM) is one example for an application of machine
learning based on customer data.

Traditionally, these methods were found within companies focusing
on customer data in their daily business. Internet or telecommunica-
tion providers are identified as representative examples [Hwang et al.
(2004)); |[Prasasti et al.| (2014). Closely related to CLV prediction is the
application of machine learning to identify customers with high prob-
ability to churn. Predicting churning customers as a consequence of
dissatisfaction is identified as a significantly relevant field of practical
applications |Datta et al.| (2000)); |(Gopal and Meher| (2008)); [Hung et al.
(2006);Vafeiadis et al.| (2015); Xia and Jin|(2008). Again telecommunica-
tion providers are the most present business areas in literature, followed
by insurances/Hur and Lim)| (2005) and the retail business|Vafeiadis et al.
(2015)).

Applying machine learning techniques is an established method in lit-
erature to identify customers with an increased likelihood of switching
to other companies|Bauer and Kohavi| (1999); [Vafeiadis et al.| (2015)). In
the telecommunication sector, machine learning techniques have been
examined for their performance in order to determine dissatisfied cus-
tomers based on customer feedback as an indicator for churn|Mozer et
al.| (2000).
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1.4.2 Applications in the health care sector

Within the health care sector, machine learning techniques are applied
for various purposes. Classification models have been used to identify
patients with insufficient diagnostics that tend to be at-risk patients|Yoo
et al. (2012). The scope of this application is an improved treatment and
increase of revenue. Using data resulting from diagnostics allows the use
of machine learning techniques to classify different characteristics and
the state of progression of cancer for instance|Delen et al.| (2005));[Harper
(2005);|Yoo et al.|(2012). Further applications are the prediction of types
of Alzheimer diseases, classification of Parkinson or Epilepsy patients.
Gait analysis using sensor and marker data is one representative field of
application/Barth et al.|(2015));|[Eskofier et al.|(2013); Heldberg et al.|(2015);
Klucken etal.|(2013). Beside these applications using sensor data, patient
feedback analysis is in focus of machine learning applications. The pre-
diction of the overall satisfaction and identification of relevant indica-
tors of satisfaction are representative examples Boudreaux et al.| (2000));
Meinzer et al.| (2016);|Sun et al.| (2000)); Yarnold et al.|(1998). Results from
questionnaires of patients from various clinical departments have been
conducted for these analysis. Subjective patient perceptions are highly
relevant for the health care sector in order to provide an optimal and
patient-centered medical treatment. One representative example is the
treatment of Tinnitus patients as the perception of the severity of illness
has a major influence |Cima et al.| (2012)); (Crummer and Hassan| (2004).
The better perceptive determinants can be captured and mapped to ob-
jective diagnostic results, the better the treatment can be individualized.
Machine learning approaches may be an effective instrument to predict
the subjective Tinnitus perception using diagnostic results and person-
alized patient information.

1.4.3 Applications in the automotive industry

Within the automotive industry, the possible application fields for ma-
chine learning are huge. Various data is generated by car-, customer- or
service- touch points that result in different practical needs|Prenninger
(2013), as illustrated by fig.

In the manufacturing sector, machine learning techniques are applied
in order to improve the supply chain of the production or marketing
campaigns for the customer. Within the manufacturing process vast
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amount of data are produced in the various industries. The most com-
mon use of this data is focusing on quality monitoring and enhance-
ments. Using sensor data from the production processes, supervised
machine learning models could be trained that allow a quality outlier
detection [Wuest et al.| (2013). The prevention of tool breakdowns by a
developed early warning system has been shown as one other field of
application|Cho et al.| (2005). For the metal foundry, quality insurance
could be optimized as machine learning techniques allow the identi-
fication of parts that need special attention Bettin and Osuna| (2007).
Within the manufacturing process, the variety of potential applications
is huge Gehrke et al.|(2016));|Prenninger|(2013)). A general overview is pro-
vided by fig. j.2|according to |Prenninger| (2013). In order to improve the
design of produced elements within the automotive industry, customer
feedback could be mapped to production data by adapting fuzzy logic
methods|/Chan et al.|(2011). Machine learning techniques can be applied
to improve the car configuration process with the goal to increase sales
performance Mavridou et al.| (2013). Recommender systems are gener-
ally identified as a huge trend in machine learning [Jordan and Mitchell
(2015) in the automotive industry. Generally, most of the current ma-
chine learning applications within the automotive industry focus on the
manufacturing process and the increase of sales performance|(Salini and
Kenett! (2009).

Summarizing, the applications of machine learning techniques are
most prominent in order to improve CRM models. Identifying potential
churning customers based on their feedback is the most frequent area of
application. The telecommunication and retailing sectors are the lead-
ing service industries that apply these methods to improve competitive
leads.

The health care sectoralready gains a thorough patient understanding
based on the well researched field of patient satisfaction determination.
Patients’ feedback has been used as features for machine learning appli-
cations to increase the quality of the medical treatment and thus the per-
ceived outcome. The manufacturing industry, such as automotive, uses
features extracted from sensors or production tools for machine learning
applications. Most applications focus on quality improvements for the
production process and optimization of the supply chain. Furthermore,
customer feedback is analyzed to improve the sales performance.

12
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Figure1.2.: Overview on possible application fields of data driven business mod-

els within the automotive industry (2013), p. 10.

1.5 Contribution of this work

This work contributes to the existing research of machine learning appli-
cations as it presents an approach to map subjective customer responses
with objective service and process data from the service industry. Taking
the automotive industry as a representative example, various machine
learning techniques are evaluated for their performance with the goal to
classify dissatisfied customers inreal time. Performing feature selection,
the most important indicators for dissatisfaction can be identified. This
is a novel approach in the field of practical machine learning applica-
tions and can be transferred to various sectors within the service indus-
tries. Applying machine learning techniques to a combined dataset con-
sisting of subjective customer feedback and objective service, process
and sensor data has not been researched in literature before. The health
care sector already gains a thorough patient understanding based on
the well researched patient satisfaction determination. This benchmark
position is used to extract the underlying concepts of perceived satisfac-
tion determination from literature to allow a cross-industrial knowledge
transfer. These concepts are service encounter, situational factors and
sociodemographics. The most relevant determinants of each concept
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have been identified. The similarities across the service industry, in par-
ticular health care and automotive, are shown. These similarities of the
satisfaction concepts and the related determinants are the basis to en-
able the automotive industry to transfer knowledge from the health care
sector and thus allow an improved customer understanding. Within the
automotive industry, the area with the highest margin is examined to be
seen in after-sales|Ahn and Sohn| (2009). Existing research focus mainly
on quality improvements and the increase of customer loyalty|/Ahn and
Sohn|(2009); Bandaru et al.| (2011, |2015);|Chougule et al.| (2013). Mapping
subjective customer feedback with objective data encompassing the full
after-sales process to classify overall dissatisfied customers in real-time
is a new field of machine learning application in the automotive indus-
try. Furthermore, adapting feature selection methods, the most critical
indicators for customer dissatisfaction can be extracted from the estab-
lished service process. Consequently, the developed approach within
this work helps the service industry, the automotive in particular, to in-
crease knowledge about customers’ perception of received services. Fur-
thermore, indicators for dissatisfaction with the service process can be
identified as well as potentially dissatisfied customers. Using this infor-
mation, the service quality can sustainably be increased which will yield
to an increased overall customer satisfaction. This is a core element of
many company strategies and secures the increase of competitive leads
within the automotive industry.

1.6 Structure of this work

The present work is performed in (partial) fulfillment of the require-
ments for obtaining the degree Dr. rer. biol. hum. This thesis comprises
contributions to two different research fields, each documented by pub-
lications in subject-specific scientific journals. First, the fundamental
findings in the area of cross-industrial knowledge transfer of perceived
customer satisfaction determination in service industries is examined
Meinzer et al.| (2016). Second, machine learning techniques were ap-
plied to generate practical benefits for the industrial sector [Meinzer et
al.| (z017). Thereby, perceived satisfaction can be increased by classify-
ing dissatisfied customers and identifying the most relevant indicators
of dissatisfaction. A general overview about the two main components
of this work, the literature review and the machine learning section, is
provided by fig. [1.3] The detailed structure of this work is as follows.
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* Chapterp]provides the theoretical background and the conceptual
framework of perceived customer satisfaction based on a literature
review followed by an empirical study that shows the practical ap-
plication of satisfaction determination in the automotive industry
and the implications for improvements of the determination. The
literature review introduces the techniques of measurement, the
major constructs and the importance of perceptions with respect
to customer satisfaction in the service industries. The three un-
derlying constructs of the satisfaction concept are presented: The
service encounter, situational factors and sociodemographics.
The most important determinants of these constructs are worked
out for the automotive industry and the health care sector. Com-
mon determinants are examined that allow the cross-industrial
knowledge transfer. The methodological section is based on an
existing customer satisfaction survey, that illustrates the lack of
research and practical need for this knowledge transfer from the
health care sector to the automotive industry. Applying multi-
ple linear regression models, the most important determinants
according to the three introduced constructs are analyzed for a
premium car manufacturer. At the end of this chapter, results of
the analysis are examined that show the practical impact of the
findings from the health care sector to the automotive industry.
Implications to improve the existing customer satisfaction deter-
mination are presented. Chapter 2 closes with the implications
and recommendations for further research.

Chapter [3] illustrates the application of machine learning tech-
niques to the automotive industry in a feasibility study. The work
answers the two most important questions in the area of customer
satisfaction management in service industries: 1. Can dissatis-
fied customers be classified in real time based on data that is pro-
duced during a service visit? 2. Can indicators of dissatisfaction
be derived from service process data? Therefore, the importance
of these two research questions to the practical world is examined
by a literature review in the first part. Second, an encompassing
overview on the various sources of available data in the automotive
industry is provided. Third, a data consolidation logic has been de-
veloped, that allows the matching of subjective customer feedback
with objective service, process, and car data received by the dealers
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and cars. Fourth, in an experimental design, 5 different classifiers
have been applied and evaluated for their performance. Fifth, the
results of the experimental design are provided and show that the
two raised questions can be answered. Sixth, the results are criti-
cally discussed and practical relevance of the developed approach
is worked out. It allows a significant increase of transparency, an
improvement of the individualized customer treatment and con-
sequently provides an opportunity to sustainably increase compet-
itive advantage.

Chapter [4]addresses the practical implications resulting from the
approach to classify dissatisfied customers, identify the critical
dissatisfaction indicators and the precise determination of per-
ceived satisfaction presented in this work. First, implications re-
sulting from cross-industrial knowledge transfer are presented.
The competitive advantages that can be realized and the accord-
ing requirements are shown. Second, the need for data driven
business models that arises from the trend of digitalization is il-
lustrated. Specific attention is spent on the use of customer data
as an input for improving service processes to be competitive in
the future. Requirements that need to be fulfilled to make most
effective use out of customer data are presented. Taking online
platforms such as Google as representative examples, methods to
handle customer data while considering privacy conditions and
other constraints are shown.

Chapter [5] provides the outlook of this work. The possibilities
for the automotive industry arising from the methods developed
in this work are presented, such as real-time services, predictive
maintenance, predictions of breakdowns or safety increasing fea-
tures. The work closes with limitations of this work and the pre-
sentation of further research needed within the health care sector,
the automotive industry and the service industries in general.
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2 Translating satisfaction
determination from health care to the
automotive industry

2.1 Overview and structure of the chapter

The following chapter illustrates the cross-industrial knowledge trans-
fer from the health care sector to the service industry. It is the first main
contribution of this work. Based on the solid determination of perceived
customer satisfaction, a prediction of potentially dissatisfied customers
will be possible. This determination is the scope of the following chap-
ter.

The resulting benefit is proven for the automotive industry taking
the premium manufacturer BMW as a representative example. A lit-
erature analysis of the health care sector and the automotive industry
was conducted to identify the common concepts of determining satis-
faction. These were the service encounter, situational factors and so-
ciodemographics. An empirical analysis has been performed based on
an existing survey. Results of this analysis show the applicability of the
cross-industrial knowledge transfer. Furthermore, they show the im-
provements of the existing methods of perceived customer satisfaction
determination that can be derived.

The chapter is structured as follows: First, the need for the knowl-
edge transfer is examined in general and for the automotive industry
in particular. Second, the theoretical background that shows the role
and measurement of perceived satisfaction in service industries is pro-
vided. Third, the conceptual framework is provided by a literature re-
view that examines the most important concepts for the determination
of perceived satisfaction in health care and the automotive industry. The
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fourth section proves the findings from the literature empirically. Sec-
tion fifth shows the results of a customer satisfaction survey from BMW.
Sixth, the management implications of the new concepts for the auto-
motive industry are explained. The chapter closes with limitations and
ideas for further research.

This chapter was successfully published in the journal Service Busi-
ness|Meinzer et al.| (2016). Minor changes have been done that the pub-
lication properly fits to this work.

2.2 Introduction

The time when success in a service industry was defined only by prod-
ucts and services is already history. Good products and services are no
longer sufficient to survive in a tough competitive environment. Com-
panies must now define themselves by consumer expectations Duenzl
and Kirylaki (1997);[Rao et al.| (2006); Sivakumar et al.| (2014)); [Yarris et al.
(2012). In health care, a solid knowledge of patients’ expectations, such
as the information they want to receive and how, is the fundamental
basis to satisfy patients even in critical situations |Leydon et al.| (2000));
Makarem and Al-Amin| (2014). Transferring this phenomenon to ser-
vice industries, the question arises: Would applying the mechanisms
for determining patient satisfaction help to improve customer satisfac-
tion in, for example, the automotive industry? The questions is raised
how knowledge transfer could help to satisfy customers who experience
service failures such as repeat repairs |Meinzer et al.| (2010) and in gen-
eral how the automotive industry can learn from the health care sector
by transferring existing knowledge to new instances, problems and do-
mains.

There is a high focus on personalized consumer treatment in health
care Blanchard et al.| (1990); [Laith and Feras| (2011); |Sun et al.| (2000));
Yarris et al.| (2012) not at least because of the potential consequences
that can arise as a result of treatment. The knowledge of patients’ ex-
pectations arises from well-defined questionnaires that help the health
care sector to identify the most important satisfaction indicators and pa-
tient expectations. However, individual treatment is identified as a key
component to securing competitive advantage in every service-oriented
business Blocker et al.| (2011); |Zeithaml (1988)). Using the metaphor of
Hudak et al.| (2003)), treating patients as customers allows the transfer of
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insights into the determination of perceived satisfaction from the health
care sector to the automotive industry.

Cross-industrial translations of customersatisfaction and service qual-
ity models have made valuable contributions to the literature |Corbin
et al.| (2001). For example, transferring best practices from retailers to
the health care sector has been done before Blanchard et al.| (2008).
Corbin et al.| (2001) compares service processes from the health care
sector with other service industries such as Wal-Mart or McDonald’s.
They argue that every service process and customer treatment, such
as patient-physician or customer-provider relationships, need to follow
certain principles to create and secure customer satisfaction. According
to (Corbin et al.| (2001), a cross-industrial knowledge transfer is possi-
ble for intangible goods as defined by |Shostack! (1977), such as service
processes.

Services are always related to customer treatment. Independent of the
service industry, they can only be evaluated after consumption|Bouman
and Van der Wiele|(1992));|Corbin et al.| (2001); Parasuraman et al.| (1985)),
for example, using questionnaires. A patient with a health issue needs
to be treated in the medical health care environment and consequently
becomes a health care service customer|Hudak et al.| (2003). In the au-
tomotive industry, a customer needs a service treatment such as a main-
tenance or repair visit Bloemer and Lemminkl (1992)); Mueller (1991);
Tukker| (2004). To make comparisons of these sectors meaningful, the
car-buying process is characterized as a highly tangible good and not
the primary focus. The car as a product has to be excluded for a greater
focus on the intangible aspects of service processes in terms of car re-
pair or maintenance. Intangible goods are given greater attention from a
management perspective to increase the competitive advantage of their
business|Stryja et al.| (2015) and are the focus of this paper. They are used
as the common construct for the cross-industrial comparisons. Similar
approaches have been performed in the health care and retail sectors as
shown above. A lack of research on service enhancement has already
been identified in manufacturing, such as the car industry |Gebauer et
al|(2008). Despite best efforts, the existing research or established ap-
proaches for a cross-industrial translation from the health care sector to
the automotive industry could not be found in existing literature. This
gap will closed by showing how to improve the determination of per-
ceived satisfaction in the automotive industry using a questionnaire to
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show knowledge transfer from the health care sector based on the com-
mon denominator of intangible goods. It is examined how to improve
the determination of service satisfaction based on health care findings.
The fundamental role of consumer treatment is well known in the health
care sector|Hare et al.[(2013), but has also been examined as a key concept
to strengthen service businesses and secure competitive advantages, es-
pecially in the after-sales environment|Gebauer et al.| (2008).

2.2.1 The role of customer perception in the
automotive industry

After-sales services in the US industries generate an estimated revenue
of 6-8 billion dollars annually|Gaiardelli et al.| (2007) and generally after-
sales service profit is higher than sales profit/ADL| (2015). Consequently,
the focus on implications for the after-sales services as intangible goods
in the automotive industry based on findings from the health care sector
in this work is considered as a new contribution to the existing research.
Therefore, this chapter follows the definition of treating patients as cus-
tomers as described by Hudak et al.| (2003).

The main differentiation between the two sectors is the customers’
independence in service selection. This independency is limited, es-
pecially in critical medical health care situations; therefore, the defini-
tion of patients as being customers is also limited. However, comparable
service relationship constructs are present in this scenario, such as the
customers’ participation in a service Bettencourt| (1997). The better the
interaction between service industries and its customers, the better the
perceived experience and consequently the perceived satisfaction. This
argument does not address situations where patients are no longer able
to participate in the service relationship because of their poor medical
conditions.

Overall, the cross-industrial comparison of the health care and auto-
motive industries is possible at a meta level for the customer treatment
as an intangible good. Comparable constructs such as service encoun-
ters or failures (such as waiting time) are equally relevant for all service
industries to secure competitive advantages in satisfaction and loyalty
Chuang et al.|(2012);|Corbin et al.| (2001); Reichheld and Sasser Jr.|(1990);
Sivakumar et al.| (2014).
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2.2.2 Representative practical example from the
automotive industry

Taking the premium car manufacturer BMW as a representative ex-
ample, the J.D. Power Survey results from 2013 [J.D.Powers| (2013)) and
2014 |J.D.Powers| (2014) showed an increase in the Customer Service In-
dex, but the company remains behind the luxury brand average. BMW,
however, is still the most valuable brand in the automotive industry,
based on the Forbes ranking from November 2013 [Forbes| (2013). BMW
has a high focus on customer satisfaction, as the chairman of the board,
Dr. Reithofer, has made clear BMW]| (2014).

The goal was to show that the determination of perceived customer
satisfaction in health care and the automotive industry are closely re-
lated. Currently, the importance of perceptions in the two sectors and
the concepts to capture them are separately researched. Examining the
similarities between the concepts for perceived satisfaction determina-
tion, this study will show the implications for the automotive industry
that can be derived from the health care sector. By identifying the most
important determinants, based on an empirical analysis, the aim is to
improve the understanding of customer expectations of a dealer service
and hence to increase their satisfaction with BMW.

2.3 Theoretical background

Customer satisfaction is an important strategic concept especially for the
management as it fundamentally influences activities to increase com-
petitive leads. The first section provides a brief overview about the role
of satisfaction forservice industries. Second, the measurement concepts
and the antecedents of customer satisfaction are provided.

2.3.1 The role of satisfaction in general and for
management

Customer satisfaction can be seen as one of the most important pieces of
information for management decisions. Repeat purchase, brand loyalty,
and willingness to pay are significantly affected by customer satisfaction
Churchill Jrand Surprenant| (1982)). Itis, therefore, a very important con-
struct, which receives considerable management attention [Mittal and
Frennea (2010).
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Customer satisfaction plays an important role in establishing success-
ful long-term customer relationships |(Chojnacki (2000)); Homburg and
Rudolph| (2001). Even if there is no common understanding of the exact
relationship between satisfaction and loyalty, there is no doubt about its
existence|Bennett and Rundle-Thiele| (2004)); Blocker et al.| (2011); |Dong
et al.| (2on); Flint et al.| (2011);|Homburg and Giering| (2001).

Jones and Suh|(2000)) identified overall satisfaction to be the main pre-
dictor of loyalty. However, satisfaction does not linearly result in loyalty,
which is why it is necessary to differentiate between these constructs|Ku-
mar et al.| (2013)); Mittal and Lassar|(1998). [Herrmann et al.| (2000)) found
that customer price elasticity could be optimized as a result of customer
satisfaction, resulting in a greater willingness to pay for products and ser-
vices. Customer satisfaction also often leads to positive word-of-mouth
recommendations to other consumers as a positive side effect Mangold
etal./(1999)); Reichheld and Sasser Jr. (1990). Because such recommenda-
tions increase revenue, this aspect has high managerial relevance. The
general impact of customer satisfaction on profitability and the share
of wallet has been proven by several studies, including Anderson et al.
(2004)) and |Cooil et al.| (2007). The Return on Invest of a company is
described as a function of customer satisfaction, strongly based on pre-
vious customer experiences Anderson et al.| (1994). To maintain high
customer satisfaction and thus create customer value, consumer orien-
tation is identified as the most important management target [Blocker
et al.| (2011);|Zeithaml (1988). Highly consumer-oriented processes were
shown by |Seth et al.| (2005) to be main predictors of satisfaction. High
customer understanding and knowledge of the key indicators of satis-
faction are therefore important. Effective customer satisfaction mea-
surement is vital to reach the desired outcomes. The different measure-
ment concepts and the differentiation of customer satisfaction and ser-
vice quality will be described in the following section.

2.3.2 The measurement of customer satisfaction and
the importance of perceptions

Perceived customer satisfaction expresses how well the services provided
by companies meet customer needs/Anderson and Sullivan| (1993). This
definition has broadly been established and the measurement and in-
terpretation of perceived consumer satisfaction has long been an im-
portant field of research in the service industries|/Anderson and Sullivan
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(1993); Herrmann et al.| (2000); Homburg and Rudolph| (2001); Huang
and Dubinsky| (2013)); Mittal and Lassar|(1998); Yarris et al.| (2012). If ser-
vices do not fulfill customers’ expectation (disconfirmation), consumers
may be dissatisfied Anderson| (1973). Consequently, expectations need
to be fulfilled or exceeded to achieve the customer’s confirmation and
secure satisfaction|Anderson and Sullivan| (1993). The relationship be-
tween customer satisfaction and expectations is known as the confirma-
tion/disconfirmation paradigm/Anderson and Sullivan|(1993));/ Anderson
(1973);|Churchill Jr and Surprenant| (1982); Oliver| (1980).

The importance of capturing the perceived performance is conse-
quently highly relevant to measure satisfaction|Cheng and Yang] (2013);
Johnson and Fornell (1991) and is uncontroversial across different ser-
vices and industries |Herrmann et al.| (2000); [Homburg and Rudolph
(2001);Huang and Dubinsky|(2013)); Mittal et al.| (1998);[Rao et al.| (2006);
Rhee and Bird| (1996); Trout et al.| (2000);|Yarris et al.| (2012). Companies
define a detailed understanding of customer needs as an essential factor
in their competitive strategies/Anderson and Sullivan| (1993);|Herrmann
et al.| (2000).

The consideration of service quality as one of the most important an-
tecedents of customer satisfaction helps service industries to establish
a professional understanding of potential customer satisfaction indica-
tors|Oh| (1999).

Customer satisfaction and service quality are highly connected; there-
fore, it is helpful to define this connection. Three theoretical conclu-
sions are discussed in the literature |Gronroos| (2001, 1984)); [Hennig-
Thurau and Klee| (1997): First, that service quality and customer sat-
isfaction are one and the same. Second, that customer satisfaction is
an antecedent of service quality or third, that service quality is an an-
tecedent of customer satisfaction.

The lastapproach is perhaps the most popular/Caruana) (2002));|Cronin
etal.|(2000); Gronroos|(2001);|Lee et al.|(2000a}b)); Xu et al.{(2007); Zhang
et al. (2005)) and the perspective taken in this study. However, a detailed
understanding of the critical components of service quality is important
for organizations to increase customers’ perceived satisfaction|Seth et al.
(2005) and their profitability|Zeithaml (2000).

Measuring service quality by using the SERVQUAL scale Parasura-
man et al.| (1988} 1991) and the SERVPEREF scale |Cronin Jr and Taylor
(1992)) is one of the most popular ways and widely used in recent stud-
ies Jemmasi et al| (2011); Lee et al| (2000b)). These two measurement
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scales can be seen as generic instruments [Randheer and Al-Motawa
(2011); Rocha et al.| (2013) to measure service quality as an antecedent
for consumer satisfaction. They are based on a questionnaire consist-
ing of 44 (SERVQUAL), respectively 22 questions (SERVPERF). In a re-
view of various models, [Seth et al.| (2005)) found 19 different approaches,
which shows that various industries need to adapt service quality mea-
surements, such as the retail industry/Sweeney et al.| (1997); Teas| (1993),
hospitality sector Mattsson| (1992); Oh| (1999), higher education|Spreng
and Mackoy| (1996)), transportation industry [Frost and Kumar|(2000) or
the banking sector|Seth et al.| (2005)); Soteriou and Stavrinides| (1997).

Comparable generic measurement batteries can be found for the de-
termination of customer satisfaction. The most popular cross-industrial
models are the American and European Customer Satisfaction In-
dices (CSI) [Gilbert and Veloutsou| (2006), which comprise consumer
expectations, perceived quality and perceived value Fornell et al.| (1996).
The CSI model is generally applicable to various sectors of the service
industries and is produced annually to benchmark the considered com-
panies. However, this cross-industrial assessment model is limited be-
cause the models need to be specified to continuously monitor processes
and identify indicators for improvements in specific industrial sectors
Gilbert and Veloutsou| (2006)).

For example, Deng et al.| (2013) applied the American CSI to the hos-
pitality sector by integrating consumption emotions, which resulted in
the Hotel CSI. In addition, Hsu| (2008) developed the e-CSI model for
the online customer satisfaction determination and [Kristensen et al.
(2000) applied the European CSI to the Denmark Post by combining
the generic measures with specific determinants from the post sector.

A way to measure service features is the Customer Satisfaction Sur-
vey, which is related to transactional-specific service satisfaction|Gilbert
and Veloutsou (2006). Service quality and various technical and func-
tional service satisfaction measures are determined by this approach.

Measuring the perceived quality of the complete consumption process
is the scope of the Customer Satisfaction Barometer (CSB) based on
Fornell| (1992)) and |[Hackl et al.| (1996)). [Johnson and Fornell| (1991) used
the CSB asa standardized measurement battery for the general customer
satisfaction, the perceived confirmation of customers’ expectations and
the distance to the ideal consumption result from the customers’ per-
spective. Generally, cross-industrial customer satisfaction is defined as
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a function of prepurchase expectations and postpurchase perceived per-
formance.

Specifically for the health care sector, the most popular and standard-
ized satisfaction and quality measurement approach is related to the
Hospital Consumer Assessment of Healthcare Providers and Sys-
tems (HCAHPS Hospital Survey), which was established by the Cen-
ters for Medicare and Medicaid Services in 2008 |Giordano et al.| (2009);
Makarem and Al-Amin| (2014)); Rothman et al.| (2008). A survey con-
sisting of 16 questions assessing specific perceived aspects of care was
established Darby et al.| (2005). These hospital ratings are public and
accessible by the patients. However, the causes for satisfaction in the
health care sector need to be analyzed in detail and specific cultural and
demographical conditions need to be determined [Raposo et al.| (2009).
Therefore, specific questionnaires were developed to capture the rele-
vant process information perceived by the patients. Exemplary surveys
to measure perceived satisfaction in the health care sector can be found
in the literature Boudreaux et al.| (2000); [Jackson et al.| (2001); |Oliver
(1980); Raposo et al.| (2009));|Sun et al.| (2000); Westbrook et al.| (1983).

2.4 Conceptual framework

To generate a thorough understanding of the effective determination of
perceived consumer satisfaction, the most important concepts and cor-
responding determinants in the automotive industry and the health care
sector were examined.

2.4.1 Concepts of customer satisfaction in service
industries

Service encounter

Historically, service encounters were considered as a dyadic process of
customer interactions [Solomon et al.| (1985); [Surprenant and Solomon
(1987). The construct was defined as the way the service provider inter-
acted with the customer, for example, in a face-to-face communication.
The service encounter is considered the basis for building customer sat-
isfaction|Gil et al.|(2008), because this concept is one of the most impor-
tant antecedents in customer evaluation of service performance [Brown
and Swartz (1989); Parasuraman et al.| (1985). Perceived personal in-
teraction is most often studied in service encounters |Gil et al.| (2008);
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Meuter et al.| (2000) and especially as an antecedent of customer satis-
faction Bitner| (1990)); Gil et al.| (2008). Customized communication of-
ten helps to enhance the customers’ relationship with service providers
Boulding etal.|(2005). Itisimportant to understand customers’ expecta-
tions to optimize personalized information transfer |Ford| (2001). From
the customers’ perspective, the basic event is the moment when they
interact with a service provider Bitner et al| (1994). Relational benefits
result from customer-provider interactions, such as time savings due to
the communication of waiting times|Gwinner et al.| (1998);|Reynolds and
Beatty| (1999). To capture personal interaction during service encoun-
ters, it isimportant that both directions of communication between staff
and consumers are recorded.

Beside personal interactions, service encountersalso involve perceived
processes and service characteristicsBitner et al.[(1997);|Shostack| (1985).
It is the total workflow that defines customers’ perception about the
quality of service encounters and thus their satisfaction [Wynstra et al.
(2006). A well-established customer-interaction strategy has been iden-
tified as fundamentally important|Lindgreen et al.|(2006)). Personal cus-
tomer interactions not only refers to service providers’ interactions, but
also to their delivery of services and goods Brown and Gulycz| (2006);
Lindgreen et al.| (2006)). Therefore, for service encounters, the focus was
set on personal interactions and perceived service characteristics. These
two are the most relevant factors according to service encounters based
on the literature review and the practical relevance

Situational factors

Beside the service encounter itself, external factors may also influence
perceived consumer satisfaction|Bagozzi (1978); Dabholkar and Bagozzi
(2002);|Lau and Ng|(2001). These determinants may be defined by exter-
nal influences, process-related circumstances in a service organization,
or environmental conditions, and are described as "situational factors”.

"Waiting time” or "perceived crowding” (for example, busy receptions
in hospitals) are examples of these factors|Dong et al.| (2008); Hui and Tse
(1996);Nie| (2000)); [Pruyn and Smidts| (1998)), which are described as be-
ing frustrating, stressful, and expensive when related to costsjvan Dun et
al.[(2o11). Underlying situations, such as "time pressure”, significantly in-
fluence the individual perception|Blackwell et al.| (1999);|Hennig-Thurau
and Klee| (1997); Ravald and Gronroos| (1996). In contrast, services that
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are perceived as convenient are likely to result in a higher degree of con-
sumer loyalty and satisfaction |Blackwell et al.| (1999)).

For specific consumer goods, situational factors also affect brand se-
lection and impact. Some facility-specific determinants are also related
tosituational factors like the "location of a store”Hennig-Thurau|(2004).
Lau and Ng| (2001) examined the importance of the "proximity of oth-
ers” as a significant factor that should be considered by service indus-
tries because consumers are more likely to talk about negative experi-
ences, which may therefore affect reputation and satisfaction/Lauand Ng
(2001);Mangold et al.|(1999). There isa common understanding that in-
convenient factors such as crowding or social anxiety decrease perceived
service quality and thus consumer satisfaction |Dabholkar and Bagozzi
(2002);|Hui and Bateson|(1991); Keaveney and Parthasarathy|(2001);Ma-
her et al. (1997). The internal climate (measured by the job satisfaction
of the employees for instance) of the organization may also affect con-
sumers’ perception Yagil (2002), as can the "availability of goods” (like
the availability of spare parts for car repairs without additional waiting)
Bloemer and Pauwels| (1998)).

Sociodemographics

In most studies, sociodemographic information was captured as a rel-
evant indicator Darley et al.| (2008)); [Walker et al.| (2003)), with deter-
minants such as age, sex, domicile, race, education level, and level of
income. The determination of sociodemographics is considered partic-
ularly important for customer relationship modelsVerhoef et al.| (2003).

However, the understanding about the relationship between the so-
ciodemographic data and satisfaction vary in literature. Some authors
have shown that there is no significant correlation between sociodemo-
graphics and satisfaction Boudreaux et al.| (2000); [Bursch et al.[ (1993);
Hall and Press (1996). Others observed clear dependencies [Baker and
Cameron| (1996); Jha et al.| (2008));|Sun et al.| (2000).

A moderating effect of income on satisfaction and on the share of wal-
let was identified by [Cooil et al.| (2007). |[Homburg and Giering| (2001)
examined personal characteristics and found income, age, and variety
seeking to be strongly influential factors of the satisfaction-loyalty con-
struct. They observed these factors in detail in oder to analyze its impact
on individualized actions to increase perceived satisfaction, such as the
impact of age. Customers have to be individually treated according to
their age because satisfaction in younger people is highly influenced by
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service encounters, whereas older people’s satisfaction is also based on
previous experience.

The role of education is important, because better-educated con-
sumers ask for more information to make their decisions. Studies show
that this is reflected in perceived satisfaction |Cooil et al.| (2007); [Keav-
eney and Parthasarathy| (2001). Furthermore, the relationship between
income and product satisfaction was identified as being weaker for peo-
ple with high incomes than for those with low incomes [Homburg and
Giering| (2001).

2.4.2 Literature review of the customer satisfaction
determinants in the automotive industry

The following literature review aims to identify the most important de-
terminants of perceived customer satisfaction in the automotive indus-
try. Therefore, literate is reviewed according to the three main concepts:
Service encounter, situational factors and sociodemographics. After a
brief examination, the full overview of the relevant determinants is given

in Table[21

Service encounter

For the automotive industry, two dimension of service encounters are
identified as significantly important: personal interactions and per-
ceived service characteristics [Keaveney| (1995). The most prominent
determinants for personal interactions within service encounters were
information about administrative issues such as waiting time or forth-
coming stepsBloemerand Lemmink|(1992);Yieh etal.[(2007) and the ex-
planation of results and charges|Bei and Chiaol(2001)); Brito et al.| (2007).
Brito et al.| (2007) and |Yieh et al| (2007) defined personal interaction
as information transfer to the customer, while the reverse direction of
information transfer was examined by Bloemer and Lemmink| (1992)).
With respect to the personal interaction between customers and ser-
vice personnel, honesty and integrity were prominent in the literature
review Devaraj et al.| (2001); [Hunecke and Gunkel| (2012); [Yieh et al.
(2007). Customer satisfaction with staff skills was the most significant
determinant in perceived service characteristics|Brito et al.| (2007).
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Situational factors

Situational factors were examined as the second fundamental concept
of perceived consumer satisfaction. The most important determinants
are time-related factors, such as perceived waiting time or the length of
stay/Devaraj etal.|(2001);Mueller|(1991). Related factorsinclude whether
the car is ready at the promised time Devaraj et al.| (2001) and the ease of
getting an appointment. Furthermore, the time to first contact has also
been identified as a relevant factor|Yieh et al.| (2007). The total time for
servicing a car or for a repair was identified as being significant by Biehal
(1983) and Mueller|(1991). The ability to do the repair correctly at the first
service encounter is identified as being an important predictor of con-
sumer satisfaction in the literature[Hiinecke and Gunkel|(2012)). A defect
that is not fixed during the first attempt is a service failure that may re-
quire a repeat attempt to be repaired. Samuels et al.| (1986)) were among
the first to show the high rate of dissatisfaction with repeat auto repairs
and their importance in this industry. Especially in the automotive sec-
tor, facility- or car-related situational factors were frequently captured
by surveys, such as the appearance of the service area or cleanliness of
the carJones and Sasser|(1995);|Yieh et al.[(2007). Whether or not service
use was voluntary (for example, car breakdown) has been identified as
an additional important situational factor Meinzer et al.| (2010); Ravald
and Gronroos| (1996);[Samuels et al.| (1986)).

Sociodemographics

In the automotive sector, sociodemographics such as sex have been iden-
tified as having a significant influence on satisfactionDarley et al.| (2008)).
Darley et al.|(2008) found that women who perceived contact with sales-
people as being positive were satisfied with different aspects of their ser-
vice encounter. The distinction between private or business use was ex-
amined as a relevant determinant because value for money is closely re-
lated to the purpose of car use Bloemer and Lemmink| (1992). Cultural
differences based on the country of origin were identified by [Hiinecke
and Gunkel (2012). Devargj et al.| (2001) found that they needed to cap-
ture sociodemographics such as age and income to measure perceived
satisfaction accurately. They found that older people were more satis-
fied with the service encounters than younger people were. It is useful
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for the automotive industry to examine these sociodemographics Hom-
burg and Giering| (2001);|Verhoef et al.| (2003)) because they show an im-
pact on perceived satisfaction.

The most important determinants for perceived customer satisfaction
in the automotive industry are summarized in Table 2.1}

32



2.4. Conceptual framework

"91ep SUIpuadse Aq paIspiIo 10103s dANIOUI
-0JNe 3] UI UOTIDEJSIIeS ISWNSU0D PaAIadIad 10J sjueuruLalep Surpuodsariod pue sydaouod juelrodur jsouwr 3y [, 'z d[qe],

“** panuUnuod
sorydeiSowap
-010g .
(9sn azeand 10
‘uede( ssaulsnq) IoWo)
Ul IaINjoeJnuUewl -Snd 33 Inoqe
‘uoTnoeJsNes 3UO JO spuelq JUd IZpa[mowy| e .
10j 10JeJIpUl JU®) -1oy1p woy sarreu |sdryderdowap Jeas
-1oduur ue st s1y} -uonsanb o1t jo -0120G | 0] I2UI0ISND WOJJ
9DUIS ‘9sn ssauIsnq (s1uaI20D uon UOIJEDTUNWIUIO))
pue arearid usamy -e[21100 Tenred) SI9JUNODUD [Pu (266T1) yuruwa|
-9q UONBNUAIRYI(] | SISA[eUE UOIIR[OLIOD) IDIAIDG -uos1ad 1oeIU0)) . pUe ISWS0[g
‘s1edk Ayrenb
‘Joourd [ed T urynm Auew I1edal PaAIadId] «
-tdwo 10 sjueuTwa -I90) Ul SI9UI0ISND aredas 10 swy, .
-I9)9p SI0W JO SIS MA 000099 TIOT) SI9IUNODUD Judw
-A[eue pajreIap oN sisA[eue AsAIng MIAIIG -Je31] IOWOoISN)) (1661) (31PN
syudwiwo) | poypau [eotdury | 1daduo) | sjueUTULIIA(] | dUIYRY

33



2. Cross-industrial knowledge transfer

T ponunjuod

soryderSowap Buryoims
-0100§ Arequnjoauy .
swafqoad [eory1g .
SI1010®j uonnadwo) .
[euonienIIg IDIAISS Pa[TE]
03 asuodsay .
"SMITAID) SI9JUNOOUD J0UITUAUODU]
-u1 9z§ jo sisA[euy JDIAIG Sumpuyg . (S661)| Aouaaray]
Ied
93 Jo ssaur[ues)) .
(dun 381y 3y 1
x1j) Aqirenb ared
S1010®j -1 PIAIDIF] «
‘[eAo] Ae3s [euonjeniig | 19€3U0D dn MOJ[O] -
01 A[1] A[yS1y a1e ‘sIaInjoejnuews <& Ied ueo|
SI9WO3ISND Paysiies | WOIj sINSAI SIoMOJ SI9JUNOdUS | SUIARS] pue WOy (S661)
A131dwod AjuQ ‘@[ Jo sisheuy MIARS | jesieddn Suppid . I9SSeg pue sauof|
sjudwiwo) | poyou [eordury | 1d»uo) | sjueUTUIIA(] | ERNENEIEN|
panunuod

<+
(aa)



2.4. Conceptual framework

*** PaNUIIU0D
$1010¥j Airenb 1on
-Jueroduur A[fenba [euonienyIg -poid paAradIa{ .
SE payIIudpI dIom ‘sdoys SSOULITEJ DLIJ «
9oud pue ad1AIS 1redar St ur s1owoy SI9JUNODUD Ayrenb (To07)
9onpoud paredIag | -snd S6¥ jo sisAfeuy IDIAIDS | IDIAIDS PIAIRIIF] OeI) pue Iog
*SISTA 9AT3ISOd ‘SI9[eSp papuelq
s[dnnuw ueyy uon uelpeue)) snol
-DBJSIIES [[BI2A0 ] -IeA WOJJ SIOUMO Ayrenb
uo duaNjur Y3y IeD WIOIJ PIAID 1redar paAradId{ .
yonu e 9AeY 03 pay -31 saareuuonsanb (s1redax payrey)
-IJUIPI SeM JUSP | 00S‘Y Jo [9pouwr UoIs SI9JUNOJUS | SJUSIPIOUI [BONILID (966T1)| Axysmoosapp
-IoUl [E2TILID AU -sa18a1 o13s1807] MIARS | jo Surpuey jjeis . pue DIV
sjuswwio) | poyrew [eoudury | 1daduo) | SIUBUTULINI(] | ERNENCIEN|

peonunuos

35



2. Cross-industrial knowledge transfer

T ponunjuod

Jusunyurodde
ue 3ur3a8 jo asey .
awrn uo qof
a1 op 03 Apiqy .
8 qof
ay1 op 01 Aiqy .
‘uornoey sorydeiSowap £11393
-SIJes U0 DUINJJUT -0120§ -ur pue A3sauoy .
JuedyIudis e Moys “I9[eap dUO aImny ur
juawded fyuerrem WO SISUMO Ied S1010®j I3[e3P JO dIOY)) .
jey) punoj pueejep | oS woy asuodsax [euonienIIg douaradxd
I9[e3p JO duaNjj Asans uo sisA[eue [[eISA0 PIAIaDID]
-u1 9] paAIasqo yied e Aq pamoj SI9JUNOdUd ERJIEIRETCI AP [N
os[esioymeayy, | -[o] sisA[eue 103oe] MDIAIDG Iawoisnd Joady . | (1007)|'[e 19 [ereasq
sjudwiwo) | poyou [eordury | 1d»uo) | sjueUTUIIA(] | ERNENEIEN|
panunuod

O
(4a!



2.4. Conceptual framework

T peonunuoo

“K17enb Jo suon
-doo1ad aseyoand
-a1d Aq paurturia)
-9p ose st Ayijenb

"SI9UMO
SNX9 WOIJ PIAID

UOIJRZIUIOISN)) .
DU

-1adxs Aypiqeray .
EplIc]
-11adxo Ajifenb

paa1a21ad uo uon -1 sarreuuonsanb SI9JUNOdU3 | paAradIad jo uon
-epadxe PwoISN) | 6Lg jo siskfeue yieq IIIAIRG -en[eAd [[RIDAQ) - (S007)|"[e 32 NA
sjuswwio) | poyrew [eoudury | 1daduo) | SIUBUTULINI(] | ERNENCIEN|

peonunuos

37



2. Cross-industrial knowledge transfer

t ponunuod

due

-readde A1joeg
uonip

-uod jusawdmbyg
o[qeI]ad

8uraq jo Ifeuy
doueread

-de saakordwug
uonip

-uod juawdmby
sue[qold aajos
01 SSAUBUI[IAA
sastwoad pue

a[npayds 01 dasy .
S[[D[S PRAIDID] «
ssau
"SI9UMO Ted SI010®J | -IYJIOMISNI) JJels .
'sagere | oo¥ woly AsaIns jo [euoneniig DIAIDS
1redax juspuadaput uo1ssaIdal d1Is130] Asuouws jo anfep .
pue papuelq Usam) pIemioj pue sisk SI9IUNODUD sawmn
-9q uoneNUARYIJ -[eue AdAIns aIng IDIAIDS ISIy WS A XL . (Loo7))|'[e 30 ouag
sjuswiwo) | - poydu [eorrdurg 1d»uo) | sjueUTUIIA(] | SDUSIRJY
panunuod

Q
0N



2.4. Conceptual framework

*** PaNUIIU0D
9DIAISS
Asuouwr 10j anjep
Arroey
‘pazAeue Jo aouereaddy .
jou Inq parmded swn aredas Jnoqe
sorydeiSowsporn UoneULIOU] .
-0S "UOT)D¥JSIJeSs JO UOTIRWITIS? L] «
SjuapadA UL JUe) sjuau
-1odWwI 3sow UOIO® -axmbar aredas
-I9)Ul J9WO0ISND S1010') jo uoneuerdxy .
-99kordurs 1 ‘[Ppowt uonrzenba [euonienyig 10eJU0D
-Tenb 1onpoad [eINIoNIIS ‘SISUMO ISIY [[I3ouWl], .
paa1a213d ‘ssau Ied pakaains S61 SI9JUNOodU3 Jeis
-11eJ 9011d PaAIadIag wolj sasuodsay MIAIDG JO SSQUI[PUSLL] « (Loo7)|"[e 39 ya1 L
sjuswwio) | poyrew [eoudury | 1daduo) | SIUBUTULINI(] | ERNENCIEN|

peonunuos

39



2. Cross-industrial knowledge transfer

DUIP
-1sa1 Jo Anquno) .

soryder3ourap
-010g .
sorydeiSowap Jeis
*(uredg -0120g Jo a8pajmou] .
"S3LIUNOD 331} | ‘A[eI] ‘@dURIL]) SILN Jeis
91 Ul IaJIp SINSaI -Unod I3 Ul S1010¥] Jo ssaur[pusLy] .«
‘Taramo} ‘Aaeho] SISWIOISND DTA [euonienIIg awIm Is1y
UO DUINJUI IO | -I9S PUE SISUMO I€D ySuqolayroq .
-Ip Oou Ssey UOoIdejJ 00571 woly AsAIns SI9JUNOdUd JSIArEa] (<107)|[>unoy
-S11es Sa[es-1o)y Jo sisAeue yaeg IDIAIDS -ur pue A3sauoy . pue SsPaunH
sjuswiwo) | - poydu [eorrdurg 1d»uo) | sjueUTUIIA(] | SDUSIRJY
panunuod

40



2.4. Conceptual framework

2.4.3 Literature review of the customer satisfaction
determinants in the health care sector

The following literature review aims to identify the most important de-
terminants of perceived customer satisfaction in the health care sector.
Therefore, literate is reviewed according to the three main concepts: Ser-
vice encounter, situational factors and sociodemographics. After a brief
examination, the full overview of the relevant determinants is given in

Table

Service encounter

In health care, determinants from service encounters such as the com-
munication or information transfer between patients and clinical staff
show the highest relevance because they are mentioned most frequently.
The health care literature recommends starting with administrative in-
formation, and providing information about forthcoming steps Bjorvell
and Stieg (1991); [Sun et al.| (2001) or expected waiting time |Sun et al.
(2001). Satisfaction with information delivery in general is often in-
cluded in empirical surveys in the health care sector |Blanchard et al.
(1990);|LaVonne and Zun| (2010)); [Sun et al.| (2000)); [Walker et al.| (2003);
Yarnold et al.| (1998)).

Providing an explanation of diagnostic results shows transparency
about the patients’ current situation and was identified in the literature
several times as predictor of satisfaction [Jackson et al.| (2001); |[LaVonne
and Zun (2010);|Sun et al.| (2000)).

The fundamental role of patient interaction was examined by |An-
daleeb (2001); Brody et al.| (1989);|Crawford et al.| (2002);/Saad Andaleeb
(1998), who considered how to involve patients in the process to improve
their perceived outcome. Brody et al.| (1989) demonstrated that patients
need to play an active role to increase their service satisfaction.

Bendall-Lyon and Powers| (2004) described the importance of ad-
dressing and capturing service characteristics as perceived by patients.
Beside communication, other issues are captured by the literature, with
perceived quality determinants leading the way|Boudreaux et al.| (2000);
Jha et al.| (2008)); Rhee and Bird| (1996).

Situational factors

Situational factors are significantly relevant for the health care sector.
Time-related determinants (such as waiting) are the most important
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predictor of perceived consumer satisfaction among the situational fac-
tors. Theyare highly prominent in the health care literature. The highest
satisfaction is achieved if the waiting time is shorter than the consumer
expectsBoudreaux etal.|(2000); Sitziaand Wood|(1997); Thompson et al.
(1996). Waiting is a significant critical event, especially in urgent situa-
tionsMack et al.|(1995)). It means a reduction in perceived quality|Pitrou
et al.| (2009); Sun et al| (2001). Thompson et al.| (1996) examined the
different effects of perceived (subjective and measured by survey) and
actual (objectively measured) waiting time, and found that perceived
waiting time was more important. This differentiation is also valid for
the length of stay as another important situational factor Boudreaux et
al.| (2000); Hall and Press| (1996]).

Whether a visit was forced or voluntary was found to be highly signif-
icant, especially for health care Dabholkar and Thorpe| (1994).

Sociodemographics

In most of the health care studies, sociodemographic information was
captured by patient-satisfaction questionnaires Blanchard et al.| (1990);
Sun et al.| (2000); Walker et al.| (2003). Patient data such as age, sex,
domicile, marital status, race, education level and level of income are
influencing factors|Venn and Fone| (2005). Clear dependencies and cor-
relations between these determinants and patient satisfaction were ob-
served [Blanchard et al.| (1990)); |Sun et al.| (2000)); Walker et al.| (2003]).
Especially in critical events, language barriers may result in service fail-
ures due to failed communication, especially in health care|Carrasquillo
et al.[(1999). Thus, it is essential to capture sociodemographics when
determining perceived consumer satisfaction in the health care sector.

The most significant determinants for perceived customersatisfaction
in the health care sector are summarized in the following Table
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2.4.4 Conclusions from the conceptual framework

To generate a holistic overview about the concepts explained above, a
full literature review was carried out. Tables 2.4land [2.2] summarize the
most prominent determinants for the determination of perceived con-
sumer satisfaction in the automotive industry and the health care sector,
according to the three concepts. To validate the determinants identified
from the literature, the empirical methods, together with potential limi-
tations, are listed. 20 studies from health care and 11 from the automotive
industry were reviewed.

The key principle of this literature review was a systematic identifica-
tion and consideration of the relevant studies and articles dealing with
perceived satisfaction. The search strategy was based on established
procedures Dickersin et al.| (1994)); Robinson and Dickersin|(2002) using
Ovid and PubMed. EBSCOhost was used for the literature review on the
automotive industry. The search strategy was based on a three-phase
procedure. In the first search phase, satisfaction determination based
on consumer perceptions was used as a key identifier to find articles that
provide a general overview. This literature was reviewed for the specific
perceptions determining consumers’ satisfaction. Those specific per-
ceptions were based on the concepts service encounter, situational fac-
tors and sociodemographics. These were used as further identifiers for
phase two. In the third phase, specific literature was identified to prove
the specific hypothesis and gain in-depth understanding about specific
issues. To improve the quality, highly ranked and frequently cited liter-
ature were preferred where possible.

Most of the examined determinants of perceived customer satisfac-
tion are related to the service encounter concept in both sectors. In the
automotive business especially, service encounters are strongly related
to perceived quality and satisfaction because of the high levels of tech-
nical requirements, in terms of services and repairs|Yu et al.| (2005). The
second most frequently examined concept was situational factors fol-
lowed by sociodemographics. To examine the most significant determi-
nants for the automotive sector, an empirical analysis on an existing sur-
vey from the German premium car manufacturer BMW was performed.
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2.5 Improved satisfaction determination:
Empirical test of literature comparison

Service industries have a significant impact on the economic situation
in the United States. Around 60% of the annual gross domestic prod-
uct (GDP) is from service industries and nearly 70% of jobs/An and Noh
(2009); McKee (2008). This section uses a survey from the automotive
industry as a representative example for service industries to identify
the need for action in determining perceived customer satisfaction. The
most important determinants for the automotive industry are identi-
fied for each concept, employing a multiple linear regression, along with
managerial implications.

First, the existing survey from the automotive manufacturer BMW is
presented in detail. The raised questions are mapped to the examined
three concepts from the literature review. Second, the sample selection
for the conducted analysis is provided. Third, the analysis that is per-
formed to measure the impact of the individual determinants is illus-
trated in detail.

2.5.1 Procedure and sample

An existing survey of BMW was used, an internationally operating pre-
mium automotive manufacturer. It determines customer satisfaction
based on service visits in the United States. The questions were catego-
rized into the three concepts identified from the literature review (ser-
vice encounter, situational factors, and sociodemographics). A fourth
concept defined as automotive-specific determinants captures the tech-
nical components of the survey. Survey data from 3,219 car users in the
United States was used who responded to a questionnaire between Jan-
uary and March 2011. For each question, either Likert-type scales from
1to 10 (1= very low performance to 10 = very high performance) orabinary
coding (yes or no) was employed. In total, 16 questions were asked that
covered several categories of established processes a customer might no-
tice during a service visit. The concepts, associated determinants, and
scales are listed in Table A variance inflation factor (VIF) value was
calculated that provides an index to prevent multicollinearity in linear
regressions.
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Table 2.3.: Concepts, labels and scales from the BMW survey.

Concept | Label |  Scale
SATISFACTION_SERVICE_ADVISOR* Likert
SATISFACTION_VALUING_SERVICE* Likert

Service encounter RECOMMENDATION_PROB Binary
SATISFACTION_QUALITY_OF_WORK Likert
SATISFACTION_SERVICE_COMFORT Likert

INFO_DELAY** Binary
LENGTH_OF_STAY Individual
SATISFACTION_CLEANLINESS Likert

Situational factor READINESS_CAR_ON_TIME Binary

uationat factors SATISFACTION_TIME_CASHIER Likert
SATISFACTION_APPOINTMENT Likert
SATISFACTION_ALTERNATE_TRANSPORTATION Likert

Sociodemographics | DOMICILE** | Individual
Automotive specific ALTERNATE_TRANSPORTATION_NEEDED Binary
P REPAIRS_FIXED Binary

* VIF-value over 4.0; **excluded from analysis

2.5.2 Sample selection

The distribution of customers’ domicile was very imbalanced in the sur-
vey responses. The influence of the sociodemographic factor domicile
therefore could not be analyzed immediately. A stratified sample selec-
tion was conducted that normalized the results so that every domicile
in the survey appeared relatively similar. The optimal sample size with a
power of 0.99 was calculated to be N = 379 [Faul et al.|(2007). The calcu-
lation of the power was based on the results of an F-test, with an effect
size of f* = 0.1, a significance level of « = 0.05, and § = 0.95.

2.5.3 Analysis

Multiple linear regression models were calculated for the sample set to
determine the relationship between the overall satisfaction and the var-
ious concepts and corresponding determinants shown in Table To
prevent multicollinearity, a variance inflation factor (VIF) value was cal-
culated within the multiple linear regression. Determinants were only
considered where the VIF value was below 4.0. The assumption of the
normality of the error distribution in multiple linear regression (regard-
ing the proper calculation of test statistics) is supported by the central

54



2.6. Results of the survey analysis

limit theorem. This says that if many samples are randomly taken from
a large observations, the arithmetic average of the observed values is
normally distributed, independent of the original distribution. Even for
small sets of samples, multiple linear regression is very robust|Osborne
and Waters|(2002)). Only one determinant within the service encounter
concept captured the information transfer: Information about a delayed
service. Because delaying the service of a car is a very infrequent event,
the responses show a high number of missing values, making it neces-
sary to exclude this determinant from the multiple linear regression and
analyze its impact separately in an independent sample t-test. Finally,
11 determinants were used for the regression analysis. In the multiple
linear regression, each concept was analyzed separately to identify its
impact. The analysis was conducted with SPSS Statistics version 20.0.

Table 2.4.: Results of the multiple regression analysis of the concepts and cor-
responding determinants.

Concept ‘ Variable Model 1* Model 2° Model 3¢
Constant ns -23.029*** | -21.486***
SATISFACTION_APPOINTMENT 0.285%** 0.091* 0.090*
SATISFACTION_TIME_CASHIER 0.307*** ns ns

Situational factors READINESS_CAR_ON_TIME 0.164* 0.122%** 0.120%**
SATISFACTION_CLEANLINESS 0.216** ns ns
LENGTH_OF_STAY ns ns ns
SATISFACTION_ALTERNATE_TRANSPORT ns ns ns
RECOMMENDATION_PROB 0.328*** 0.346***

Service encounter SATISFACTION_SERVICE_COMFORT 0.184*** 0.179***
SATISFACTION_QUALITY_OF_WORK 0.398*** 0.416%**

Automotive specific |\ e e NATE TRANSPORTATION NEEDED ns

FEE

REPAIRS_FIXED ‘ ‘ ‘ ns

R* final = .883; p < 0.001; *** p < 0.001; ** p< 0.01; * p < 0.05
a: F(6,17) = 20.269; AF = 20.269 ***; R* = 0.510; b: F(9,14) = 94.491; AF = 119.626***; R* = 0.882;
c: F(10,113) = 85.579; AF = ns; R* = 0.883; ns: not significant

2.6 Results of the survey analysis

Table [2.4/shows the results of the multiple linear regressions, including
the beta estimates. The F-change (AF) expresses the effect of the signif-
icance increase that results from the parameters added to the model. It
shows the impact of an added concept on the overall satisfaction. The
R-square describes the amount of total variance that is explained by the
general model. Table 2.5 shows the results of the independent t-test to
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identify the impact of the communication within the service encounters
concept.

Table 2.5.: Results of the independent sample t-test of the delay communication.

Group | Delay communicated =yes | Delay communicated =no | t-test
Variable | Mean SD | Mean SD \ t p
Satisfaction | 80.5 25.15 | 48.61 28.00 | 10387°  0.000

a: Unequal variances; t-test corrected

2.6.1 Impact of concepts on the overall satisfaction

The first model of the multiple linear regression covers the determi-
nants that are considered to be situational factors (model 1). The six
corresponding questions of the survey showed an increase of signifi-
cance of AF = 20.269 and a total amount of explained variance of R* =
0.510. Adding service encounter (model 2), the performance of the over-
all model increased significantly by AF = 94.491 and resulted in a R*> =
0.882. In model 3, the automotive-specific determinants were added,
which showed a non-significant change of the overall model. All three
models resulted in the best performance of R* = 0.883.

The highest variance of the dependent variable overall satisfaction was
explained by model 2, the service encounter. The situational factors con-
solidated in model 1 were also significantly relevant for the overall satis-
faction. The automotive-specific determinants in model 3 were not sig-
nificant in explaining overall satisfaction. The only sociodemographic
determinant used by BMW was the state of domicile of the customer.
This parameter was used for the stratified sampling to secure an equally
distributed sample, and it was therefore not possible to analyze it in its
own right. To get a deeper understanding of the most important deter-
minants, the models were observed in detail.

2.6.2 Impact of the determinants on overall
satisfaction

To identify the most significant and thus important determinants for
overall satisfaction, the complete linear regression model were analyzed,
including all three concepts (situational factors, service encounter, and
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automotive-specific determinants), as shown in Table The findings
and key indicators for perceived overall satisfaction at BMW are covered
below.

Model 1: Situational factors

The most important determinant of overall satisfaction among situa-
tional factors is the satisfaction with the time needed at the cashier
(8 = 0.307). The second most important issue is satisfaction with the
ease of getting an appointment (3 = 0.285). Both determinants are time-
related. They are followed by satisfaction with the cleanliness of the car
after the service visit (8 = 0.216) and the readiness of the car on time as
promised by the dealer (3 = 0.164). The length of stay of the car at the
dealerand satisfaction with alternative transportation showed no signif-
icant results.

Model 2: Situational factors and service encounters

The second model included all determinants that correspond to the con-
cepts of situational factors or service encounters. The satisfaction with
the time needed at the cashier was no longer significant, and neither
was satisfaction with the cleanliness of the car. The significance and
importance of satisfaction with the ease of getting an appointment de-
creased to 5 = 0.091. The importance of the readiness of the car on time
as promised by the dealer decreased as well, but was still the most signifi-
cant determinant among the situational factors in this model (3 = 0.122).
The length of stay of the car at the dealer and the satisfaction with the
alternate transportation still showed no significant results.

However, the additional concept of service encounters increased the
significance of the overall model. The quality of work performed was
the most important determinant in this model (3 = 0.398), followed by
the willingness of the customer to recommend the dealer (3 = 0.328).
The third most important determinant was also part of the service en-
counters, the satisfaction with the service comfort that is provided by
the dealer (5 = 0.184).

Model 3: Situational factors, service encounters and automotive-
specific determinants

The third model combined all the identified concepts in the question-
naire to explain the overall satisfaction. It had the highest value of
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R* = 0.883, as already identified and shown in Table2.3] The satisfaction
with perceived service quality of work performed still showed the high-
est impact (8 = 0.416), followed by the willingness of the customer to
recommend the dealer (8 = 0.346), and satisfaction with the service and
comfort (8 = 0.179). All three correspond to the service encounter con-
cept. From the situational factors, like model 2, the readiness of the car
on time as promised by the dealer (3 = 0.120) and the satisfaction with
the ease of getting an appointment (3 = 0.090) were most significant.
The automotive-specific determinants, about whether alternate trans-
portation was needed and if the repairs were fixed the first time showed
no significant impact on the overall satisfaction in the linear regression
model.

2.6.3 Impact of the communication of a delay on
overall satisfaction

The only determinant within the service encounters concept that cov-
ered the communication between customers and staff was information
about the delay of a service. As described earlier, it was necessary to
analyze the impact of this determinant separately because it was an op-
tional question, answered only if the car was not ready when promised.
The information transfer showed significant influence on overall satis-
faction, shown in Table[2.5] The results revealed a significant difference
between customers who were told about the delay of the service before
they went back to pick up their car (average satisfaction of 80.15) and
customers who were not told about the delay beforehand (average sat-
isfaction of 48.61). The impact of a delay and the timing of the com-
munication therefore seem to be important determinants in controlling
critical events.

2.7 Implications for the automotive industry
based on the findings from BMW

In the literature review, the hypothesis that the determinants to cap-
ture perceived consumer satisfaction in health care are closely related
to those in the automotive industry was tested and confirmed. They
can be split into the same three concepts: Service encounter, situational
factors, and sociodemographics. However, analysis of the BMW survey
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shows potential for improvements to capture satisfaction. In the follow-
ing section, it will be examine how to make the necessary changes, and
present the established benefits for this premium German car manufac-
turer based on the empirical and literature findings. The positive impact
of an increase of consumer satisfaction on loyalty has already been iden-
tified for BMW Walter et al.| (2013)).

2.7.1 Options for improvement for the service
encounter concept

Managers working in the after-sales segment of the premium car manu-
facturer BMW should focus intensively on the communication between
service advisors and the customer, because these determinants were
identified as the most important for customer satisfaction. The em-
pirical analyses support the findings from the literature review, that ser-
vice encounter is the most important concept to determine perceived
consumer satisfaction because it shows the highest share of variance ex-
plained. At BMW, information about administrative issues and explana-
tions of the results from the service is not currently covered by the survey.
Especially in health care, these determinants are identified as significant
predictors of perceived satisfaction. Therefore, BMW should capture
this information to understand the most significant service process-
related determinants. Willingness to recommend the dealer and satis-
faction with service comfort were the second and third most significant
items within this concept after the quality of work performed. Informed
customers show much higher satisfaction levels. The significant impact
of service failure and the effect of active communication are shown in
Table

Additionally, time-related service encounters are identified as highly
relevant to prevent a decrease in satisfaction, for example, from having
to wait. BMW already captures the communication of the delay and is
therefore able to analyze the impact of this service failure. However,
there is still room for improvement. The current time-related question
is only asked if there is a delay. To understand how best to commu-
nicate any delays or additional waiting time, BMW should ask for cus-
tomers’ preferred communication channel. A personalized communi-
cation strategy could then be implemented, which is better for effective
customer relationship management. The consequences of service fail-
ures in this case for BMW, and the importance of capturing these, was
shown by the case of delayed spare parts delivery that increased waiting
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times Maier and Weiss| (2013). BMW could also benefit from asking a
question about satisfaction with explanations of the invoice.

Perceived value for money plays an important role in the automotive
sector. Particularly if customers are paying for their own service or re-
pair, BMW should focus on a detailed explanation of the charges. This
item is currently captured in satisfaction with the value provided by the
service, which provides important information about how well the com-
pany meets consumer expectations of value for money. Based on the
empirical analysis, the quality of work performed is the most impor-
tant element of this concept, which matches the literature findings and
the assumption that service quality is an antecedent of consumer satis-
faction. BMW captures this information by asking about the quality of
work performed, providing an insight into performance. They are also
able to compare these findings with data received from other cars and
dealers |IBM]| (2013); [Meinzer et al.| (2012b)). Consequently, BMW should
continue and try to extend these capabilities.

2.7.2 Implications for an improved measurement of
situational factors

Situational factors have the second highest impact on the overall sat-
isfaction in the empirical analysis. The most important determinants
identified for situational factors are time-related, with waiting time be-
ing the most prominent. The health care sector showed that waiting
time is a critical factor in consumer treatment and needs to be seen as
a service failure whenever it exceeds the customer’s expectation. BMW
captures this determinant in detail via questions about the readiness of
the car when promised, the time with the cashier and satisfaction with
how long it takes to get an appointment. The readiness of the car on time
was the most important determinant to measure the overall satisfaction
in the empirical model. However, there is still room for improvement.
From health care, it was shown that the waiting time until first contact
is also significant. It is therefore recommend asking about the waiting
time after arrival as well, to cover the whole service process. In line with
Thompson et al.|(1996), it is also suggested that BMW should differenti-
ate between perceived and actual waiting time. The perceived length of
stay is already captured in the survey, but did not show a significant im-
pact in the linear regression model. An improvement could be achieved
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by differentiating between actual and perceived length of stay. This mi-
nor change would cover all the most important time-related items.

The perception of the appearance of service advisors and the service
institution itself was considered important in the literature review, but
did not show a significant impact on customer satisfaction. The BMW
survey includes satisfaction with the cleanliness of the car. It is also
suggested asking about the appearance of the service advisor and the
dealership in general to understand whether this impact is important to
perceived consumer satisfaction.

2.7.3 Better customer understanding through the
concept of sociodemographics at BMW

The only sociodemographic determinant currently included is the state
of residence of the customer, and it was used as the basis for stratified
sampling. Therefore, separately evaluating its impact was not possible.
To customize consumer treatment, a more precise knowledge of their
sociodemographics is needed. BMW may therefore need to find a way
to include more determinants from this concept. [Bloemer and Lem-
mink| (1992)) identified the dealer’s knowledge about the consumer’s car
use, whether private or business, as a significant determinant. Currently,
BMW can only get such information from their own business fleets or
potential public sources. It is recommended that this determinant be
specifically included in the survey.

BMW should also capture the age and sex of their service consumers,
which have been examined as significant determinants in the litera-
ture review. Such information would help BMW to steer their indi-
vidualized customer treatment centrally and not only via the dealer-
ships, which are currently the institutions that know the customers best.
BMW should also find a way to measure customers’ preferred commu-
nication channels to improve the customer relationship management.
Cooil et al.| (2007) and [Keaveney and Parthasarathy| (2001) observed that
better-educated customers ask for additional information to support
their decision-making. Therefore, it is recommended that this sociode-
mographic determinant is captured.

BMW should try to analyze more sociodemographic determinants,
provided that their customers and dealers agreed to provide this in-
formation. The significance of sociodemographic factors in optimizing
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customer care is supported by the literature unequivocally, and is espe-
cially important for the after-sales processes in the automotive industry.
Sociodemographics is certainly a critical concept to analyze from a data-
privacy perspective and it is therefore important to be aware of national
policies.

2.7.4 Extending the capability to match automotive-
specific determinants with internal BMW
technical data

The BMW survey captures two automotive-specific determinants. Cus-
tomers are asked whether they need alternate transport and if the repair
was done right the first time. The automotive-specific determinants did
not show a significant impact in the empirical analysis. However, the
literature review proved that knowledge about previous repeat repairs
was essential because these are seen as critical events. Consumers were
especially dissatisfied when their cars had a high rate of repeat repairs,
defined as repairs caused by a similar technical problem or a perceived
identical cause Biehal| (1983); Kohl et al.| (2011); Meinzer et al.| (2010). The
gap between perceived service failures such as repeat repairs and the
technical image that BMW wishes to convey is particularly important
Meinzer et al.| (2012b). BMW is already able to capture a huge amount of
technical data, including warranty or diagnostic information|[BM|(2013)),
which enable the measurement of repeat repairs in the technical data.
However, the repeat repair rate from a customer’s perspective is signif-
icantly higher than the measures based on warranty or diagnostic data
Meinzer et al.| (2012b). Matching this automotive-specific determinant
from the survey with the technical data transferred from the carsand the
dealers, BMW is able to interpret technical measures from a customer’s
perspective Meinzer et al.| (2012a). BMW should extend these capabil-
ities to those processes that are measured by internal key performance
indicators with high customer focus. This would reduce the gap between
technical, objective measures and subjective customer-perceived feed-
back. An in-depth analysis about technical indicators for dissatisfaction
could also be achieved.
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2.8 Limitations and future research

In this chapter, an overview of the determinants that best measure the
perceived consumer satisfaction in health care and the automotive in-
dustry has been provided. The results were derived from the literature
review of both industries and an analysis of a survey conducted by the
premium car manufacturer BMW and they confirm that findings from
the health care sector can be adapted to the automotive industry. The
practical implications were drawn out, particularly the possible adapta-
tions and improvements based on the health care findings. However,
some important general limitations should be considered when inter-
preting the findings.

First, BMW was chosen as a representative example of the automotive
industry. The survey was an established questionnaire used to deter-
mine satisfaction. It represents the way to capture customer satisfaction
today and thereby represents the practical state of the art. These kind of
surveys are used to determine competitive benchmarks|J.D.Powers|(2013,
2014). The strategic importance of these surveys, the related results and
the fact that these are public caused the use asa benchmark to determine
satisfaction within the automotive industry. However, beside these pub-
lic studies, internal questionnaires are used that differ throughout the
automotive industry. Therefore, further research should include surveys
from other companies to broaden the understanding of the findings and
to verify their generalizability. These internal studies will differ with the
companies. Based on the findings from this work, the general concepts
are very likely to remain identical. As a consequence, further company
specific determinants could be identified to enhance the customer un-
derstanding. Discrepancies of customer perceptions are expected if the
value of the company and its products will differ significantly.

Second, the survey was carried out in the United States due to the
availability of the results and underlying questionnaires. The literature
review of this chapter has been conducted independent of the coun-
tries. Thus, the core concepts of perceived customer satisfaction will
not vary with the country. However, there may be significant cultural
differences of the individual determinants in other countries than the
United States. Effects such as income, cultural preferences or product
availabilities will differ. Therefore, further research is needed to analyze
survey results from other countries to identify country specific deter-
minants that are of significant importance for the automotive industry.
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Furthermore, country specific regulations, such as emission laws for in-
stance, should be considered. Independent of the particular company
within the service industries, external factors are available public (such
as OECD data|OECD| (2016) or data from the World Bank group |World-
bank| (2016), etc.) that can be analyzed for their influence on perceived
customer satisfaction.

Third, the applicability of the knowledge transfer to the automotive
industry was examined. Further research should also consider other
industries to investigate the generalizability of the findings. The con-
ducted literature review identified the three main concepts of perceived
customer satisfaction: Service encounter, situational factors and so-
ciodemographics. The identification of similarities within other service
industries, such as the telecommunication sector, can be performed by
analyzing these concepts in the individual business. Thereby, knowl-
edge transfer may be applied for other service industries once these
three main concepts are present for satisfaction determination. Fur-
thermore, knowledge transfer can also be applied for the health care
sector by transferring insights from other businesses. The retail as well
as the telecommunication sector were identified to be representatives of
applied data driven business models. For example, subjective customer
information, received from call centers, were combined with objective
data. Thereby, customer specific price models could be derived. The
possibility to transfer these kind of data driven business models in a
generic way and cross-industrial need to be further researched.

Fourth, the cross-industrial knowledge transfer has been examined
and validated based on the literature review from the health care sector
and the automotive industry. To validate the findings from literature,
an existing survey from the automotive industry has been analyzed to
identify the most important determinants of perceived customer sat-
isfaction. In order to finally proof the success of the cross-industrial
knowledge transfer from health care to the automotive industry empir-
ically, a comparable survey would need to be conducted for the health
care sector. Future research should conduct such a study with the goal
to confirm the most important determinants of perceived patient sat-
isfaction extracted from the literature. Comparing both survey results,
the existing automotive study that has been used in this work and the
outlined future survey from the health care sector, similarities of the
main determinants can be proven. Thereby, the empirical validity of the
cross-industrial knowledge transfer could be expressed for example by
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correlation coefficients of comparable determinants and the overall sat-
isfaction.

2.9 Conclusion

The results of this chapter demonstrate that insights about determina-
tion of patient satisfaction in health care can be transferred to the au-
tomotive industry. Three concepts were derived from the health care
literature and analyzed for their applicability to the automotive indus-
try. These were service encounter, situational factors, and sociodemo-
graphics. This cross-industrial knowledge transfer is possible because
there are universally applicable determinants, which can be transferred
from health care to theautomotive sector. By transferring those determi-
nants, it is possible to generate a description of status quo, detect poten-
tials for change, and allow predictions of perceived satisfaction. This al-
lows knowledge of the health care sector to be used by managers in com-
panies in other industrial sectors. The automotive industry can enhance
their determination of perceived consumer satisfaction by improving
their established questionnaires. By adapting the presented approach,
the missing determinants can be identified immediately. Therefore, all
after-sales service processes can be monitored from the customers’ per-
spective and be improved sustainably.
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3 Can machine learning techniques

predict customer dissatisfaction?
A feasibility study for the automotive
industry

3.1 Overview and structure of the chapter

The following chapter uses the insights derived from the previous chap-
ter 2| The precisely determined perceived customer satisfaction indi-
cators examined in chapter [2are used as features to develop a model
to classify dissatisfied customers within the ongoing service interaction.
This chapter contributes to existing research as a methodology is de-
veloped to consolidate subjective customer perceptions with objective
data.

A feasibility study for the automotive industry is performed. Features
from service processes at the dealers and from the car itself have been
extracted. Using results of an existing customer satisfaction survey, five
different classification models were evaluated for their performance us-
ing various data preparation approaches. Thereby, the two main busi-
ness questions could be answered: First, can dissatisfied customers
be classified before the customer service interactions ends based
on data that is produced during a service visit? Second, can the in-
dicators for dissatisfaction be derived from service process data?

This chapter provides a solution the service industry to proactively re-
act on potential service failures. Thereby, the customer satisfaction can
be controlled and improved not only in terms of a better determination,
but even more by the identification of critical elements of the service
process. The chapter will provide a scenario to identify these elements
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even before the customer-service interaction ends and the perceived sat-
isfaction is generated. A sustainable increase of the overall satisfaction
rate as a competitive advantage can thereby realized.

The chapter is structured as follows: First, the vastamount of data that
is already available within the automotive industry is presented. A brief
literature overview is provided that shows the principle feasibility of con-
solidating subjective customer feedback with objective data based on
industrial examples. Furthermore, the lack of research within the auto-
motive industry is examined. Second, the data sources, available within
the automotive service process, are presented and the related features
are extracted. Furthermore, the consolidation logic and the labeling is
illustrated. The two different data preparation schemes and the three
modeling approaches for the classifier evaluation are also provided in
this methodological section. Third, the results of the experimental de-
sign are examined related to the data preparation schemes and the mod-
eling approaches. Fourth, the results are critically discussed and their
contribution on the automotive industry is shown. The chapter closes
with a summary and a brief outlook regarding future research.

This chapter will be submitted to the Journal Artificial Intelligence
Research Meinzer et al.| (2017). Minor changes have been done that the
submission properly fits to this work.

3.2 Introduction

Every hour, around 1 TB of data are produced by cars and dealers within
the automotive industry today, growing to 1 GB in the future created by
self-driving cars in every second |Mearian| (2013). Thus, the automotive
industry is looking intensively for methods to handle this vast amount
of data and analyze it to secure maximum customer benefit.

Increasing perceived customer satisfaction or, respectively, decreas-
ing dissatisfaction was identified as the number one management target
within the automotive industry|Brito et al.| (2007);(Hiinecke and Gunkel
(2012). Knowing about dissatisfied customers is vitally important to cre-
ate competitive leads, especially in the after-sales sector Gebauer et al.
(2008). For the US service industries, an estimated revenue of 6-8 bil-
lion USD is annually created by the automotive after-sales environment
Gaiardelli etal.[(2007). Consequently, the classification of customer dis-
satisfaction is of great value to enable proactive actions before the cus-
tomer actually gets dissatisfied. A satisfied customer will retain and thus
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is of great interest from a business perspective. This is underlined by lit-
erature that shows that the costs for new customer acquisition are at
least doubleXia and Jin|(2008) to 5-6 times higher than maintaining the
customer [Bhattacharyal (1998). [Reichheld and Sasser Jr.| (1990) indicate
that profits can be increased by almost 100% only by retaining 5% of the
customers.

Traditionally, customer satisfaction with a dealer visit is assessed by
customer surveys using questionnaires after the customer left the dealer
Brito et al.| (2007); [Meinzer et al.| (2010} |2016));|Mueller| (1991). The use of
questionnaires to measure dissatisfaction has several drawbacks. First,
the customer is already dissatisfied at this time as the customer-service
interaction is already completed. Second, not every customer can be
assessed as only a little sample of customers receives a survey. However,
for every visit, service and repair data are produced and can be used for
further analysis|Chougule et al.| (2013); Kohl et al.| (2011).

Therefore, the essential question for the automotive industries is: Can
dissatisfied customers be classified in real time based on data that
is produced during a service visit?

Beside this customer value, the optimization of processes based on
the knowledge of customer dissatisfaction would generate huge com-
pany benefits. Repair routines could be improved and potential service
failures could be eliminated. In order to realize this company value, a
second question arises: Can the indicators for dissatisfaction be de-
rived from service process data?

The following literature review aims to identify existing approaches
to increase customer satisfaction in the telecommunication, insurance,
health care and automotive sector. The use of machine learning tech-
niques was prevalent especially in the telecommunication business. The
prediction of customer churn, as a consequence of dissatisfaction, using
machine learning algorithms was thereby most prominent. Datta et al.
(2000) developed a prediction model for churning customers in mobile
phone services using a cascade neural network model. Customers that
will discontinue using the cellular phone services were predicted. To
predict the time of churn was the goal of|Gopal and Meher|(2008). They
compared ordinal regression models with survival analysis for tenure
prediction of mobile phone customers whereby the regression models
showed most significant results. |Hung et al| (2006)) aimed to develop
a propensity-to-churn score for mobile phone subscribers in Taiwan.
They compared various data mining techniques and identified decision
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trees as most promising to model churning customers. Predicting latent
churn customers was the scope of/Xia and Jin| (2008). The authors inves-
tigated different techniques to predict customer churn and concluded
that support vector machines (SVM) showed the highest accuracy.

In the health care sector,|Yarnold et al.|(1998) were among the first who
used machine learning techniques to predict overall patient dissatisfac-
tion. Nonlinear decision trees were used to classify patient satisfaction
based on survey response data of emergency departments. |Sun et al.
(2000) had the objective to identify process measures that significantly
influence patient satisfaction in emergency departments. Logistic re-
gression models were applied based on questionnaire data, patient char-
acteristics and process measures. Critical features of satisfaction, such
as explanation of diagnostic results, could be identified. Boudreauxetal.
(2000) investigated the main predictors of patient satisfaction in munic-
ipal emergency departments. Their results were based on telephone in-
terview data and sociodemographics of hospital patients that were ana-
lyzed with logistic regression. The findings revealed the main indicators
for overall patient satisfaction like patients perceptions of care and fur-
ther features. An extensive overview on the determination of perceived
patient satisfaction in the health care sector can be found inMeinzer et
al.|(2016).

Within the automotive industry, similarapproaches were used for cus-
tomer recommendations, targeted marketing leads and customer sat-
isfaction. Mavridou et al.| (2013) aimed to improve the car configura-
tor. They used association rules based on customer choices to create
an individualized recommendation system. |Chan et al.| (2011 focused
on the product development process within the automotive industry.
They mapped survey response data from customer studies to design at-
tributes according to customer preferences. [Lee and Park| (2005)) inves-
tigated the possibilities to create marketing leads from customer satis-
faction, sociodemographic and accounting data. They used the tech-
niques of self-organizing maps and decision trees for an individualized
customer segmentation. (Salini and Kenett| (2009) aimed to make cus-
tomer preferences more transparent. They applied Bayesian Networks
solely on survey response data. For instance individualized pricing or
region specific marketing concepts were derived. The work of|Chougule
et al.| (2013)), Bandaru et al.| (2011) and Bandaru et al.| (2015)) focused on
modeling customer satisfaction using vehicle failure data. They limited
their focus on quality and reliability related satisfaction and extracted
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features from warranty data/Chougule et al.| (2013). [Bandaru et al.| (2011)
and |Bandaru et al.| (2015) used extracted and calculated features from
service and sales data to model customer satisfaction.

Models that focus on the automotive industry are scarce, as pointed
out by|Chougule et al.|(2013)) and Meinzer et al.| (2016). Machine learning
techniques were not applied in order to classify overall dissatisfied cus-
tomers or to identify the most critical indicators based on continuously
created, objective data. Due to the limitations of determining subjective
customer satisfaction using questionnaires and the overall customer sat-
isfaction as a fundamental management target in the automotive indus-
try, there is an unmet need for a system to classify dissatisfied customers
from objective, technical data Meinzer et al.| (2016). Such an approach
has not been presented so far as the literature review expressed.

Customer satisfaction is one of the most important managerial goals
in the automotive industry and helps to increase competitive advan-
tages. To address this high revenue potential, dissatisfied customers
need to be predicted and the indicators for dissatisfaction need to be
identified. The large amount of data that is produced every day by deal-
ers, customers and cars can be used to achieve this goal Brito et al.|(2007);
Hunecke and Gunkel| (2012). This chapter investigates several machine
learning approaches for their performance in predicting dissatisfied cus-
tomers and identifying general indicators for customer dissatisfaction
based on technical data. The presented concept can be transferred to
other service industries, such as the health care sector where the cus-
tomer satisfaction is an important management target and sensor data
are continuously produced.

3.3 Materials and methods

This section describes the materials and methods to classify customer
dissatisfaction and to identify indicators for customer dissatisfaction.
First, the necessary data sources are described. Second, the consolida-
tion of the data is presented. Third, the feature extraction is illustrated.
Fourth, the data balancing procedure is shown. Finally, the experimen-
tal design to prepare and model the data is explained. The complete data
analysis process is shown as an overview in fig. 3.1and will be described
in more detail.
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3.3.1 Data sources

Since unique identifiers to aggregate all information for each car are not
present, an automated way to consolidate and validate the data on an
incident level was developed. Generally, warranty data, diagnostic data,
dealer system data and general vehicle data have been consolidated.

A detailed description of the transfer of information to the automotive
manufacturer’s can be found in[Kohl et al.| (2011);|[Prenninger (2013). The
data sources, used for labeling and feature extraction are illustrated in

fig.
Warranty data

Warranty claims identify all repairs that are performed and paid by the
automotive company within the warranty period or as goodwill. Deal-
ers have to claim for all work they do by using different codes. Those
codes consider all parts that are replaced, mechanical work and the time
needed for the several repair steps. All this information and the amount
of money the dealer requests is transferred via the claims. An overview

of the features are listed in Table @

Diagnostic data

The data transfer of diagnostic protocols is automatically triggered on
each repair visit caused by an electronic related defect. The system cap-
tures details of the errors (stored as fault codes) set in the car. Repair
plans are derived from these fault codes and provided to the mechanics.
Diagnostic data comprises the results and errors that are read out from
the car as well as the repair procedure steps. A detailed description can
be found in [Kohl et al.| (2011). The features extracted from this sources
are given in Table[3.1]

Dealer system data

Additional information about dealers’ work is retrieved from the dealer
management systems. Spare parts that were paid by the customer or reg-
ular maintenance information is provided. An overview about different
exemplary features from this source is given in Table[3.1]
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General vehicle data

This data source covers all general car and dealer information such as car
type, extras, power, etc. It is collected after a car is produced and sold
to the customer. Examples for these car characteristics are presented in

Table

Survey response data

After each service visit the customer may be contacted for a customer
satisfaction survey if he gives the dealer his approval. The survey is con-
ducted by an external agency that collects data for the main automotive
companies. A random sample of customers is asked to fill out a ques-
tionnaire. Thus, a representative set of service visits from all dealers is
drawn assuming that this sample covers the different perceived qual-
ity levels of the visits. The sample size is based on various factors like
the size of the dealer or the type of customer (business, private, etc.).
There are regular maintenance interval visits included as well as repair
incidents. The perceived overall satisfaction with a service visit is de-
termined. A customer can receive a survey multiple times for different
visits. This data source is needed in order to label the service visits as
satisfactory or dissatisfactory.

3.3.2 Consolidation and labeling
Data consolidation

In order to analyze the data, the five different data sources needed to
be combined as illustrated in fig. 3.1l All systems store the information
of a service visit in combination with the vehicle identification num-
ber (VIN) and a time-stamp. However, the timestamp is not unique in
all data sources. There can be multiple timestamps identifying differ-
ent service visits (e.g. diagnostic readouts differ from warranty claim-
ing). The data in the warranty and dealer management system is created
manually, the others are automatically produced. This situation yields
a biased timestamp. This bias needed to be integrated into the consol-
idation logic. A window of 5 days and 50 kilometers was tolerated to
consider the data as one visit. Otherwise a new visit was assumed.

The aggregation procedure was split up in three steps and is explained
in the following.
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Step 1: Data sources consolidation

1. Data sets for all vehicles were extracted from the five data sources
introduced in section[3.3.1

2. Check all data sources for matching cars (VIN).
3. Vehicles with survey responses were selected.
Step 2: Specified matching
1. Data sets with identical timestamps and VIN were matched.

2. Vehicles with different timestamps but identical VIN were trans-
ferred to step 3.

Step 3: Tolerance matching

1. Biased timestamps with identical VIN were filtered and the differ-
ence between the timestamps was calculated.

2. Vehicles with a difference less than 5 days or 50 kilometers were
consolidated into one service visit.

3. Vehicles that did not fulfill these criteria were considered as sepa-
rate service visits.

Labeling

Each service visit can be identified with the unique timestamp of the
survey and the VIN. The survey design requires to send out the ques-
tionnaire not later than 30 days after a service visit. Thus, survey data
and repair visits using a tolerance window of 30 days were mapped. The
overall satisfaction of the particular customer was considered to be the
class label. The overall satisfaction rate was measured using a likert scale
from 1 - 5 (where 5 is best). In order to guarantee a two-class classifica-
tion problem, the results of this question have been transferred into a
binary coding. Service visits with satisfaction rates of 1 to 3 were iden-
tified as dissatisfactory and labeled with 1 whereas 4 and 5 represent
the service visits of satisfied customers that were labeled with o. This
is a common way of interpretation and presentation in a management
manner as shown for example by Boudreaux et al.| (2000).
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3.3.3 Feature extraction

Features were derived from the consolidated and labeled data sources.
In order to provide a holistic overview, the features were categorized as
presented in Table[3.] Generally, the features provide an encompassing
view about the service visits of the car. Technical information such as
the repair cause, repair results, affected parts or general vehicle charac-
teristics were included. Furthermore, features that may potentially be
perceived by the customer were calculated, such as repeat repairs, the
length of stay or the time between actual and previous visit. In total 105
features were extracted for the analysis and presented in Table[3.1]

3.3.4 Data balancing

Dissatisfied customers were underrepresented in the dataset. For the
analysis, too many patterns about satisfied customers were included
during the learning process. The class imbalance challenge has gained
attention previously in research on machine learning|Li and Mao|(2014).
In the dataset, 5,048 events with label 1 corresponded to 13,960 service
visits with label 0. As the minor group of dissatisfied customers should
be classified as good as possible, strategies to cope with this class imbal-
ance were needed. Thereby, the probability of False Negatives, meaning
dissatisfied customers were classified as satisfied, should be reduced to
a minimum. Various machine learning algorithms that do not take class
imbalance into account tend to be biased Kotsiantis et al.| (2006)); |Li
and Mao| (2014). In order to increase the performance of the classifica-
tion of dissatisfied customers, a random undersampling of the satisfied
customers according to |Garcia et al.[ (2007) was used. Compared to al-
ternative solutions, such as cost functions, that was shown to be an easy
and effective procedure.

In order to achieve equal populations of the two classes, a selection
probability of roughly 36.1% within the satisfied customer group was
needed to achieve a subsample of 5,048 observations. Thereby, an op-
timal population of car owners whose satisfaction level changed from
satisfied to dissatisfied within a service history has been generated.

3.3.5 Experimental design

The experimental design of this study contained two data preparation
schemes: Individual and aggregated data. Three modeling approaches
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3. Can machine learning techniques predict customer dissatisfaction?

were used: Basic scoring, basic scoring with evolutionary feature se-
lection and a Monte Carlo scoring. The two data preparation schemes
aimed to provide insight into whether the performance of the classifi-
cation can be increased by considering the individual service visits or
combining them as a history of events. The three modeling approaches
addressed the question about the derivation of potential indicators of
dissatisfaction. In the experimental design five classifiers were com-
pared using different parameter settings: AdaBoost, k nearest neighbor
(kKNN), SVM with linear and RBF-kernel and Random Forest. These five
classifiers were chosen as they were evaluated to be suited as state-of-
the-art classifiers for industrial applications Reif et al.| (2014)).

Data preparation schemes

Two different data preparation schemes consisting of individual and ag-
gregated data were applied. Individual data means that training and
scoring was based on the original longitudinal data structure of cars and
service visits. Consequently, the dataset consisted of multiple dealer vis-
its per car. Thisapproach is typically used today to analyze survey results.

Aggregated data means, that all service visits of one customer (rep-
resented by the VIN_ID) that remain the customer as satisfied were ag-
gregated to one observation. Means were used for numeric features and
modes for categorical features. The following, second record identified
the visit that is labeled as dissatisfactory if available.

An exemplary overview on one car, its general characteristics and the
corresponding service visits is given in fig. The figure illustrates the
two data preparation schemes.

Modeling approaches

The three benchmarked modeling approaches were: Basic scoring, basic
scoring with evolutionary feature selection and a Monte Carlo scoring.
In general, constant and quasi constant items, meaning features with
very low entropy (for example high amount of null values), were elimi-
nated. Furthermore, features with a correlation coefficient of more than
.95 were removed.

Basic scoring compared different classifiers for their performance on
customer dissatisfaction classification. The complete feature set was
used.
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Car characters

VIN_ID:
XYZ123
05/29/2008 1 0 1 1 us
1.Survey: 16.08.11 2.Survey:24.11.11
L 17.479 20.862 30.185 38.230 43.155 43.431 47.672 51.09
| | | | | | [ |
Carservice | I | | I I ! ! time
station 12.08.10 08.10.10 18.04.11 12.08.11 22.08.11 10.10.11 17.10.11 221101

L

T
Observations of individual data

Satisfied customer: Dissatisfied customer:
class label OSAT =0 class label OSAT = 1

Observation 1 of aggregated data Observation 2 of aggregated data

Figure 3.2.: Overview about the two data preparation schemes illustrated by one
exemplary car.

The basic scoring with evolutionary feature selection Wang and
Huang| (2009) experiment had the main goal to identify the discrimi-
nant features and thus the main indicators for customer dissatisfaction.
The feature selection must be fast in calculation to secure a practical
implementation. Therefore, it was performed using a simple decision
stump that uses only one split, therefore being fast and avoiding over-
fitting |Shah et al.| (2012). The initial feature set is randomly generated,
whereby each feature set had a feature activation probability of p; = .50.
During the next maximum 50 iterations a population of 5 individual fea-
ture sets competed for the best classification accuracy using mutation.
Mutation means the random activation and deactivation of features with
Pm =1/ random of features. Furthermore, features can interchange
within the individual feature sets with the probability of p. = .50. One of
the five feature sets will result in the highest accuracy and remain for the
nextiteration. If theaccuracy of one of the new feature sets is better than
before, the algorithm proceeds to the next iteration. Once there was no
improvement over 10 iterations, an early stopping rule was applied and
the final subset of features was reported.

A Monte Carlo resampling approach was conducted in order to eval-
uate the classification variances of the applied predictions. Thereby,
500 random subsamples, each consisting of 1,000 balanced observations
(500 satisfied and 500 dissatisfied customers), were drawn and evaluated
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using the grid search from the basic scoring approach. In each iteration
the respective classification results and parameter sets were stored.

All experiments were conducted using RapidMiner toolbox version
5.3.013 (RapidMiner, Cambridge, MA, USA). A PC with 32 cores and 512
GB RAM was used for the analysis.

Experimental setup and evaluation

Inordertoachieve the intended goal of differentiating satisfied from dis-
satisfied customers during a service visit, a specific selection of machine
learning approaches was chosen. An overview of the most common ma-
chine learning techniques can be found in Duda et al.| (2000)); Hastie et
al| (2011). In this chapter, the focus is on the following five classifiers
based on the above described design. First, the performance of the Ad-
aBoost classifier was investigated with N;; € [10,20,..., 100] which corre-
sponds to literature findings [Polikar| (2007); Schapire et al.| (1998). Sec-
ond, the performance of the kNN classifier was investigated with num-
ber of nearest neighbors [k = 1,2,..., 10]. Third, the performance of the
SVM was investigated using the linear kernel and fourth, using the RBF
kernel. According to Wu and Wang| (2009)) both SVM classifiers were
investigated with kernel parameter C in the range [27°, 274, ..., 2°]. For
the RBF kernel the parameter space [27°, 274 ... 2°] was used for ~.
Fifth, the performance of the Random Forest according to |Oshiro et al.
(2012) was investigated using 10 to 1,000 trees increasing with 10 steps
on a quadratic scale [10,20,50,...,1000]. Each set of free parameters was
evaluated.

From the current dataset, a training (.70), test (.20) and validation
(.10) sample was conducted and the accuracy for test and validation was
reported. For each parameter set, the classification rate of the five clas-
sifiers was investigated. For the feature selection approach, the parti-
tioning was performed after the evolutionary feature selection has been
done on the full feature set. Within the Monte Carlo Scoring, the par-
titioning has been done within each iteration before the classification
models were applied to the feature set resulting from the Monte Carlo
iteration.

3.4 Results

The results of the experimental design are presented in Tables[3.2] -
The classifiers in the tables are sorted in alphabetic order where the
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classifiers with the highest accuracy in test and validation partition are
marked. For the results of the Monte Carlo scoring in Table[3.4]the stan-
dard deviation o is given in brackets over all iterations.

Table[3.2|presents the results for the basic scoring. The SVM using the
RBF kernel was the best performing classifier for the individual as well
as for the aggregated data with a test and validation accuracy of 77.2%
(76.4%) and 88.8% (88.8%) respectively.

Table 3.2.: Results of basic scoring on individual and aggregated data.

| individual data | aggregated data
Classifier | Test Validation | Test Validation
AdaBoost 50.0 68.8 82.9 82.9
kNN 57.0 58.0 55.1 54.9
SVM (Linear) 72.3 70.8 80.4 817
SVM (RBF) 77.2 76.4 88.8 88.8
Random Forest 75.0 74.7 815 78.3

Table 3.3.: Results of basic scoring with feature selection on individual and ag-
gregated data.

| individual data | aggregated data
Classifier | Test Validation | Test Validation
AdaBoost 70.0 70.7 833 79.3
kNN 55.8 55.9 84.2 80.9
SVM (Linear) 73.2 72.1 78.9 80.7
SVM (RBF) 72.6 74.9 86.1 88.3
Random Forest 75.0 74.6 87.2 82.5

Table 3.3|summarizes the results of the basic scoring with evolution-
ary feature selection. Based on the individual data the Random Forrest
showed best results with an accuracy of 75.0% for the testing and 74.6%
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Table 3.4.: Results of Monte Carlo scoring on individual and aggregated data.

| individual data | aggregated data
Classifier | Test Validation | Test Validation
AdaBoost 66.0 (0.06) 66.6 (0.06) 79.5 (0.06) 79.7 (0.04)
kNN 54.6 (0.05) 54.5 (0.04) 55.0 (0.05) 55.6 (0.03)
SVM (Linear) 69.6 (0.04) 69.9 (0.03) 80.3 (0.04) 80.2 (0.03)
SVM (RBF) 75.0 (0.04) 72.2 (0.03) 84.1 (0.04) 83.3 (0.03)
Random Forest 71.2 (0.05) 71.8 (0.03) 79.9 (0.04) 79.8 (0.03)

for the validation data. The SVM with RBF kernel performed best for ag-
gregated data with an accuracy of 86.1% (88.3%). In order to secure the
practical application of the feature selection approach, a fast comput-
ing time is required. Therefore, decision stump has been applied within
the feature selection procedure using one split. This approach secures
the necessary computing performance but has the disadvantage that in-
teraction effects of the features are limited to the one split criteria and
thereby may decrease the accuracy.

Results for the Monte Carlo scoring are given in Table The SVM
with RBF kernel showed the best classification results for individual data
with an accuracy of 75.0% and 72.2% for test and the validation partition
respectively. For the aggregated dataset, it was also the SVM with RBF
kernel that achieved highest accuracy with 84.1% and 83.3% for test and
validation partition. Both show a standard deviation of the accuracy
over all iterations of o = 0.04 and ¢ = 0.03.

Overall, best classification rates with 88.8% for test and validation
were achieved with the basic scoring approach on the aggregated dataset
performing the SVM with a RBF kernel with a parameter set of C = 16,
7 = 0.03125 (Table[.2)). The second best results with a classification rate
of 88.3% were returned by the SVM using a RBF kernel based on the
basic scoring with evolutionary feature selection using the aggregated
data with an optimal parameterset of C = 4, 7 = 0.03125 (Table[3.3). The
feature selection selected 46 features. Thereby, 23 features were selected
from the category CHARACS, 15 from DIAG, 5 from WGS, 2 from RR and
1 feature was selected from the category SOURCE (Table[A.1).
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3.5 Discussion

There is a significant cross-industrial need to identify dissatisfied cus-
tomers, since companies are no longer competing only on product qual-
ity but even more on a service quality level |Corbin et al.| (2001); |Sivaku-
mar et al.| (2014); Yarris et al.| (2012). This chapter showed a method to
classify dissatisfied customers from the automotive industry based on
data produced within a service process with a maximum classification
rate of 88.8%. Generally, the approach is designed to secure the practi-
cal implication by considering high accuracy and fast computing power
as necessary success factors.

The paper contributes to the existing research as it predicts customers
dissatisfaction solely based on objective data. This allows a proactive
customer treatment in the future in order to achieve the management
target to increase the overall customer satisfaction. Furthermore, sus-
tainability to keep satisfaction high can be achieved once the indica-
tors for dissatisfaction could be identified. The complexity of the pre-
sented data analysis was caused by isolated data sources and the result-
ing need for consolidation was shown. A stepwise data consolidation
logic to overcome this challenge was derived and proven for the auto-
motive industry. This methodology is not limited to the car sector but
can be transferred to service industries, such as the health care or the
telecommunication sectors.

The presented work answers two questions. First, can dissatisfied cus-
tomers be classified in real time based on data that is produced during
a service visit? Overall, the schema that aggregates the service events
achieved best results throughout all experiments. Thereby, the SVM
classifier (RBF kernel) outperformed the other classifiers and showed
best results of 88.8% accuracy for test and validation data. Conse-
quently, dissatisfied customers could be classified based on a service
visit. Furthermore, the results showed that it is not a single event that
turns a customer from satisfied into dissatisfied but rather the whole
history of experiences the customer had. This is based on the fact that
the aggregation of the service history yielded higher classification rates
in all modeling approaches. This result matches previous findings in
literature Keaveney and Parthasarathy| (2001).

Second, can the indicators for dissatisfaction be derived from service
process data? This question is answered by the results from the experi-
mental design that achieved results of 86.1% for the test and 88.3% for
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the validation partition based on basic scoring with evolutionary feature
selection on aggregated data. Specific features that are highly important
for the perceived dissatisfaction of a customer could be derived. The se-
lected features were investigated in more detail. Most of the features
were related to technical information from general car characteristics,
warranty and diagnostic data. Furthermore, two features were related
to the category of repeat repair parameters, as illustrated in Table [A.1]
Based on these findings the potential indicators of dissatisfaction could
be deduced from the technical data that were created when the caris still
at the dealer. Additionally, repeat repairs in general are critical events
that could be important to identify customers that may need specific
care. This matches to the literature findings that showed repeat re-
pairs to be highly influential for the perceived satisfaction Biehall (1983));
Meinzer et al .| (2010).

Generally, the presented method of linking technical data to customer
perceptions isa novel approach that could be used in individual business
sectors and thus create value for the service industry in the future. For
instance, the need in the health care sector has already been identified
by [Holgers et al.| (2005) and [Yarnold et al.| (1998). With the consolida-
tion of diagnostic results with the subjective patient expectations, a per-
sonalized patient treatment could be developed. The knowledge about
potential dissatisfaction indicators generates huge business value as it
prevents customer churn and thus reduces reacquisition costs as shown
by Xia and Jin! (2008). A proactive approach which takes special care of
potentially dissatisfied customers has a very low effect in case of false
positives. If satisfied customers are classified as dissatisfied, the busi-
ness result will be a more specific treatment. Thus, only the dissatisfied
customers that are not identified have a real negative impact.

3.6 Summary and Outlook

This chapter provided an approach to answer two important questions
that help the automotive industry to increase the customer satisfaction
and thus securing competitive leads. Can dissatisfied customers be clas-
sified in real time based on data that is produced during a service visit?
Can the indicators for dissatisfaction be derived from service process
data? In the presented data analysis procedure, the challenge of combin-
ing technical data from various sources with subjective survey responses
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was solved with a specific data consolidation logic. An experimental de-
sign consisting of three modeling approaches combined with two data
preparation schemes was performed to answer the above questions. The
methodology that classified customer dissatisfaction best was the SVM
classifier with a RBF kernel, which resulted in an accuracy of 88.8%. The
indicators for dissatisfaction were identified within the feature selection
experiment and the SVM with a RBF kernel achieved best results. Know-
ing these indicators allows a proactive customer treatment as dissatisfied
customers can directly be identified even before the customer-service
interaction is completed. Thus, actions to increase the satisfaction can
be implemented immediately and secure a competitive advantage.

Furthermore, managerial implications can be derived based on the
dissatisfaction indicators that have been identified by the feature selec-
tion. In total, 46 indicators that have a high influence on dissatisfaction
were identified. Most of them are related to car characteristics, such
as the car model. Thereby, individual customer treatment campaigns
can be designed according to this information. Additionally, 21 indica-
tors were related to technical processes (diagnostics, warranty and data
source information). Management can use this information to optimize
the internal technical processes as these have a significant influence on
the perceived service quality. Furthermore, these technical indicators
need to be analyzed in detail in order to avoid service failures. Repeat re-
pairs can be one of these service failures. They were identified as a main
dissatisfaction indicator. Management should develop campaigns to re-
duce the rate of repeat repairs, especially the customer perceived ones.
Therefore, a transparent and detailed explanation of the conducted work
by the service advisors may be one opportunity. In general, the man-
agement of the automotive industry can benefit significantly from the
derived indicators for dissatisfaction.

The presented method was designed for the automotive industry and
will be of high importance for other service industries. A closely related
business that the approach might be suitable for is the health care sector.
Corbin et al | (2001) showed that satisfying patient-physician interaction
is highly important to survive in the tough competition. Diagnostic data
that were collected during the treatment could be consolidated with pa-
tient satisfaction survey responses. Thus, dissatisfied patients may be
classified and indicators for dissatisfaction may be derived. The adap-
tation of the method for the health care sector and further industries
should be investigated. Therefore, survey responses from other service

85



3. Can machine learning techniques predict customer dissatisfaction?

industries are needed and should be combined with service process data
using the presented consolidation logic and the experimental design.
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The perception of customers are key resources in order to create new
products and services|Mahr et al.| (2014). The involvement of customers
in innovative processes helps to create new customer oriented features
Poetz and Schreier| (2012)). A critical need exists to process knowledge
with the aim to create maximum customer value based on individual-
ized treatments|Gordon et al.| (2011). Service industries, the automotive
industry in particular, are in a changing process. As new competitors
arise with individualized customer relationship models, existing com-
panies need to adapt. They strive towards an active supporter of the
customer |Saarijarvi et al.| (2014). Consequently, effective service-based
business models are needed to create competitive leads.

Today, customer satisfaction campaigns are developed within depart-
ments that use survey results as input factors. On the other hand, service
optimization campaigns that affect technical procedures (such as failure
diagnostics) are based on objective, technical data and are developed
in other departments. Consequently, customers’ perceptions and even
more generic, customers’ data has widely been separated from objec-
tive service process information today|Saarijarvi et al.| (2014). However,
customer data indeed increases power and brings along undiscovered
possibilities. All these potentials should have the common goal of cre-
ating maximum customer value|Hendler| (2014). A contribution to this
goal is addressed by this work.

Chapter[2]provides an approach for cross-industrial knowledge trans-
fer for perceived customer satisfaction determination. Adapting the
methods from the health care sector, implications for the automotive
industry to improve the customer understanding by better designs of
questionnaires are derived. Furthermore, the most relevant determi-
nants according the the three main concepts service encounter, situa-
tional factors and sociodemographics are examined. The first section of
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this chapter addresses the implications gained by this cross-industrial
knowledge transfer.

A business-model based on the consolidation of customer and techni-
cal data is derived in chapter[3] Thereby, the automotive industry is able
to identify potentially dissatisfied customers in real time. Data that is
generated within each service visit combined with historical customer
perceptions is used as the basis for this approach. Furthermore, the
most critical service processes that have the highest chance to create dis-
satisfied customers can be identified. Using this information, the ser-
vice quality and thus, customer satisfaction can be improved sustainably.
The second section of this chapter addresses the implications gained by
such kind of data driven business model.

4.1 Implications from cross-industrial
knowledge transfer

In the highly competitive environment of the automotive industry, it
is not the product itself anymore but the services around the prod-
uct that will yield competitive leads. This phenomenon is known as
the servitization-paradox [Kastalli and Van Looy| (2013). Thereby, the
customer and his perception of service is in the middle of interest.
Consequently, the automotive industry needs to enhance their knowl-
edge about customer perceptions. Transferring existing knowledge from
other service industries is therefore a fast and effective procedure and
also proven to be successful by literature |Gebauer et al.| (2012)). In the
health care sector for instance, the phenomenon of customer focused
services is already a core business requirement, known as patient cen-
tricity |Curro et al.| (2013); |Steel| (2015)). As the core product of the med-
ical environment is the care of patients, the need for an encompassing
patient understanding is obvious. Therefore, the determination of per-
ceived patient satisfaction has been examined in detail in chapterf] The
main concepts of perceived satisfaction has been examined to be ser-
vice encounter, situational factors and sociodemographics. While the
health care, the hospitality as well as the retailing sector is already well
researched, studies for the manufacturing industry and in particular the
automotive are scarce|Kastalli and Van Looy|(2013)). In health care, diag-
nostic results are combined with subjective patient perceptions in order
to increase the perceived success of the medical treatment Corbin et al.

88



4.1. Implications from cross-industrial knowledge transfer

(2001). The treatment of Tinnitus patients is one example of the applica-
tion of subjective and objective data analysis. A major part of health care
professionals are already in a changing process towards a data-driven
strategy|Groves et al.|(2013). The knowledge about patients’ perceptions
is thereby one of the key principles. Thus, the cross-industrial knowl-
edge transfer has been performed for the automotive industry consider-
ing the health care sector as a benchmark.

The implications resulting from this cross-industrial knowledge trans-
fer are far reaching. The following components can be extracted based
onan existing survey analysis from chapter[2.6Jas contributions to the ex-
isting research and as managerial implication. For all three concepts of
perceived satisfaction determination (service encounter, situational fac-
tors and sociodemographics), implications were derived in chapter|z.7]

Generally, satisfaction determination within the automotive industry
can be improved by adding the relevant determinants of each concept
that were derived from the analysis of the health care sector.

The concrete implications and benefits have been worked out in chap-
ter[2.7l In summary, these were the following: First, the highest adap-
tion needs to be done within the sociodemographics as there are cur-
rently the fewest determinants established. Second, within the concept
of service encounter, determinants related to the communication need
to be added according to the findings from the health care sector. Fur-
thermore, time-related determinants were only covered if there was a
delay. However, in order to reduce the negative perceptions of such ser-
vice failures, the preferred communication in case of delays should be
asked. Third, within the concept of situational factors, the automotive
industry needs to differentiate perceived and objective waiting time in
the questionnaires in order to evaluate customers’ perception. Fourth,
the automotive-specific determinants should be extended in a way that
data-driven business models can be established that use this informa-
tion. Fifth, the automotive industry should increase their use of cus-
tomer data in general to create value on both sites, for the company and
the customer. Most of the customers are willing to share their data once
thevalue is transparent to them and meets their individual needs/Roeber
et al. (2015). Technical data, that is generated while servicing a car, have
been analyzed in chapter[3.4in order to enrich the subjective customer
feedback by objective data. Using these technical data combined with
customer information allows the real-time classification of probably dis-
satisfied customers (see chapter[3.5). Even more, the key indicators that
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cause dissatisfaction could be identified which allows proactive actions
to avoid dissatisfaction (see chapter[3.4|and Table[A.1).

Even if the benefits arising from the knowledge about customers’
needs are obvious, still the limitations due to data privacy and legal re-
strictions remain. Certainly country- and business-specific issues have
to be considered. This is why this section focuses on general topics that
are independent of the afore mentioned issues. The main general topics
are: Transparency, customers’ trust, customers’ perception of control
and customers’ trust in the value arising of their data being analyzed.

A prominent way to overcome this challenge is via service-outsourcing
Kastalli and Van Looy| (2013). However, customers still connect their
perceptions with the core company. Consequently, this action does
not release the company from their obligations of developing customer
trust. Furthermore, this decision brings additional difficulties as service
should be a core element and provided by the company itself Johnson
(2007). While online platforms such as Google or Facebook make the
most asset out of user datalAndrejevic| (2015), the service industry needs
to find another way to develop customers’ trust. Users of online platform
expect the use of their "digital footprint” from the companies, while cus-
tomers of the automotive industries do not. The most important impli-
cation for the service industry and in particular the automotive industry
is that customers always need to know what happens with their personal
information [Spiekermann et al.| (2015).

Consequently, full transparency towards the customer regarding the
use of their data is the key to generate value for both sites, the customer
and the service industry Roeber et al.| (2015)); Spiekermann et al.| (2015]).
Furthermore, customers should have full control over their degree of
data sharing|Roeber et al.| (2015).

The knowledge transfer from health care to automotive and the devel-
oped classification model based on the data consolidation approach en-
able the automotive industry to create competitive advantages as shown
in chapter[2.7.and The main benefits arising from this work are the
encompassing understanding of customer perceptions and the enrich-
ment with technical, objective data. Thereby, the following competitive
advantages can be realized: First, customers and their needs will be bet-
ter understood. Second, an individualized treatment based on these
needs is possible. These two are the basic requirements to realize op-
timal customer focused services in the automotive industry. This will
help to close the existing gap to other business sectors within the service
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industries, such as the health care or the retail sector. Even more impor-
tant, these implications help to create market leads compared to exist-
ing competitors. Furthermore, new competitors will enter the market of
the automotive industry, that follow data driven business models. Using
the implications from the cross-industrial knowledge transfer combined
with the implications from the developed data consolidation logic, fur-
ther leads can be generated.

4.2 Implications for data driven business
models

It is obvious tat especially the automotive industry is in a disruptive
change. That means, new competitors such as Google enter the market
that follow data driven business models to reach high customer satisfac-
tion results. Consequently, a precise knowledge about critical success
factors and thus, the main determinants that drive customer satisfaction
get even more important to survive in this tough competition. The key
success factors may change in the future faster than ever before. There-
fore, management always needs to ensure to address the customer needs
not only by their products but more and more by services. Tradition-
ally, manufacturing industries, like automotive, focus on their products
rather than on services. A reorientation of the manufacturing indus-
tries towards service is needed and this change is currently in process
Kowalkowski et al.| (2012). In most of the times, customer data is gen-
erated as an output of measuring service performance. However, in the
future it needs to be used the reverse way(Saarijarvi et al.| (2014, 2015);
customer data as an input for improved and personalized services. In
chapter[3} a data-driven approach to increase competitive advantages by
optimizing customer service is presented according to this reverse use
of customer data.

Entry barriers of new competitors and entrepreneurs are lower than
ever before due to rapid growth of importance of the internet as a dis-
tribution platform for connected cars. Furthermore, new ideas will
emerge that provide customers with more convenient services around
their car and is the basis for new competitors such as Uber or OnStar.
The trend of connected cars is kind of misleading already, as the actual
trend goes beyond, towards a connected ecosystem, including trans-
portation. Fig.|4.1illustrates the disruption of the automotive industry
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with new customer services Seiberth |(2015).
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over time due to connected services and the new competitors that al-
ready entered the market Seiberth| (2015). The most important conse-
quence resulting from this graph is the fact that the traditional auto-
motive manufacturers are not illustrated as the most important service
providers for transportation anymore. Fig.[4.1shows platform providers,
such as Uber, Google and Apple to be the most important companies in
the area of connected transportation |Seiberth! (2015)), while the tradi-
tional automotive companies are represented in the area of connected
cars and customers. The study of [Seiberth| (2015) and the Fig. |4.1show
the automotive disruption and the need for the traditional automotive
industry to change their service portfolio applying data driven business
models.

In future, services will not only be offered by the dealers in the tradi-
tional way, but directly by the manufacturers due to connected services
Hirsh et al.|(1999)); Seiberth|(2015). The classical repairand maintenance
business is just one example that will change in the future. Companies
like Openbay or RepairPal (both based in the U.S.) are two representa-
tives that already sell plug in devices online that read out failures from
the carand thereby provide an optimized service plan based on the iden-
tified failures|Singh|(2015)). Using a smartphone application, the next lo-
cated dealer that is able to do this service is listed and the resulting costs
are calculated, independent of the manufacturer. These facts make the
need for new data driven business models obvious. Even more, it shows
that also the traditional B2B business models of the automotive indus-
tries need to change towards direct B2C models|Singh| (2015). More than
one third of the customers would prefer to buy a car online instead of
going to a dealer for this process|Mohr et al. (2014). This example shows
that significant change will affect not only the after-sales sector but the
whole value chain of the automotive industry|Lao et al.| (2015).

Further requirements come along that need to be addressed by com-
panies in order to differentiate themselves from the competition. A busi-
ness strategy is needed in order to identify the most relevant company
data to focus on|Acito and Khatri| (2014); Davenport et al.| (2001). The
most relevant customers need to be known in order to ensure targeted
marketing. Business decisions need to be supported and evaluated by
company data. In consequence, data driven models are required to in-
crease customer satisfaction|Tallon| (2013) and the profitability, in partic-
ular for the automotive industry. Individualized customer services will
be one of the key differentiators. The traditional automotive industry
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will disruptively turn into a service business|Huang and Rust|(2013) with
the goal to fulfill the individual customer needs. Beside data driven busi-
ness models, a sustainable customer understanding is of fundamental
importance. The main concepts to ensure this customer understanding
were presented in chapterz] The resulting managerial implications were
presented in chapter[4.1]

New service models can be derived from customer data Matthing et
al[(2004); Saarijarvi et al.| (2014) that were determined in chapterm
Proactive customer campaigns can individually be derived. Therefore,
perceived customer dissatisfaction indicators derived from technical
data can directly be used, as shown in chapter To realize individ-
ualized customer actions on demand, the customer care process must
be fully transparent. The output of the data analysis must be transpar-
ent to those members of the company that are involved in the customer
interaction process. Thereby, fastest and highest customer value can
be generated. This transparency certainly yields less centralized steer-
ing capabilities but allows more individualized treatment and thus new
service features to be adapted.

Specifically, this work provides concrete implications towards data
driven business models in the automotive industry. First, the enhance-
ments of the current perceived customer satisfaction determination
were examined in chapter Various components need to be con-
sidered, for instance sociodemographics|Cooil et al.| (2007), to find the
best communication strategy. Regarding situational factors, for instance
waiting time, the dealers would be able to identify the crucial customers
that have the highest probability to get dissatisfied as a consequence.
The benefit resulting from capturing the sociodemographics need to be
mentioned in this respect, as worked out in chapter Using this
information, individually suited incentives may be offered that fit to po-
tential customers’ needs. Generally, precisely established determinants
to capture customer perceptions are the basis for data driven service
models.

Second, service encounter is known as the most relevant concept from
literature review in chapter|z.4.4]and the empirical part that is based on
the literature review in chapter In particular, the communication
aspect could be significantly improved. Furthermore, technical indica-
tors for potential dissatisfaction are known from chapter[3.4] Based on
this knowledge, dealers will be enabled to communicate to customers in
a personalized way, especially in critical situations. Thereby, customers
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still feel accepted and well-treated. Affected customers could be identi-
fied even before they return back to the dealer to get their car returned.
For specific service failures, individual ways of communication could
centrally be defined.

In order to be able to realize these benefits, several requirements need
to be fulfilled. First, the collection of customer data and its kind of use
must be transparent. Second, it must be secured that customers under-
stand their own value resulting from the use of their data. Third, every
involved party within the service interaction must be able to access the
results and consequences of the data analysis. Examples are service advi-
sors, technicians, staff at the counter or the central customer satisfaction
units of the company. Fourth, findings from the service interaction need
to be transferred back to the organization in oder to centrally improve
service processes continuously. Fifth, the use of customer data should be
flexible. Adaptations should be easily possible. Thereby, changing cus-
tomer needs can be identified based on additional customer information
that might get available and processes can be adapted accordingly.

Summarizing, the power of customer data and its need to create bet-
ter services is clearly obvious. The more transparency about customers’
needs is provided to the involved parties of a service interaction, the
better customers can be satisfied. Consequently, knowledge about cus-
tomer’ perceptions is a key requirement to create competitive advantage.
The approach developed by this work provides a possibility to map the
most relevant subjective, customer perception determinants with objec-
tive, internal service process data. A data driven business model that di-
rectly arises from this approach allows to identify dissatisfied customers
within an ongoing service interaction and second, identifying the main
dissatisfaction indicators of a service process from a customers’ perspec-
tive. This specific approach is the main contribution of this work.
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The findings of this work show a wide range of possibilities for the in-
dustry to increase the performance of customer services. The results are
examined based on existing industrial technologies and processes that
produce a vast amount of data. The trend towards digitalization of the
service industry and in particular the automotive industry is more im-
portant than ever before as shown in chapterfi.2.3Jand[4.2]and the reason
for a paradigm shift regarding the customer relationship models. Until
today, it is the dealer with direct customer interaction. Due to connected
cars and digital services, this situation will change. The automotive in-
dustry will not only be the manufacturer of the tangible product but
even more a service provider. This change result in the need for new
business models towards the customer. In this final chapter, the oppor-
tunities resulting from this thesis are presented. Directions for further
enhancements and open research questions are shown.

5.1 Possibilities for customer service

enhancements arising from trend towards
connected cars

The trend towards connected cars is undisputed and the resulting con-
sequences for all included parties within the automotive industry are
extensive. The amount of produced data is continuously growing. Cur-
rent studies calculate 25 Gigabytes of data to be generated every hour
within the actual modern car models |Hansen| (2015). For autonomous
driving cars the amount of data is estimated to be 1 Gigabyte per second
Mearian|(2013). The new generated data is the basis for new possibilities.
The main implications are given below:
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* Individualized customer services: Beside the car itself, informa-
tion about the customers driving the car and the locations around
the car will be captured Hansen| (2015)). This offers a wide range of
scenarios for new customer services. In particular, it is of signif-
icant importance to provide personalized services based on cus-
tomer needs. One example is proven by latest studies, that more
than 50% of the customers expect an pick-up of their car at their
preferred destination that is arranged online |Accenture| (2015).

+ Real-time services: New service offers can be realized based on
continuously generated information about the status of cars due to
connected services, such as condition based maintenance Mikusz
et al.[(2015). Business models that realize these services on the ba-
sis of service data need to be developed. Predictive maintenance is
an application that is already established as a competitive advan-
tage with the aircraft industry leading the way|Nadarajan| (2014).

+ Downtime reduction and mobility maximization: Using sensor
data offers the possibility to predict electronic failures within the
car. Based on on-board diagnostic services, failures that may cause
a potential breakdown of a car can be predicted |Siegel et al.| (2014).
Such offers target the reduction of downtimes and maximize cus-
tomers’ mobility. Different companies of the automotive indus-
try are working on these services already in different implementa-
tion stagesMikusz et al.| (2015). Furthermore, suppliers offer tools
to generate data and thus allow these services, such as OnStar or
Openbay |Siegel et al.| (2014); Singh| (2015).

+ New safety features: The analysis of driving patterns and current
locations can be used to increase safety conditions|Lim et al.| (2015).
Thereby, "risk clusters” according to the type of driver can be cal-
culated. Using these results combined with their current location,
individualized routings can be calculated in order to minimize the
probabilities for accidents. Especially in big cities the optimiza-
tion of the traffic flow is another benefit beside improved safety.

The automotive industry gets disrupted [Viereckl et al.| (2015) as studies
show. While traditional companies such as BMW or Volkswagen used to
lead the automotive sector, new competitors will arise due to the trend
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of digitalization. Within the next five years, individualized and signif-
icantly improved services arising from connected cars will be the main
differentiator [Mearian| (2013); Viereckl et al.[ (2015). Furthermore, new
features and customer services will arise, mainly in the following ar-
eas: Autonomous driving, safety, entertainment, drivers’ health, mo-
bility and vehicle management and integration into the complete dig-
ital ecosystem |Viereckl et al| (2015). Consequently, existing automo-
tive manufacturers need to invest significantly in digitalization and con-
nected car solutions. For selected manufacturers this is already the case
like the Volkswagen Group who initiated various digitalization labs, such
as the Volkswagen Data:Lab |Gehrke et al.| (2016)); Volkswagen| (2014)).

This work illustrates already available data, generated within the after-
sales environment and second, the benefits arising from the use of this
data. Determined customer perceptions can be matched with objective
service process data, received from the dealersand cars. Anindepth cus-
tomer understanding is resulting from this joint data that is generating
new knowledge. Thereby, the most accepted customer features which
secures investments in the most promising services can be identified by
the company.

Furthermore, data that is today still unknown will be generated by
connected cars in the future. However, this data will generate new pos-
sibilities. An example is the revolution of the definition of mobility. To-
day, the automotive industry defines mobility by owning a car. However
the future will be mobility as a service in semi-autonomous cars Janota
and Spalek|(2016). The quality of services and the personalization will be
key success factors to differentiate automotive manufacturers in terms
of profit and customer loyalty. These services will be based on combined
data from connected cars, biometric data, health conditions, customer
perceptions and many more Janota and Spalek| (2016). Consequently,
the ability to handle data in the most effective way will be a key element
to generate competitive leads.

5.2 Limitations and further research

Based on the findings of this work, several new opportunities arise for
the health care sector and the automotive industry. Generally, customer
perceptions were identified to be one of the most important indicators to
optimize customer services. Based on the knowledge transfer from the
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health care sector, the key determinants of perceived customer satisfac-
tion were defined. These should be continuously captured, for instance
by questionnaires, in order to generate an encompassing customer un-
derstanding. This work presented a method to map subjective customer
perceptions with objective service and process data within the automo-
tive industry. Further research may be applied in order to transfer the
findings to other service industries.

The following subsections provide an overview about open research
that could be applied according to the findings of this work and the re-
lated industrial sectors. First, further research opportunities within the
health care research, arising form the performed literature review, are
presented. Second, open research within the automotive industry, based
on the developed model to predict dissatisfied customers and identify
the key indicators of dissatisfaction, is presented. Third, the open re-
search that could be applied to the service industry in general is pro-
vided. Thereby, opportunities are presented to generalize the arising
benefits from this work.

5.2.1 Further research within the health care sector

In this work, an encompassing literature review on the determination
of perceived patient satisfaction has been performed. Based on the ex-
tracted information, the most important concepts required to measure
satisfaction are known. This knowledge can be used to improve the de-
termination within other service industries. However, in order to gen-
erate more insights for the health care sector, the following additional
research is possible:

* Subjectively varying diseases: The health care sector would bene-
fit from the application of combining subjective patient responses
with objective data, according to chapter[3] Medical concerns that
may vary with the individual patient perception are the main ap-
plication fields. Tinnitus is chosen as an example, as the sever-
ity varies subjectively from patient to patient Cima et al. (2012);
Crummer and Hassan! (2004). Furthermore, there are objective
consequences, such as hearing loss|Crummer and Hassan| (2004).
There are various potential causes for Tinnitus, such as neurologic
or metabolic diseases, that can objectively be measured. In or-
der to secure the best medical outcome, subjective patient feed-
back about their perceived severity of Tinnitus is determined in
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a first step. Therefore, existing questionnaires, such as the Tin-
nitus Questionnaire or the Tinnitus Handicap Inventory are com-
monly used [Kamalski et al.| (2010). Further research should make
use of this historical patient feedback. Existing objective diagnos-
tic results and resulting treatments of potential causes should be
mapped to the patient feedbacks. The goal is to secure, the patient
outcome and thus the perceived quality of life by using the subjec-
tive feedback as an input. Existing research focusing on the use
of cognitive behavior as input for the medical is already available
within the area of Tinnitus/Cima et al.| (2012). However, further re-
search should investigate the application of the developed exper-
imental design in chapter Thereby, the objective features
that are related to medical causes may be identified which have
the highest chance for an optimized perceived treatment outcome.
Furthermore, future research should not only focus on Tinnitus as
a representative example, but on subjectively varying diseases in
general.

Patient specific communication: This work showed that mapping
diagnostic results to perceptions allows a better communication.
Compared to the automotive industry, a well established commu-
nication strategy towards patients is even more important within
the health care sector. The better patients are integrated into the
communication channel, the higher the perceived outcome Brody
et al.| (1989); LaVonne and Zun| (2010); [Sun et al.| (2000). Fur-
ther research should investigate how to generate an encompass-
ing understanding about patients’ preferred communication. This
knowledge is of relevance, especially in order to communicate di-
agnostic results towards the patient (Groves et al.| (2013); |Kvedar
et al.| (2014); Meinzer et al.| (2017); [Yarnold et al.| (1998). Learn-
ing from historical patient feedback, the preferred way of commu-
nicating diagnostic results and explaining the next medical steps
could be derived.

Medical unit specific treatment: This work is predominantly con-
centrating on general patient perceptions that are relevant for
most kind of medical institutions. In order to optimize the pa-
tient satisfaction determination to specific sectors, such as emer-
gency departments or cancer ward, further specific determinants
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should be examined. This would allow a better treatment within
these specified care units on an individual level. Especially for
middle and long-term treatments, like in palliative stations or re-
habilitation centers, these specific determinants may play a highly
significant role for high satisfaction of patients and their families.
Further research should investigate how to derive the best treat-
ment strategies for the individual medical units based on subjec-
tive patient outcomes.

+ New data driven services: Every day vast amount of data is gen-
erated that can be used for new patient services, for example re-
sulting from smart health devices|Mart| (2016)). Further research
should address how the get this data combined with existing pa-
tient information within the health care sector. The realization of
additional patient offers should be analyzed. An example could
be the treatment not in a clinical department but at home of the
patients, for non critical treatments. Using connected devices and
wearable technologies, services can be realized that allow to trans-
fer for instance pictures of affected areas to a dermatologist for ini-
tial diagnosis Ratchinsky|(2016). Summarizing, such new services
will target to improve patients’ comfort on the one hand and mak-
ing medical treatments more effective on the other hand. How-
ever, only these patients that really benefit from such new services
should be identified by subjective patient perceptions together
with their specific expectations and medical needs.

5.2.2 Furtherresearch within the automotive industry

The developed approach of this work focuses on optimizing the perfor-
mance of service processes in order to increase customer satisfaction.
Therefore, data generated by service processes that are established al-
ready have been combined with subjective customer feedback from con-
ducted surveys. The presented trend towards digitalization in section
results in recommendations for further research for the automotive
industry.

+ Services embedded in the car: Service processes will partly shift
from dealers into cars. Service appointments, the replacement of
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fixed service intervals defined by dealers with driving pattern anal-
ysis by the car, or individualized price offers are just three exam-
ples. These examples of services were tied to dealers, in future they
will be directly result from the analysis of connected car data. As
this work focuses on the processes at the dealer, further research
should investigate the performance of new services embedded in
the car along the value chain|Gehrke et al.| (2016)). Features such
as advanced driver assistance systems or concierge services should
be analyzed regarding their customer value. Therefore, data that
track the usage of these services can be combined with customer
feedback using the developed method in this work. The perceived
benefits of these new services can thereby be monitored. In con-
sequence, adaptations can be done according the analysis of this
combined dataset of subjective perceptions and objective use of
services.

Integration into digital ecosystem [Hofmann and Meinzer| (2018):
External services such as the integration into the digital home
ecosystem will play an important role. The combination of data
arising from connected cars with smart thermostats can be one
example. Combining location data with customer profiles of the
smart home interface, the thermostat could recognize the car mov-
ing away from home and thus control the thermo-regulation ac-
cordingly. The presented methodology can be used to identify the
preferred services customers want to ingrate into their connected
cars. Further research should address this potential.

Data partnering: The value of data from the automotive indus-
try for other businesses should be analyzed. One example are the
insurance companies. Today, several insurances already offer so-
lutions to collect data from the cars and to match them to existing
driver contracts. They offer individualized services and bonus pro-
grams for safe driving. Customer rates will thereby get cheaper in
the most cases as the clients driving behavior and thus, the risk
for insurance companies is more predictable. The automotive in-
dustry can benefit from this trend by offering individualized ser-
vices in cooperation with these insurances. The automotive sector
can be the provider of the information, such as driving patterns
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received from connected cars. It is important to maintain cus-
tomers’ privacy but offer best rates to the customer at the same
time. Furthermore, transparency about the information transfer
of customer data and the purpose of analyzing this data towards
the customer must be secured at any time. Customers need to see
the benefit arising from such partnerships for themselves. Further
research should address the determination of the relevant driv-
ing patterns needed to provide individualized insurance services
at the best customer rates.

+ Safety enhancements: Driver health assistance services may play
an important role in the future. Brands such as Volkswagen will
offer emergency functions (Volkswagen Emergency Assist) to alert
medical services in case of accidents automatically Viereckl et al.
(2015). Further research should identify the relevant data from
the car and the driver that need to be available to medical services
in emergency situations. Beside the most necessary first infor-
mation, such as location data and amount of passengers in the
car, hospitals would benefit from more details. Based on detailed
driver information that are already available for the according au-
tomotive company, hospitals could map the medical histories to
the affected drivers already before they are arriving at the emer-
gency unit. Further research should investigate the usage of the
consolidation logic from this work for this purpose.

5.2.3 Further research within the service industry in

general

Findings from the health care sector and the automotive industry result-
ing from this work allow service industries in general to benefit. Further
research is illustrated in the following areas.
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5.2. Limitations and further research

are useful but do not provide enough transparency regarding cus-
tomer perceptions for management|Gilbert and Veloutsou (2006)).
To ensure an encompassing customer understanding, this work
identified three main concepts of perceived satisfaction determi-
nation for the health care sectorand the automotive industry: Ser-
vice encounters, situational factors and sociodemographics. Fur-
ther research should address potential similarities and differences
across the service industries, such as the hospitality, banking or
telecommunication sector.

Variation of styles for satisfaction determination: The influence of
the type of survey, such as mailed, face-to-face or online question-
naires, should be investigated. In this work, classical question-
naires were used and analyzed in order to identify the main de-
terminants of perceived customer satisfaction. However, results
and thus the business impact of satisfaction determination may
depend on the way the customer is surveyed. Therefore, future re-
search should intensify the use alternative methods, such as face-
to-face satisfaction determination. This observation should pro-
vide the insight about the generalizability of the identified main
concepts (service encounters, situational factors and sociodemo-
graphics) and in consequence the independency of the type of sur-
veying a customer across the different service industries.

Enhancing internal customer knowledge by data consolidation:
Today, the service industry owns several customer characteristics
already for targeted marketing or to establish an efficient customer
relationship model for example. Combining this internal cus-
tomer information with subjective perceptions from surveys will
provide additional value generally for the service industries. For
instance call-centers benefit from this combination in real time
while they talk to customers. Telecommunication providers al-
ready target to propose an individualized rate based on user pro-
files. Further research should address the identification of the
most valuable customer information in order to understand their
perceptions more thoroughly. The sources, respectively business
areas where these information could already be available should
be identified. Even more, ways to capture these data may be ex-
amined.
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* Cross-industrial knowledge transferin other businesses: The cross-
industrial knowledge transfer is shown for the health care sector to
the automotive industry. Future research should investigate more
industries to enhance the determination of perceived satisfaction
and to prove the generalizability. The studies need to be statisti-
cally investigated. Once the individual determinants within the
three main concepts show comparable importance across differ-
ent industries, for example expressed by the correlation or regres-
sion coefficient, the cross-industrial knowledge transfer in general
could be proven.
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A Feature selection results

Aa Identified features from evolutionary
featureselection based on aggregated data
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A. Feature selection results

Table A.1.: Results of evolutionary feature selection based on aggregated data.

Feature | Feature description | Feature Category
BAUREIHE = A Car model is A CHARACS
BAUREIHE = B Car model is B CHARACS
BAUREIHE = C Car model is C CHARACS
BAUREIHE =D Car model is D CHARACS
BAUREIHE = E Car model is E CHARACS
BAUREIHE = F Car model is F CHARACS
BAUREIHE = G Car model is G CHARACS
BAUREIHE = H Car model is H CHARACS
BAUREIHE = | Car model is I CHARACS
BAUREIHE =] Car model is ] CHARACS

MOTORBAUREIHE = MB1 Engine is MB1 CHARACS
MOTORBAUREIHE = MB2 Engine is MB2 CHARACS
MOTORBAUREIHE = MB3 Engine is MB3 CHARACS
MOTORBAUREIHE = MB4 Engine is MB4 CHARACS
MOTORBAUREIHE = MBs Engine is MBs5 CHARACS
MOTORBAUREIHE = MB6 Engine is MB6 CHARACS
MOTORBAUREIHE = MB7y Engine is MB7 CHARACS
MOTORBAUREIHE = MB8 Engine is MB8 CHARACS
MOTORBAUREIHE = MBg Engine is MBg CHARACS
PRODUKTLINIE = COMPACT Product line is COMPACT CHARACS
PRODUKTLINIE = LARGE Product line is LARGE CHARACS

BEF_20 Repair group 20 WTY

BEF_s50 Repair group 50 WTY

BEF_70 Repair group 70 WTY

DCs_10 Diagnostic group 10 DIAG

DCs5_20 Diagnostic group 20 DIAG

DCs5_30 Diagnostic group 30 DIAG

DCs5_40 Diagnostic group 40 DIAG

DCs_s50 Diagnostic group 50 DIAG

DC5_80 Diagnostic group 8o DIAG

DC_PART _oo Part group oo from diagnostics DIAG
DC_PART_20 Part group 20 from diagnostics DIAG
DC_PART _30 Part group 30 from diagnostics DIAG
DC_PART_60 Part group 60 from diagnostics DIAG
DC_PART_70 Part group 70 from diagnostics DIAG
DC_PART_go Part group 9o from diagnostics DIAG
DC_RESULT o Diagnostic result code o DIAG
DC_RESULT 2 Diagnostic result code 2 DIAG
DC_RESULT_4 Diagnostic result code 4 DIAG
FLAG_KEY Key reader identifying flag SOURCE
KULANZSTUFE =3 Warranty stage 3 WGS
KULANZSTUFE = 4 Warranty stage 4 WGS
PRODUKTFELD_BDR Product field BDR CHARACS
PRODUKTFELD_OFI Product field OFI CHARACS
Wiederholer_BEF2 Repeat repair based on warranty RR
Wiederholer_DCs Repeat repair based on diagnostics RR
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The automotive industry is in the middle of a disruptive change in which
a competitive differentiation based on the car as a product itself is not
sufficient anymore. Customer centricity is one of the most important
management goals in this industrial sector. The consequence is a shift
from a product-focused company towards a service provider where
the car is just one element to achieve the target of maximum customer
satisfaction. Understanding subjective customer perceptions in this
complex service environment is the resulting challenge.

In order to achieve the highest outcome of a medical treatment perceived
by the patients, patient centricity is the core focus of the health care
sector since years. The determination of perceived patient satisfaction
has been well researched and various measurement approaches exist.

This work focuses on the knowledge transfer of perceived satisfaction
determination from the health care sector to the automotive industry.
A case study has been conducted that illustrates the managerial
implications and recommendations for improvement of the established
customer satisfaction determination in the automotive industry. Each
service process of a car is generating a vast amount of data. This work
shows how to make maximum use of this value by answering these two
questions: 1. Can dissatisfied customers be classified before the cus-
tomer service interaction ends based on data that is produced during
a service visit? 2. Can the indicators for dissatisfaction be derived from
service process data? Based on the knowledge derived in this work,
new data-driven service and business models can be developed for the
automotive industry to really achieve customer centricity.
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