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Prologue 

The emergence of electronic word-of-mouth (eWOM) has a fundamental in-
fluence on both consumers and firms. As a consumer, eWOM changes how 
we search for information, how we shop, and how we interact with firms. As 
a firm, the uncontrollable influence of eWOM dramatically challenges how 
firms are managed.  

This dissertation, entitled “The Impact of Electronic Word-of-Mouth 
on Consumers and Firms”, by Simon Monske focusses on three core research 
questions that are extremely relevant for both academia and practice: (1) What 
are consumers’ most common decision-making strategies based on eWOM and 
product information? (2) How should firms measure eWOM to generate mar-
ket insights? (3) How should firms manage eWOM to gain competitive ad-
vantage? After a comprehensive literature review of eWOM, which by itself is 
already a nice contribution, this dissertation examines the impact of electronic 
word-of-mouth (eWOM) on consumers (Study 1) and firms (Study 2 and 3).  

Thereby, Study 1 addresses the first research question. Think about 
your own searching behavior – do you believe it is similar to all of your 
friends’ search behavior? I guess not. As such, understanding consumers’ 
online search behavior is of utmost importance for both e-retailers (i.e., shop 
layout optimization) as well as for companies selling online (i.e., marketing 
communications and product information placement). Yet, empirical evi-
dence on consumers’ individual online search and decision-making strate-
gies, or more precisely, how consumers actually consume eWOM is scarce. 
There are several potential reasons for it, but one of the main reasons is that 
clicking data does not show where customers actually look at when shopping 
online. That is why Simon uses eye-tracking technology to investigate which 
product and review-specific information individual consumers look at and 
segments consumers by their most common decision-making strategies. 
Based on this, Simon derives the following implications for managers: (a) Most 
helpful positive reviews should be shown from the beginning of the product 
search, (b) in case a consumer is about to purchase, key product specifications, 
bestseller information, and price are very important and should be highlighted, 
(c) surprisingly, e-retailers can identify strategies based on click behavior and 
should highlight prioritized information according to each strategy in, e.g., 



 
mouse navigation-based pop up screens, and extend their recommender system 
to “next recommended review to read”, and finally (d) e-retailers could im-
prove individual targeting and cross-selling of higher valued products based on 
the early-stage exploitation of heterogeneity in search preferences. 

Study 2 addresses the second research question. eWOM has enabled 
consumers to become much more active in influencing and altering the nature 
of brand conversations. Consequently, firms’ should measure and act on what 
is said about their brands and products online. However, most organizations 
struggle to get the consumer insights they need due to a lack of suitable ap-
proaches. Simon proposes in this dissertation a conceptualization of an 
eWOM measurement tool that captures textual (valence) and numerical (vol-
ume) elements of eWOM across multiple eWOM platforms. In addition, it 
considers venue importance and provides actionable insights compared to 
key competitors. One of the important features of this measurement system 
is that it mimics consumers’ information search behavior. Simon derives the 
following implications for managers: (a) Managers, who want to develop 
eWOM measures for their own purposes, can use his conceptualization as a 
guideline, (b) the measure can impact cultural, strategic and operational, in-
novative, and financial organizational aspects of firms, (c) the measure can 
be used by managers to identify the potential of linking brand sentiment to 
firm performance, and finally (d) the tool assists firms to monitoring their 
own and competitive online brand performance as well as use it for strategic 
customer-centric decision-making. 

The final research question is addressed with Study 3. As said above, 
the role that eWOM plays in managing brands is one of the most prevailing 
challenges firms currently perceive. However, firms can also benefit from 
eWOM by collecting richer information about markets and consumers and 
become more market oriented overall. In order to utilize Social Media Intel-
ligence (SMI) effectively, collaboration across departments, information dis-
semination, and responsive market engagement are essential. Yet, consensus 
is to be found on organizational areas such as resource allocation, govern-
ance, and changes regarding structures, processes, leadership, skill develop-
ment, and culture, to disseminate SMI throughout the entire firm. Therefore, 
Simon’s dissertation includes the measurement of SMI maturity of German 
firms by means of a multi-dimensional model he developed. In addition, he 
investigates if higher SMI maturity also leads to higher brand performance 



 
and segments the German firms according to their maturity level. Based on 
this, he derives the following implications for managers: (a) The developed 
multi-dimensional maturity model allows firms to perform industry-specific 
benchmarks and helps to identify gaps that are needed to fully utilize the 
potential of SMI, (b) German firms should take their SMI to the next level 
by starting to integrate leveraged eWOM insights in firm processes to be-
come more market-oriented, (c) managers should implement effective re-
sponse processes that allow cross-divisional intelligence dissemination with 
clear role responsibilities along the entire value chain, (d) firms should im-
plement tools that capture relevant eWOM and consequently use the insights 
for decision-making, and finally (e) firms should install analytical staff to 
handle the dissemination across divisions to utilize SMI’s full potential. 

Overall, the dissertation by Simon tackles a very interesting, rele-
vant, and timely topic. Thereby, Simon offers many useful answers to the 
above mentioned main research questions. This dissertation is the first to 
show consumers search behavior with respect to online product reviews, the 
first to develop and implement a eWOM measurement tool that mimics con-
sumer behavior and meets objective measurement criteria needed to build 
such a tool, and the first to measure Social Media Intelligence maturity of 
multiple German firms in different sectors as well as outlines how to improve 
it. As such, it is a great piece of academic work that is very relevant to the 
business word. I can only applaud Simon for his great achievement and wish 
all readers a lot of fun and insights reading the dissertation. 

Finally, I want to thank Simon for his hard work at the Institute for 
Value-Based Marketing (IWM) at the Marketing Center Münster (MCM) at 
the University of Münster. Simon was one of the first two PhD students we 
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making the transition from the Netherland to Germany and building the in-
stitute. We together developed our “Start-Up” and I truly believe it is and 
will continue to be a huge success – not possible without the help, engage-
ment, and time of Simon. All of us learned a lot during that time at Münster, 
whereas sometimes also the hard way. During that time, we developed a kind 
of theme that there are two things we would love students to take away with 
them from Münster: (1) Roots in terms of an excellent academic and practi-
cally relevant education and the being together at the IWM and (2) Wings in 



 
terms of free and critical thinking in an environment that allows making mis-
takes and where own creative ideas are more than welcome. This then hope-
fully leads to a long lasting relationship, true to the motto: “PhD Student for 
a few years, Alumnus for a life!”  
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1 Introduction to Electronic Word-of-Mouth 

1.1. Relevance 

The emergence of electronic word-of-mouth (eWOM) has a fundamental in-
fluence on both consumers and firms. Current and potential consumers inter-
act with each other online, sharing feedback about products1 and firms they 
have experienced (Cheung and Lee 2012). In fact, eWOM elasticities, such 
as product review rating and volume, have become more influential than 
most other marketing mix elasticities (You, Vadakkepatt, and Joshi 2015). In 
an online survey consisting of 2000 American shoppers, 65% indicated to 
once have selected a brand as a result of product reviews, which they had not 
originally considered (Weber and Shandwick 2012). According to eMarketer 
(2015a), consumers trust eWOM 12 times more than marketer-initiated 
sources. Due to the rapidly growing e-commerce market2 and eWOM plat-
form3 users, the volume of eWOM is also increasing. 

Hence, through the access to an overwhelming amount of detailed 
information on brands and consumers, empowered consumers challenge em-
powered firms in the online marketplace (Erdem et al. 2016). As a conse-
quence, the importance of eWOM for consumers’ decision-making has led 
to heavy investments by marketing managers trying to understand consu-
mers’ shopping paths (Cheung and Lee 2012) and finally influence eWOM 
patterns (Berger and Schwartz 2011). Yet, despite reaching consumers hap-
pened to be the most important factor influencing media budget allocation, 
55% of senior marketers still lack an understanding of the customer journey 
(eMarketer 2016a). 

As consumers, eWOM changes how we search for information, how 
we shop and how we interact with other consumers as well as with firms 
(King, Racherla, and Bush 2014). Consumers are connected via eWOM plat-

                                                        
1  Throughout this dissertation, with the term ‘products’, services are meant as well but 

will not be mentioned every time. 
2  Worldwide sales are expected to reach $2.352 trillion in 2017 (eMarketer 2016a). 
3  E.g., Epinions, Facebook, Amazon, etc. 
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forms evermore and become important senders and receivers of eWOM con-
cerning firms’ brands and products (Gensler et al. 2013). They can either 
share their purchase experiences (e.g., a restaurant visit, or a digital camera) 
and therefore potentially influence others, or consume eWOM, and thus be 
potentially influenced by others. Concerning the overwhelming number of 
available products and marketer-generated information consumers are con-
fronted with, eWOM aids to minimize perceived risk and uncertainty (Babić 
et al. 2016). So, while searching for information to learn about product at-
tributes and evaluate various product alternatives, consumers encounter nu-
merous product reviews from others (Mudambi and Schuff 2010). Some 
firms; however, publish fake (extremely positive) reviews to enhance posi-
tive marketing communication, which may lead to an increase of consumer 
uncertainty and decrease of eWOM trustworthiness (Ludwig et al. 2013; 
Zhao et al. 2013). This problem; however, has partly been addressed by multi-
ple e-retailers by introducing verified purchase tags and the possibility to sort 
reviews according to its helpfulness rated by other consumers. In the end, each 
consumer must weigh which source of information to trust (marketer-initi-
ated vs. eWOM sources). Nevertheless, eWOM can influence each con-
sumer’s path to purchase individually, as consumers pursue heterogeneous 
information search strategies, weighing firm- and consumer-initiated product 
information differently (Ratchford 2015). 

As a firm, the uncontrollable influence of eWOM dramatically chal-
lenges how brands are managed. In brand management, traditionally, firms 
have used bowling strategies: one-to-many marketing communications to 
reach and influence consumers through mass media (Hennig-Thurau, 
Hofacker, and Bloching 2013). Nowadays, the marketplace works like a pin-
ball game, where, due to eWOM, consumers have increased power towards 
firms. This means that consumers become both important publishers and con-
sumers of stories around firms’ brands and products (Gensler et al. 2013) and 
can make or break brands overnight (Jon Iwata 2011). 

So, how should firms deal with the challenges arising from eWOM? 
By monitoring and measuring eWOM data, firms can generate insights for 
managerial decision-making (Lee and BradLow 2011) and contribute to the 
pinball game (Peters et al. 2013). eWOM thereby serves as a useful source of 
information for managers about consumers’ product experiences (Tirunillai 
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and Tellis 2014). Thereby, collective intelligence can be gained for important 
business decision-making (Malthouse et al. 2013), helping to improve firm 
productivity along the value chain (Chui et al. 2012). In fact, Dr. Thorsten 
Wingenter, head of digital innovations at Deutsche Lufthansa, said that “so-
cial content gathered through social media intelligence will be the only data 
source for market research in the future.”4 This quote reveals firms’ interest 
in and attention to becoming social enterprises, eagerly gathering strategic in-
sights from eWOM data in the future. 

Moreover, on top of eWOM measurement, firms should manage 
eWOM to increase brand performance (Homburg, Ehm, and Artz 2015). In this 
research context, managing eWOM implies the ability to create intelligence 
from eWOM data and disseminate that intelligence throughout the firm (Moe 
and Schweidel 2014). When using that intelligence to strengthen consumer-
brand relationships and pursuing a proactive market orientation, firms can 
moderate potential negative effects on brand performance (Chen, Ganesan, and 
Liu 2009; Cleeren, Dekimpe, and Helsen 2008). However, to gain a competi-
tive advantage through the use of eWOM, firms need broader organizational 
changes towards an analytical culture, skilled employees, operational excel-
lence as well as data-driven structures, processes, leadership, and trainings 
(Weinberg et al. 2013). 

Considering the rise in overcoming challenges and opportunities 
around eWOM, this dissertation aims at investigating how eWOM influences 
both consumers and firms. Overall, implications will be drawn for research-
ers and practitioners concerning consumers’ consumption of eWOM, and 
firms’ measurement and management of eWOM. 

1.2. Overall Research Gaps 

The effect of eWOM on consumers’ decision-making and brand performance 
has attracted dozens of academics in the past 15 years. However, there is no 
congruence in empirical results regarding the significance and direction of 

                                                        
4  The quote originates from an interview with Dr. Thorsten Wingenter that took place 

in March 2016 during an industry study in cooperation with Deloitte Digital. Deutsche 
Lufthansa is Europe’s second largest airline by passenger numbers (Bryan 2017). 
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its effects on consumers’ decision-making processes. This can partly be ex-
plained by different research settings concerning the dependent variables, the 
quantitative vs. qualitative nature of eWOM metrics, aggregated vs. dis-
aggregated data, and communication platforms used in the studies (Ratchford 
2015; Schweidel and Moe 2014; Sonnier, McAlister, and Rutz 2011). As a 
result, these varying results can lead to wrong conclusions regarding the in-
fluence of eWOM on consumers’ decision-making processes as well as the 
measurement of eWOM. It may also have an impact on brands as firms inte-
grate insights based on eWOM measurement throughout organizational areas 
for managerial decision-making (Weinberg et al. 2013). 

Following various mixed results and the vast number of academic 
publications in this literature stream, numerous eWOM meta-analyses have 
been published in recent years (e.g., Babić et al. 2016; Floyd et al. 2014; de 
Matos and Rossi 2008; Purnawirawan et al. 2015; You, Vadakkepatt, and Joshi 
2015). To understand the drivers behind those mixed results, various differ-
ences in antecedents, characteristics, communication platforms, and modera-
tors of eWOM are being processed in a comprehensive literature review in 
chapter two. Resulting from the literature review, three major research gaps 
have been identified and will be listed briefly in this section. 

Concerning the impact of eWOM on consumers, research is lacking 
insights into how it exactly affects their decision-making process. In fact, one 
of the key research priorities for 2016 to 2018, which the Marketing Science 
Institute proclaims and communicates every two years, is to gain knowledge 
“about how decision processes may be changing, given that customers are 
now always connected and have more choice in what they attend to” (Market-
ing Science Institute 2016). One major driver for the aforementioned mixed 
results is that the majority of studies focuses on how quantitative aggregated 
aspects of eWOM, e.g., average star rating or number of product reviews, in-
fluence product sales (Sonnier, McAlister, and Rutz 2011). Even though ex-
ceptions exist (e.g., Ludwig et al. 2013; Yang et al. 2012), which analyze tex-
tual aspects of eWOM, actual usage of eWOM information has rarely been 
discussed. Given the quantitative character of aggregated product reviews 
(both textual and numerical) and sales data used in those studies, empirical 
evidence on consumers’ individual information search and decision-making 
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strategies is missing (Ratchford 2015). Furthermore, choice models com-
monly incorporate all (product and/or review) information available. How-
ever, consumers most likely cannot cognitively process all information sim-
ultaneously and instead concentrate on selected elements (Bettman, Luce, and 
Payne 1998; Schmidt and Spreng 1996). Therefore, it is interesting to know 
which information consumers consider when making a purchase decision 
(Currim, Mintz, and Siddarth 2015). Moreover, knowledge about the different 
influences of product- and review-specific information between decision 
stages is scarce (Jang, Prasad, and Ratchford, 2012). Finally, mixed results in 
terms of the effect of eWOM can also be explained by discounting consumer-
specific psychographics (Sonnier, McAlister, and Rutz, 2011). To summarize, 
although there is plenty of empirical evidence that eWOM significantly affects 
consumers’ decision-making, researchers and practitioners still do not know 
how consumers consume and process eWOM information throughout the de-
cision-making process (King, Racherla, and Bush 2014). Therefore, study 1 
will deal with these research gaps. 

Regarding the impact of eWOM on brands, first, firms still do not 
know how to directly and efficiently measure the influence of eWOM on 
brand performance using tangible metrics (Kumar et al. 2013). Even though 
this knowledge is necessary to infer analytical insights from eWOM data for 
managerial decision-making (Schweidel and Moe 2014). Yet, no generaliz-
able tool to measure brands’ online-marketing performance has been estab-
lished (Hieronimus and Kullmann 2013). Furthermore, existing research has 
only partly met relevant measurement criteria needed to build such a tool 
(Ailawadi, Lehmann, and Neslin 2003). For instance, multiple eWOM plat-
forms as well as platform importance should be accounted for. But there are 
shortcomings in research, since the measurement of eWOM is often reduced 
to specific platforms, disregarding influential differences in persuasiveness and 
quality of such platforms (Schweidel, Moe, and Boudreaux 2011; Schweidel 
and Moe 2014). Also, eWOM should be evaluated relative to competition. 
Yet, little attention has been paid to acquiring eWOM data to analyze market 
structures (Lee and BradLow 2011), benchmark product features (Netzer et al. 
2012), and improve overall competitive intelligence (He, Zha, and Li 2013). 
Moreover, measurement tools should be implementable easily to deliver diag-
nostic value. Given the vast amount of eWOM data, firms are unable to effi-
ciently measure the impact of eWOM on brand performance, lacking robust 
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methodologies (Kumar et al. 2013). eWOM measurement should also con-
sider textual information. Most studies nearly focus exclusively on quantita-
tive surrogates of review contents (Mudambi and Schuff 2010) and lack the 
managerial need to get insights into text-based eWOM communication (few 
exceptions are, e.g., Ludwig et al. 2013; Yang et al. 2012). Future research 
may use a refined approach to investigate differences across brand, firm, at-
tribute, and product articulations (Dillon et al. 2001; Sonnier, McAlister, and 
Rutz 2011). Finally, various eWOM metric levels that can be broken down 
into disaggregated components should be considered. So far, only few re-
searchers have elaborated on 1) an aggregate summary of eWOM (Corstjens 
and Umblijs 2012), 2) guidance on how to interpret the volumes of eWOM 
(Schweidel, Moe, and Boudreaux 2011), or 3) relevancy of monitoring heter-
ogeneity among consumers’ brand articulations (Babić et al. 2016). To sum-
marize, research lacks insights into generalizable tools that consider multiple 
eWOM platforms, platform importance, competitive effects, various textual 
and metric level information, and that are easily implementable. Therefore, 
study 2 will deal with these research gaps. 

Third, firms need guidance on how to manage such significant struc-
tural transformations to becoming social enterprises (Weinberg et al. 2013). 
The quality of advancing managerial decision-making based on social media 
intelligence depends on accurate eWOM measurement and management 
within the firm (Schweidel and Moe 2014). Even this implementation of pro-
found eWOM measurement tools still challenges practitioners, especially re-
garding the establishment of firm processes to increase brand performance 
(Babić et al. 2016). Consensus is yet to be found on organizational areas such 
as resource allocation, governance, and changes regarding structures, pro-
cesses, leadership, training, and culture, to integrate social media intelligence 
(SMI) throughout the entire firm (Weinberg et al. 2013). Moreover, firms do 
not know how those changes can be realized in such a way that it affects not 
only the marketing department but any other functional area, e.g., IT, HR, 
finance, and legal (Peters et al. 2013; Weinberg et al. 2013). Further research 
questions arise in the social context such as how to manage risks surrounding 
eWOM and which metrics do best in evaluating the management of eWOM 
(Leeflang et al. 2014). Overall, it is of practical relevance to find out which 
organizational areas require most priority and how mature firms are in their 
social transformation. Following the concept of market orientation, firms that 
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are more mature in managing eWOM and thus better translate market insights 
into strategic decision-making should perform better (Homburg and Pflesser 
2000; Jaworski and Kohli 1993; Kohli and Jaworski 1990; Slater and Narver 
2000). No existing research examined whether higher maturity in managing 
eWOM also leads to higher brand performance. Furthermore, it will be rele-
vant to determine whether it only holds true in a particular organizational 
and/or industry context (Weinberg et al. 2013). To summarize, research lacks 
insights into the establishment of firm processes to disseminate SMI cross-
functionally, which transformative dimensions require most priority, and if 
higher SMI maturity increases brand performance. These research gaps will 
be elaborated in study 3. 

Having briefly summarized the three major research gaps consider-
ing the influence of eWOM on consumers and firms, a more comprehensive 
investigation of research questions will be outlined in section 2.10. 

1.3. Aims and Structure of the Dissertation 

Following the major research gaps introduced in the previous section, the 
three core research questions I would like to answer in my dissertation are as 
follows: 

1) What are consumers’ most common decision-making strategies based 
on eWOM and product information? 

2) How can firms measure eWOM to generate market insights? 
3) How can firms manage eWOM to gain competitive advantage? 

These core research questions will be addressed with three coherent 
studies, following a comprehensive literature review on eWOM. Whereas the 
first study focuses on consumers, the second and the third study focus on 
firms. 

Figure 1-1 gives an overview of how the studies are aligned. Thus, 
it can be used as a general guideline for the structure of this dissertation. In 
the following Figure 1-1, the structure of the dissertation will be outlined. 
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Figure 1-1: Outline of dissertation 

After the introduction in chapter 1, a comprehensive literature review 
of eWOM as a theoretical foundation for the three studies will follow in chapter 
2. In section 2.1, the theoretical foundations and relevant definitions will be out-
lined. In section 2.2, the antecedents of eWOM senders and receivers will be 
summaried, as both may affect consumers as well as firms. Then, in section 2.3, 
the most important characteristics of eWOM, such as volume, valence, vari-
ance, and helpfulness will be explained. The profound understanding of these 
characteristics is important, since they play a vital role in all three studies. In 
section 2.4, various types of eWOM communication platforms will be outlined, 
since heterogeneous effects can be expected depending on where eWOM is 
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posted or consumed (Schweidel, Moe, and Boudreaux 2011; Schweidel and Moe 
2014). These differences will also be discussed in studies 2 and 3. Those types 
range from review platforms and social media sites to e-commerce platforms. 
The moderating effect of product type on eWOM will be outlined in section 2.5. 
Next, in section 2.6, the relevance of eWOM measurement and varying defini-
tions will be discussed, concluding with a summary of certain measurement de-
siderata. In section 2.7, the organizational processes and structures will be high-
lighted to form theoretical foundations on how firms should manage eWOM. 
After summarizing the impact of eWOM on both consumers and firms in sec-
tions 2.8 and 2.9, section 2.10 will present the respective identified research gaps 
to motivate the three studies. 

In chapter 3, study 1 will be outlined, filling the first identified re-
search gap concerning the influence of eWOM on consumers. It contains an 
eye-tracking experiment in which consumers’ most common decision-ma-
king strategies will be segmented by means of a cluster analysis. In the intro-
duction (section 3.1), related studies will be elaborated to clearly motivate the 
study’s contribution and relevance. In section 3.2, the theoretical background 
will be explained, highlighting the information processing theory and ex-
pected propositions, and deriving the conceptual framework. In section 3.3, 
the experimental eye-tracking design will be explained in detail. Finally, the 
results and discussion sections 3.4 and 3.5 will summarize the main findings 
both statistically and conceptually, providing the ground for mana-gerial im-
plications and possibilities for future research. 

Chapter 4 deals with the second study, a conceptual project in which 
an eWOM measurement tool based on an algorithm will be established. In 
the introduction, section 4.1, the relevance for such a tool will be motivated. 
The theoretical foundation, outlined in section 4.2, builds upon the infor-
mation processing theory introduced in study 1, since one major goal of the 
tool is to mirror actual consumer search behavior. In section 4.3, the mea-
surement will be theoretically grounded and mathematically illuminated. 
Given its practical relevance and utilization, impact areas (section 4.4) will 
serve as guidelines for implementing such a tool in practice. Finally, the 
study will close with a discussion and possibilities for future research in sec-
tion 4.5. 



10 The Impact of Electronic Word-of-Mouth on Consumers and Firms 

Having derived an eWOM measurement tool, chapter 5 comprises 
study 3, which highlights the required organizational dimensions and trans-
formations needed to successfully integrate such a tool in firms. To find out 
which dimensions firms focus on to increase their performance, an empirical 
industry study was performed. In total, 153 German firms were surveyed 
about their maturity with respect to the management of eWOM. Following a 
brief introduction in section 5.1, highlighting the practical relevance and con-
tribution, the theoretical background and the conceptual derivation of the mul-
tidimensional maturity model will be extensively explained in section 5.2. The 
model was developed to assess firms’ maturity and describing it with firm 
and industry characteristics. Based on the resource-based view, dynamic ca-
pabilities theory, and the concept of market orientation, ten relevant dimen-
sions have been identified for the model. The study design, including a 
presentation of considered variables and the statistical method as well as the 
operationalization of variables, will be explained in section 5.3. Finally, the 
key findings (section 5.4) and managerial implications (section 5.5) will be 
discussed, closing with potential future research questions. 

The four chapters are summarized in Table 1-1, highlighting the ma-
jor research aims, key results, methods applied, and used data sources. 

In chapter 6, the dissertation concludes with a general discussion, 
highlighting the major contributions to current literature as well as the key 
findings from the three studies. Finally, an outlook will be provided with po-
tential areas for future research. 



 

Chapter Aim Key results Applied 
methods 

Data sources 

1) Literature 
review on 
eWOM 

Theoretically categorizing the 
eWOM literature, focusing 
on sender’s and receiver’s 
antecedents, characteristics, 
communication platforms, 
and product type moderators 
of eWOM, followed by the 
measurement and manage-
ment of eWOM. 

Summarize the impact of 
eWOM on both consumers 
and firms and conclude with 
identified research gaps. 

 Concerning the impact of eWOM on consumers, research 
lacks insights into qualitative aspects of eWOM, indivi-
dual information search strategies, usage of actual ac-
cessed information, differences across decision stages, 
and the influence of consumer-specific psychographics. 

Not appli-
cable 

Not appli-
cable 

 Concerning the measurement of eWOM, research lacks 
insights into generalizable tools that consider multiple 
eWOM platforms, platform importance, competitive ef-
fects, various textual and metric level information, and 
that are easily implementable. 

 

 Concerning the management of eWOM, research lacks in-
sights into the establishment of firm processes to dissemi-
nate SMI cross-functionally, which transformative dimen-
sions require most priority, and if higher SMI maturity in-
creases brand performance. 

  

  



 

Chapter Aim Key results Applied 
methods 

Data sources 

2) Segment-
ing con-
sumers’ de-
cision-ma-
king strate-
gies based 
on eWOM 
and product 
information 

Elaborate on the effect of pro-
duct differences on search 
behavior in two preceding 
pre-studies. 

Empirically investigate which 
eWOM information con-
sumers use when making 
product decisions online. 

Determine most common deci-
sion-making strategies and 
examine whether psycho-
graphics describe those 
strategies. 

 In pre-study 1, four product review information search 
strategies were found, focusing either on valence, vol-
ume, variance, or text. Those strategies are not specific to 
search- or experience goods. 

– Hierar-
chical 
cluster 
analysis 

– T-test 
– Analysis 

of vari-
ance 

– Consumer 
survey 

– Eye-track-
ing experi-
ment 

– Click- and 
choice data 

 In pre-study 2, an increased reclassification from expe-
rience- to search goods was identified, which depends 
on the digitalization of attributes, effort of information 
search, and sensual character. 

 Choice set formation requires more search intensity than 
final choice. When forming a choice set, positive most 
helpful review content is more important. In the choice 
stage, bullet-pointed product specifications, bestseller, 
and price information are more important. 

 

 In the choice set formation stage, we found three clusters: 
1) eWOM and product description text readers, 2) specifi-
cation skimmers, and 3) design-oriented consumers.  

   In the choice stage, we found four clusters: 1) most help-
ful review readers, 2) focused most helpful review read-
ers, 3) design-oriented specification skimmers, and 
4) product heading-focused consumers. Most psychogra-
phics do not describe search strategy. 



 

Chapter Aim Key results Applied 
methods 

Data sources 

3) Develop-
ment of an 
eWOM 
measure-
ment tool 

Develop an eWOM measure-
ment tool so that it mirrors 
consumer search behavior. 

 The tool assists firms to measure eWOM about 
owned as well as competitive brands and use it for 
customer-centric strategic decision-making. 

Correlations Limited sen-
timent and 
performance 
data for case-
study pur-
poses  

Identify practical application 
areas. 

 Managers can break it down to an aggregated senti-
ment score as well as insightful individual compo-
nents (e.g., volume, recommendations, venue cover-
age and importance, and consumer trends/topics). 

   One period lagged sentiment positively correlates 
with sales. 

4) Social me-
dia intelli-
gence – 
implica-
tions for 
firms in 
managing 
eWOM 

Investigate how to measure so-
cial media intelligence ma-
turity. 

Empirically examine whether 
higher social media intelli-
gence maturity leads to 
higher brand performance. 

 B2C firms (vs. B2B) in the insurance and telecommu-
nication industry are more mature. 

– Hierar-
chical 
cluster 
analysis 

– T-test 
– Analysis 

of vari-
ance 

Firm survey 

 Four clusters were found, differentiating in SMI ma-
turity. The most mature cluster has more successful 
new product introductions than competition. 

 Overall, firms are predominantly low mature, mostly 
lacking in organizational capabilities. 

 Top management support, followed by market orien-
tation and analytical culture contribute to the cluster 
solution the most

Table 1-1: Overview of dissertation chapters 





2 Literature Review of Electronic Word-of-Mouth 

The first objective of this chapter is to provide a literature review with a pre-
dominant focus on the outcomes of eWOM meta-analyses from de Matos and 
Rossi (2008), Babić et al. (2016), Floyd et al. (2014), Purnawirawan et al. 
(2015), and You et al. (2015). Furthermore, theoretical foundations and def-
initions of eWOM provide a clear understanding of used terms. Inspired by 
the aforementioned meta-analyses, the main part of the review distinguishes 
among quantitative eWOM characteristics (such as volume, valence, and var-
iance) and communication platform and product characteristics. In addition 
to the quantitative eWOM characteristics, this literature review will be com-
plemented by qualitative elements (such as textual aspects of valence and 
review helpfulness). According to de Matos and Rossi (2008), eWOM acti-
vity is also driven by eWOM sender’s and receiver’s antecedents and there-
fore will be addressed accordingly. Other moderating effects such as industry 
(You, Vadakkepatt, and Joshi 2015), methodological (Babić et al. 2016; 
Floyd et al. 2014; de Matos and Rossi 2008; You, Vadakkepatt, and Joshi 
2015), and contextual factors (Purnawirawan et al. 2015), are not discussed 
further, as they exceed the focal scope of research. Another contribution to 
the meta-analysis outcomes is a summary concerning the measurement and 
management of eWOM, followed by the impact of eWOM on consumers’ 
decision-making and brand performance. Finally, the chapter will close with 
respective research gaps resulting from the literature review. 

2.1. Theoretical Foundations and Definitions of 
eWOM and Social Media 

Given the extensive quantity of definitions of eWOM and social media, both 
in academic and practitioner literature, the aim of this section is to carefully 
explain those terms in detail and agree on definitions, which will be used for 
the remainder of this dissertation. Since social media is the most present type 
among eWOM communication platforms (Kaplan and Haenlein 2010), this 
section dedicates an additional emphasis on that term. 

Word-of-mouth can be described as the situation in which consu-
mers communicate information to other consumers about products specifi-
cally or about brands and firms in general (Arndt 1967). The process by 
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which consumers influence each other through complex interpersonal rela-
tionships is said to have a stronger effect on consumer behavior than on ge-
neral marketing communication (Day 1971). When communicated through 
the Internet, it is called “electronic word-of-mouth” (eWOM). Hennig-
Thurau et al. (2004) define eWOM as “any positive or negative quote made 
by potential, actual, or former consumers about a product or firm, which is 
made available to a multitude of people and institutions via the Internet.” 

Compared to traditional WOM, eWOM has been one of the most 
significant and recent developments in consumer behavior. The more com-
plex computer-mediated environment has made conversations more visible 
and reaches significantly larger numbers of social actors (Babić et al. 2016; 
Kozinets et al. 2010). In mid-2016, there were almost 3.5 billion Internet us-
ers worldwide (Stats 2016). The increased potential of reaching out to un-
countable consumers provides better opportunities for firms to observe, mea-
sure, and stimulate consumer interactions (Chen, Chen, and Xiao 2013). Al-
though being often unknown to each other, online consumers share mutual in-
terests and maintain their relationships given a specific product or topic/activity 
(King, Racherla, and Bush 2014). They can follow conversations and receive 
product opinions about almost any topic worldwide. 

Furthermore, eWOM has drawn much attention in research in late 
years, resulting in numerous meta-analyses. King et al. (2014), for example, 
identified six major characteristics for eWOM as information source: “en-
hanced volume, dispersion, persistence and observability, anonymity and de-
ception, salience of valence, and community engagement.” Moreover, Floyd 
et al. (2014) circumscribed eWOM to be perceived by consumers as a com-
munication that is 1) powerful and effective due to the possibility of being 
accessed by anyone anywhere, 2) balanced and unbiased given the amount 
of eWOM data being simultaneously presented from heterogeneous consu-
mers, and 3) easy to interpret, since eWOM is published both in qualitative 
(written text) and quantitative (aggregated sentiment value) form. On a ne-
gative side, eWOM is controllable by retailers who can regulate the techno-
logical infrastructure, control participant access, and decide on information 
formats. 

eWOM is often seen equal to user-generated content (UGC). How-
ever, these two concepts are not the same and need further clarification and 
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distinction. Kaplan and Haenlein (2010) define UGC that it “may be indivi-
dually or collaboratively produced, modified, shared and consumed, and can 
be seen as the sum of all ways in which people make use of social media.” 
Overall, UGC is much broader, summarizing any content consumers create 
and share, irrespective of the actual content. It is freely accessible, has no 
connection to any professionally created communication (similar to eWOM), 
and can be both of quantitative as well as qualitative nature (Kaplan and 
Haenlein 2010). The two, however, overlap considerably as soon as research-
ers focus on brand-related UGC (Smith, Fischer, and Yongjian 2012). 
eWOM is a specific type of UGC, which is exclusively related to products 
and/or firms directly. Therefore, eWOM will be the centrally used term, since 
the focus of this dissertation is on online articulations regarding products in-
fluencing both consumers and firms. 

When consumers engage in eWOM, e.g., by articulating and publi-
cizing their personal opinions about purchased products, social media pro-
vides an unparalleled platform to do so (Chen, Fay, and Wang 2011). In the 
literature, a few differentiating definitions exist and will be outlined to pro-
vide an argumentative basis for further usage of the term in this dissertation. 
According to Kaplan and Haenlein (2010), social media is “a group of Inter-
net-based applications that build on the ideological and technological foun-
dations of Web 2.0, and that allow the creation and exchange of User Gene-
rated Content.” 

The authors highlight the technological aspects and the exchange of 
UGC. Since it does not consider professionally created communications, this 
definition does not appropriately suit the context of this dissertation. The role 
of multiple participant involvement is addressed by Wasserman and Faust 
(1994), who argue that “social networks are social structures made up of a 
set of social actors (e.g., individuals, groups, or firms) with a complex set of 
dyadic ties among them.” This dyadic relational interactivity has been de-
scribed by Alba et al. (1997) as multi-way, immediate, and contingent. Peters 
et al. (2013) combine these views and formulate a definition of social media, 
which will also be used in this dissertation, given the focus on both consumer 
and firm activities: “Social media are communication systems allowing so-
cial actors to communicate along dyadic ties.” 
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Thus, a participant of social media can either be a consumer or a 
firm. According to Peters et al. (2013), a firm is no longer hierarchically pri-
vileged in a traditional one-to-many media communication structure. This 
so-called ‘bowling effect’ allowed firms with larger media budgets to expose 
commercial messages to a larger audience (Hennig-Thurau, Hofacker, and 
Bloching 2013). Even though online banner advertising is still aimed at 
reaching out to many consumers, consumers can directly and publicly react 
to a firm’s actions thanks to social media’s dialogic nature built on the idea 
of dyadic relationships. 

2.2. Antecedents of eWOM 

For firms to accurately measure and manage eWOM, it is important to un-
derstand why consumers spread and/or consume eWOM about their pro-
ducts. Since it may affect other consumers’ purchase decision-making and 
consequentially brand performance, this section summarizes recent eWOM 
studies that discuss the antecedents for both senders and receivers. 

2.2.1. eWOM Senders 

A large amount of research has examined the drivers for consumers posting 
eWOM, to understand the underlying dynamics (see Figure 2-1) Matos and 
Rossi (2008) found in their meta-analysis about eWOM communications that 
the commitment is the main driver of eWOM, followed by perceived value, 
quality, trust, satisfaction, and loyalty. In case consumers spread positive va-
lence, the two latter, satisfaction and loyalty, are moderated by positive valence. 
So, consumers spreading positive eWOM are those being more satisfied and 
loyal. These findings are especially appealing for managers, since they indi-
cated that consumers’ commitment to the firm would increase the likelihood 
of spreading favorable eWOM. Moreover, by further driving the identification 
and the values shared between consumers and the firm, consumers are likely 
to be more engaged (Fullerton 2003). Also, King et al. (2014) identified further 
factors motivating consumers to engage in eWOM, such as self-enhancement 
(Angelis et al. 2012), innovativeness and opinion leadership (Sun et al. 2006), 
individuation (Ho and Dempsey 2010), and altruism. The biggest segment 
sending eWOM was self-interest (Hennig-Thurau et al. 2004). 
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According to Moe and Schweidel (2011), potential senders of eWOM 
have to make a decision consisting of two elements: 1) whether to post, and 2) 
what to post. They argue that both are interrelated, as such that senders having 
an extreme opinion about a product are also more likely to post at all. Overall, 
senders are generally posting positive eWOM compared to negative (Chevalier 
and Mayzlin 2006). Another important factor is where to post. For instance, 
Schweidel et al. (2012b) show that social dynamics, fueled by platform char-
acteristics, can influence the evolution of eWOM, resulting in varying senti-
ments depending on where eWOM is posted. They conclude their study with 
the mark that a sender’s evaluation decision is dependent on a sender’s plat-
form choice. 

So how can firms influence senders? According to King et al. (2014), 
firms are facing two major problems. First, they want senders to post balanced, 
honest and informative feedback, which would consequently provide value to 
their peers and potential buyers. Second, firms are facing an under-reporting 
bias, in which senders tend to either post extremely positive or negative 
eWOM. The authors found out that nowadays it has become much easier to 
engage senders to post eWOM by increasing the degree of follow-up invita-
tions, creating perceived pressure. Moreover, economic incentives may posi-
tively stimulate senders to invest time in generating and posting eWOM mes-
sages (Hennig-Thurau et al. 2004). Algesheimer et al. (2010) provide further 
implications, in which consumer-to-consumer interactions should be stimu-
lated by firms as they seem to increase the engagement and loyalty of platform 
members. 

However, research lacks a thorough understanding of how firms 
should engage senders and how to react to a sender’s feedback, requesting 
future research. Firms request guidelines on how to encourage ‘the right’ 
consumers to post honest, informative, and well-reflected eWOM (King, 
Racherla, and Bush 2014). Furthermore, the authors stress the need to research 
whether review platforms (e.g., epinions.com) are more powerful in encoura-
ging constructive eWOM compared to collective projects (e.g., Wikipedia). 
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Figure 2-1: Visual excerpt of psychographics driving consumers to produce eWOM 

2.2.2. eWOM Receivers 

After describing the antecedents of eWOM senders, this section will summa-
rize recent eWOM studies that discuss the antecedents of eWOM receivers. 

As discussed earlier, studies show mixed results regarding the ef-
fects of numeric eWOM metrics on sales (Babić et al. 2016). The reason is 
that a common aggregation of product reviews over ratings and the assump-
tion that consumers read all product reviews, disguise the effect on sales 
(Sonnier, McAlister, and Rutz 2011; Yang et al. 2012). However, consumer-
specific characteristics can significantly moderate the relationship between 
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online reviews and purchase decisions (Zhu and Zhang 2010). Some con-
sumers are thus more reliant on certain information sources than others. Ad-
ditionally, the way consumers evaluate eWOM depends on the characteristics 
of eWOM. Therefore, the psychographic underlying drivers and motivators 
for consumers to receive eWOM need to be reviewed. 

In over 100 information search and product review studies (pub-
lished between 2000 and 2015), several drivers for eWOM consumption have 
been identified. Most researchers primarily used either qualitative explora-
tory techniques or surveys and experiments (King, Racherla, and Bush 2014), 
applying the consumer information processing theory (Bettman and Park 
1980). Starting with the individual motivators, consumers use eWOM to 
1) reduce search costs and evaluation efforts (Branco, Sun, and Villas-Boas 
2012; Dabholkar 2006), 2) reduce (financial) risk (Banerjee 1992; Bettman 
and Park 1980; Pascual-Miguel, Agudo-Peregrina, and Chaparro-Peláez 
2015), 3) find social re-/assurance (Bailey 2005), and/or 4) increase infor-
mation value (Weiss, Lurie, and MacInnis 2008). 

Continuing with consumer characteristics (see Figure 2-2), consu-
mers are expected to use eWOM due to lower 1) product knowledge and ex-
perience (Maity, Dass, and Malhotra 2014; Martin and Lueg 2013; Yang et 
al. 2012), 2) brand awareness (Jang, Prasad, and Ratchford 2012), 3) market 
mavenism (Barnes and Pressey 2012), 4) brand loyalty (Konus, Verhoef, and 
Neslin 2008), 5) self-confidence (Barnes and Pressey 2012; Chelminski and 
Coulter 2007), and higher 6) product involvement (Floyd et al. 2014), 7) an-
ticipated regret (Inman and Zeelenberg 2002), 8) shopping enjoyment (Konus, 
Verhoef, and Neslin 2008), 9) Internet shopping experience (Huang, Lurie, 
and Mitra 2009), 10) need for cognition (Ailawadi, Neslin, and Gedenk 2001), 
11) price-consciousness (Konus, Verhoef, and Neslin 2008), and 12) attitude 
towards reviews (Jiménez and Mendoza 2013). 

In study 1, it will be analyzed whether these consumer characteristics 
significantly describe heterogeneous consumer decision-making behavior. 
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Figure 2-2: Visual excerpt of psychographics driving consumers to consume eWOM 

2.3. eWOM Characteristics 

In research, the effect of eWOM on consumers and firms has been measured 
with multiple metrics, capturing various aspects of eWOM and therefore 
leading to different results. In their meta-analysis, Babić et al. (2016) distin-
guish among the most important eWOM characteristics, such as volume, va-
lence, and variance. To complete these quantitative eWOM characteristics 
with qualitative elements, textual aspects of valence as well as review help-
fulness will be discussed. 
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2.3.1. Volume 

The volume of eWOM communications measures “the total amount of eWOM 
interaction” (Liu 2006), which is the sum of any positive or negative quotes 
made about a product or firm. Whether those quotes are few or many, they 
deliver information about the quantity of consumers who experienced the pro-
duct and how well-known it is. Therefore, it reduces uncertainty and ulti-
mately increases awareness, which leads to more sales (Chen, Wang, and Xie 
2011; Chintagunta, Gopinath, and Venkataraman 2010; Godes and Mayzlin 
2004). An increase in consumers’ purchase decisions may be initiated by a 
higher volume of product reviews, creating greater awareness of the product 
as well as enhanced perceived quality (Duan, Gu, and Whinston 2008). Due 
to its extrinsic character, volume increases the diagnosticity and persuasive-
ness of eWOM since the more consumers express product articulations the 
more consumers will perceive the opinion as correct (Khare, Labrecque, and 
Asare 2011). Van den Bulte and Lilien (2001) describe the underlying dynamic 
of this phenomenon as the ‘bandwagon effect’, i.e., higher availability of other 
consumers’ product articulations influences other consumers, irrespective of 
the tonality of such articulation (Godes and Mayzlin 2009). Rooting in herding 
behavior and social impact theory, consumers are reliant on higher volumes 
of peer-generated product articulations when it comes to purchase decision-
making. It reduces the risk in the environment when confirmed by multiple con-
sumers (Banerjee 1992). Moreover, extensive discussions about products ulti-
mately increase the chance of drawing attention to it from other peers (Cacioppo 
and Petty 1989). Once higher volumes of eWOM develop, they tend to positively 
affect the volume of eWOM thereafter (Liu 2006). 

Looking at the findings from recent eWOM meta-analyses (see Fig-
ure 2-3), both volume and composite valence-volume are the most important 
metrics explaining sales (Babić et al. 2016). Floyd et al. (2014) reviewed 
previous empirical results from Duan et al. (2008) and Liu (2006), suggesting 
that the volume of product reviews is positively related to movie sales and 
box office revenues respectively. In another meta-analysis, You et al. (2015) 
looked at platform, industry, and product characteristics and found that 
eWOM volume is more effective for products that are durable, with low 
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trialability, high observability, as well as for platforms whose perceived ex-
pertise and trustworthiness are higher. On the other hand, eWOM volume is 
negatively affected by increased competition. 

Figure 2-3: Visual excerpt of moderating variables affecting the influence of volume 
on sales 

2.3.2. Valence  

Harrison-Walker (2001) originally developed a scale to measure eWOM 
communication, composing of the two dimensions: ‘eWOM activity’, re-
flecting the volume of communication, and ‘eWOM praise’, the valence of 
communication. In the years thereafter, valence received a lot of attention in 
marketing research publications. In 2006, Liu defined the term valence as the 
“tonality of eWOM being either positive, negative, or neutral.” Online, it can 
be presented as both numerical (quantitative elements: average star rating) 
and textual (qualitative elements: textual product review). In literature, vari-
ous expressions exist concerning valence, such as favorability, sentiment, to-
nality, or polarity of eWOM, all referring to directive information expressed 
in a product articulation (Babić et al. 2016). Valence is often a measure for 
product reviews on e-commerce or review platforms, expressed in a general 
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product rating or a written evaluation of a product. Consumers, who are ex-
posed to valence, form preferences for the product since it represents a type 
of reputation and expected product quality (Kim and Gupta 2012). Godes and 
Mayzlin (2009) refer to this as the persuasion effect or information influence 
of eWOM. 

The effect of positive, negative and neutral valence has been exten-
sively discussed in marketing literature with varying directions. According 
to Liu (2006), positive eWOM usually increases consumers’ expected pro-
duct attitude, whereas negative eWOM may be due to subjective complaints 
or rumor, resulting in unfavorable product attitude. Zhang et al. (2010), for 
instance, found that sales, for few exceptions, do not decrease because of ne-
gative eWOM, confirming that in general positive eWOM has greater influ-
ence. This effect seems to be especially notable in the online context, where 
favorable information is more trusted than unfavorable information as consu-
mers suspect competitors of posting negative eWOM purposely (Ong 2011). 

In numerous studies; however, negative articulations are perceived as 
being stronger, more influential, predictive, and powerful (Floyd et al. 2014). 
This can be linked to prospect theory (Kahneman and Tversky 1979), positing 
that potential losses have a greater impact on decision-making than gains. 
Purnawirawan et al. (2015) argue that the effect of positive vs. negative eWOM 
is not generalizable and depends on the purchase context. Negative eWOM 
matters more than positive eWOM, for instance, if it comes to perceived use-
fulness. Negative eWOM is more novel, receiving more attention and therefore 
having a greater stickiness effect (Purnawirawan, De Pelsmacker, and Dens 
2012). In fact, enhanced positive information in negative articulations might 
lead to a maximum of usefulness. Concerning attitudes; however, positive 
eWOM is suggested to have stronger effects. On the Internet, overall, product 
reviews are influenced by a positivity bias, as more positive compared to ne-
gative opinions are present (Chevalier and Mayzlin 2006). Since consumers 
are influenced by product reviews, the unbalanced quantity of positive valence 
will affect consumer decision-making (Purnawirawan et al. 2015). 

Compared to other eWOM metrics, according to Liu (2006), valence 
has significantly higher sales elasticities than volume elasticities when written 
by experts and published on non-seller websites. Though the effect seems to 
be dependent on certain product categories, since volume was found to have 
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greater influence on performance (Chintagunta, Gopinath, and Venkataraman 
2010; Duan, Gu, and Whinston 2008). Floyd et al. (2014) find that valence is 
more impactful than volume, which represents a departure from these as-
sumptions made. In addition, concerning product returns, positive review va-
lence was found to increase sales but also returns, which negatively affects 
financial performance (Minnema et al. 2016). Review volume and variance, 
on the other hand, mainly affect purchase decisions, with little to no effect 
on product returns. Contextual moderators are found to be crucial in explain-
ing those differences in You et al. ’s (2015) meta-analyses (see Figure 2-4), 
where eWOM valence is more effective for goods that are durable, have 
lower trialability and higher observability, and for platforms whose perceived 
expertise and trustworthiness are higher. On the other hand, eWOM valence 
is negatively affected by increased competition. In addition, in a study by 
Kostyra et al. (2014), it was found that variance also moderates the effect of 
valence on product decision-making. 

Figure 2-4: Visual excerpt of moderating variables affecting the influence of va-
lence on sales 

Quantitative compared to qualitative valence metrics are more 
prominent in academic studies since numerical elements are easier to extract 
from eWOM than textual elements (Ludwig et al. 2013). However, eWOM 



The Impact of Electronic Word-of-Mouth on Consumers and Firms  27 

expressed in written articulations may contain further relevant information 
and influence consumer decision-making. Moreover, compared to textual 
product opinions, numerical valence is limited to less websites (predomi-
nantly on e-commerce and comparison sites). Therefore, in recent years, re-
searchers started to use text-mining to reveal the effects of qualitative infor-
mation (Netzer et al. 2012) on outcome measures, such as product attributes 
on sales (Archak, Ghose, and Ipeirotis 2011), product chatter on stock per-
formances (Tirunillai and Tellis 2012), product attributes on consumer pref-
erences (Decker and Trusov 2010), product attributes on market structures 
(Lee and BradLow 2011), and reviews and product descriptions on hotel de-
mand (Ghose, Ipeirotis, and Li 2012). Tirunillai and Tellis (2014) comple-
ment that research stream with their framework by 1) capturing eWOM va-
lence handling both quantitative and qualitative data, 2) controlling for con-
text-specific valence, 3) leaving out grammatical and language properties to 
better extract latent dimensions, and 4) having a broad generalizable sample. 

Another advantage of analyzing qualitative eWOM aspects is the in-
clusion of disaggregated details (Ludwig et al. 2013) (see Figure 2-5) such as 
argument strength, source credibility, recommendations, review persuasive-
ness, two-sidedness, affect intensity, review length, and content properties. For 
instance, Hamby et al. (2014) evaluated mechanisms underlying the impact of 
reviews’ content-presentation formats (i.e., more information-based vs. more 
story-based) on behavioral intent. Their results confirmed previous research 
stating that more story-like formats lead to higher review transportation and 
stronger arguments enhancing review persuasion. In terms of review credibi-
lity, Yee Cheung et al. (2009) found that argument strength, source credibility, 
and (mentions of) recommendations significantly influence perceived eWOM 
review credibility. Ghose and Ipeirotis (2011) found that sales can also be vi-
tally affected when linguistic correctness is high. Concerning review persua-
siveness, the more similar the perceptions of consumers and reviewers are, the 
more the consumer is persuaded by the review (Naylor, Lamberton, and Norton 
2011). Two other review aspects which cannot be revealed by numerical va-
lence, are two-sidedness (i.e., reviewer illustrates both the positive and nega-
tive aspects of a particular product) and affect intensity (i.e., number of emo-
tion-laden words in the review narrative). Two-sidedness causes greater re-
view credibility, whereas it is lowered by affect intensity (Jensen et al. 2013). 
Furthermore, Chevalier and Mayzlin (2006) found that the effect of review 
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length on sales is dependent on the enthusiasm in the written review. This 
obviously cannot be captured by rating measures. Mudambi and Schuff 
(2010) also examined that review length positively correlates with perceived 
review helpfulness. Ghose and Ipeirotis (2011), however, found a non-linear 
relationship, in which medium length reviews, compared to very short or very 
long reviews, are more helpful. Finally, Ludwig et al. (2013) looked at seman-
tic content and style properties of product reviews and found out that reviews 
predict conversion rates even more precisely if the reviews match the linguistic 
style of the interest group. Overall, the quantity of research findings that are 
based on qualitative eWOM aspects shows the importance not to neglect 
textual aspects when measuring the effect of eWOM. In fact, numerous stu-
dies showed evidence that more attention has been paid to disaggregated con-
tent compared to aggregated rating information (Wu 2012). 

Figure 2-5: Visual excerpt of textual review variables affecting sales and review 
outcome variables 
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To extract insights from qualitative eWOM, the textual elements 
must be coded into measurable data. The valence can be assessed by either 
automated machine learning tools (Tirunillai and Tellis 2012) or human cod-
ing (Schweidel and Moe 2014). There are certain advantages and disad-
vantages that need to be explained. Given the enormous amount of eWOM 
data that must be coded for statistical analyses, automated machine learning 
is more cost-effective than human coding (Tirunillai and Tellis 2012). How-
ever, Montoyo et al. (2012) outline major challenges and serious limitations 
of automated text mining tools for reviews, such as: 1) the detection of irony, 
2) ambiguity of words, 3) multilingualism, 4) the need for contextual analy-
sis, and 5) the importance of contemplating negation and its scope. To use an 
example, a consumer may start a review with a negative comment about a 
malfunctioning product attribute and continues to explain in the remainder of 
the review that the product did not work properly due to his/her own fault. A 
machine learning tool will likely code the post as negative, since it (so far) 
has difficulty in capturing the context of the post. Moreover, a challenge with 
machine learning compared to human coding is that many posts are classified 
as neutral, decreasing the amount of information in the retrieved data (Godes 
and Mayzlin 2004; Sonnier et al. 2011). Hence, automatism up-to-dateness 
quite often lacks the above-mentioned essential qualitative review elements 
to determine accurate post valence (Montoyo et al. 2012) or needs enormous 
training and thus time and expenditure to arrive at satisfactorily results. 
Therefore, few academics recommend combining both manual coding and 
automated coding but encourage further research in marketing to investigate 
which approach is most appropriate (Schweidel and Moe 2014). 

Another argument for the varying effects of both valence and vol-
ume on performance measures was discussed by Babić et al. (2016). The au-
thors go beyond both metrics and express that most review studies fail to 
distinguish between relevant sub-metrics of eWOM. Hence, the new variable 
composite valence-volume (e.g., total number of five-star ratings) was intro-
duced. They argue that it is conceptually different to valence and explains 
previous misleading effects on sales. It combines the sub-metrics valence and 
volume and can be explained as follows: 

“Seeing that a product received 500 Facebook likes informs a consumer 
about the sentiment toward the product while also providing an indication 
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about the actual number of people who formed an opinion about it. This 
represents both valence and volume. In contrast, the metric percentage of 
one-star ratings indicates that some consumers share negative sentiment, but 
it does not communicate how many consumers share an opinion. This is a 
measure of valence.” 

In their model, volume and composite valence-volume are the most 
important metrics linked to sales, justifying the importance of this new mea-
sure. Concluding, future research should not single-out valence nor volume 
but include the composite-volume measure to complete the measurement of 
eWOM more realistically. 

2.3.3. Variance 

Compared to volume and valence, variance is a less prominent but still rele-
vant numeric eWOM measure used in this research field. It represents “a na-
tural measure to capture the heterogeneity in consumer opinions” (Sun 2012) 
and can be observed through the number of customer ratings for each valence 
level (Chintagunta, Gopinath, and Venkataraman 2010). 

Concerning the effect of variance on performance (see Figure 2-6), 
Clemons et al. (2006) found that variance is significantly correlated with 
sales growth. In another study by Jang et al. (2012), the effect of variance 
depends on prior perceived quality. Moreover, Kostyra et al. (2014) found 
that variance does not directly influence decision-making but moderates the 
effect of valence. Similarly, Sun (2012) examined the relationship between 
variance and perceived product quality and found that review heterogeneity 
decreases demand when average valence is high but increases demand when 
the average rating is low. Finally, Babić et al. (2016) confirmed the previ-
ously mentioned effects and took additional contextual factors into account. 
According to their meta-analysis, variance decreases sales on e-commerce 
platforms for tangible, utilitarian, new, and high financial risk products. To 
sum up, the often overlooked eWOM measure, variance, influences perfor-
mance measures and should thus be monitored and considered. 
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Figure 2-6: Visual excerpt of moderating variables affecting the influence of variance 
on sales 

2.3.4. Helpfulness 

Another eWOM characteristic is helpfulness. Mudambi and Schuff (2010) 
define helpfulness as “a peer-generated product evaluation that facilitates 
consumers’ purchase decision processes.” It is a disaggregated extension of 
valence for each product review. The eWOM extension predominantly exists 
as an additional eWOM information source on e-commerce sites and com-
parison sites. Therefore, it has not been included in most studies. However, 
more eWOM communication platforms (e.g., forums and blogs) seem to 
adapt and add a function to mark a review or articulation as being helpful or 
not. On Amazon, for instance, this was established by asking consumers: 
‘Was this review helpful to you?’ It thereby aids consumers in the process of 
making a decision by reducing pre-purchase uncertainty (Adjei, Noble, and 
Noble 2010) and can be seen as a bi-nominal valence score (yes or no) for 
textual eWOM. The helpfulness of information plays a key role in the adop-
tion of behavior theory (Sussman and Siegal 2003), where consumers pur-
posefully adopt information once the quality of that information has been 
confirmed by peers (Cheung et al. 2009). Hu et al. (2014) and Singh et al. 
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(2017) found that due to higher exposure, consumer decision-making is sig-
nificantly influenced by the votes of review helpfulness. 

So far, review helpfulness has predominantly been analyzed as the 
dependent variable, looking for factors that make reviews more helpful than 
others. Examples are: Mudambi and Schuff (2010), who investigate per-
ceived helpfulness of reviews, Pan and Chiou (2011), who investigate the 
determinants of information helpfulness, Korfiatis et al. (2012), who assess 
the relationship between the percentage of helpful votes awarded to a review 
and the review text’s stylistic elements, and Qiu et al. (2012), who investigate 
the influence of a conflicting aggregated rating on review credibility and di-
agnosticity (Filieri 2015). Yet, besides the aforementioned exceptions, there 
seems to be limited empirical evidence whether review helpfulness as such 
influences review attention and indirectly on performance measures. To sum-
marize, eWOM sites offering the function of evaluating reviews as being more 
helpful or not, provide easy access to credible information, create a source of 
differentiation, and thereby offer more value to consumers (Mudambi and 
Schuff 2010). 

2.4. eWOM Communication Platforms 

Different types of eWOM communication platforms (e.g., review and e-com-
merce platforms and social media sites) have already been mentioned and 
will be relevant factors in answering the research questions of this disserta-
tion in all three studies. The different elements of each communication plat-
form also shape how, when, and what type of eWOM is used (Berger and 
Iyengar 2013). Therefore, it is crucial to explain the different characteristics 
across communications platforms since they influence the effect of eWOM 
on sales (Babić et al. 2016) and play a vital role in the next sections. 

Various classifications for eWOM and/or social media communica-
tion platforms took place in recent years. Given the vast velocity of new en-
trants based on technological innovations, they all become relatively quickly 
outdated. Therefore, the aim of this section is to confront them and agree on 
a classification that will be used for the remainder of this dissertation. 

Kaplan and Haenlein (2010) introduced a classification for social me-
dia platforms, differentiating between social networks, social virtual worlds, 
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collective projects, content communications, massively multiplayer online 
games, blogs, and microblogs. Since their study focused on social media, nu-
merous eWOM communication platforms are missing. King et al. (2014) re-
viewed the entire eWOM literature and summarized the types of communica-
tion platforms into five groups, namely product reviews (e.g., Sen and Lerman 
2007; Tirunillai and Tellis 2012), social network sites (e.g., Trusov, Bucklin, 
and Pauwels 2009), blogs (e.g., Kozinets et al. 2010), discussion forums (e.g., 
Cheung et al. 2009), and Usenet groups (e.g., Godes and Mayzlin 2004). Fol-
lowing their description of social network sites, one could subordinate Kaplan 
and Haenlein’s (2010) groups, except for blogs and microblogs, under King et 
al.’s (2014) social network sites. Babić et al. (2016) took a next step and ac-
counted for four different types of eWOM communication platforms, namely 
review platforms, social media sites, e-commerce platforms, and all other plat-
forms. Other platforms include types of WOM communications that were not 
specified in the analyzed studies and did not lead to significant results. There-
fore, it will be left out in further explanations. Since the authors complement 
the classification from King et al. (2014) and all previously mentioned groups 
can be subordinated into their classification, it will be the basis for the remain-
der of this dissertation (see Table 2-1). However, for eWOM to be seen by 
many consumers and to be measured and managed by firms (focus of all three 
dissertation studies), it needs to take place on public platforms. Of course, 
eWOM is also consumed and published on private platforms within closed 
communities (e.g., private Facebook profiles/groups, massive online games, 
social virtual worlds and certain blogs). Therefore, many groups classified by 
Kaplan and Haenlein (2010) do not suit the focus of this dissertation. 
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Categories Examples 

Review platforms Epinions 

Social media sites   

Social networks Facebook, LinkedIn 

Social virtual worlds Second Life 

Collective projects Wikipedia 

Content communications YouTube 

Mass online games World of Warcraft 

Blogs and microblogs Twitter, TechCrunch 

Discussion forums Gaia Online 

Usenet groups Newsgroups 

E-commerce platforms Amazon 

Other platforms Internet overall 

Table 2-1: Overview of eWOM communication platform classifications 

Babić et al. (2016) also account for four platform characteristics that 
may influence consumers’ use of platforms. These characteristics play a role 
in the measurement (study 2) of eWOM. First, consumers evaluate the qua-
lity of platforms according to additional information about eWOM senders. 
As discussed earlier, Ludwig et al. (2013) found out that consumers trust 
eWOM senders more if they match their linguistic style, which might also be 
the case if the sender’s profile information matches their style. Forman et al. 
(2008) extended that argument that eWOM messages published by similar 
others are more persuasive. Therefore, similar to indicators such as helpful-
ness, senders’ information aids consumers in assessing whether content is 
relevant and trustworthy to them and consequently stimulating product deci-
sion-making (Babić et al. 2016). Second, further information about the 
eWOM message increases trust and perceived quality, such as publishing 
time and helpfulness rating (Berger 2014). Third, a platform’s reputation in-
creases or decreases perceived quality and trustworthiness of eWOM mes-
sages. Indicators for platform reputation are, e.g., the number of visitors, fol-
lowers, or fans. These can influence the Google ranking process. In the ear-
lier development stages of a platform, for instance, it might lead to smaller 
network outcomes and thus a lesser impact on sales (Babić et al. 2016). 
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Fourth, consumers have become suspicious concerning the trustworthiness 
of product reviews, given the increasing number of fake reviews to boost 
product rankings or diminish negative reviews (Floyd et al. 2014). As a con-
sequence, to reduce the risk of fake senders, various platforms have intro-
duced policies, forcing senders to register with detailed personal profiles or 
allowing writing reviews only if they purchased the product (Babić et al. 
2016). Amazon, for instance, established the ‘Vine program’, inviting quali-
fied customers to test their products at no cost and in return asking them to 
evaluate the products objectively on the product site. The Vine membership 
is then mentioned below the review title. 

2.4.1. Review Platforms 

In general, review platforms are independent websites where consumers can 
read reviews about almost any product. Prominent examples are Epinions, 
ConsumerReviews, and Yahoo! Movies. eWOM published on review plat-
forms is expected to utilize a stronger impact on consumers compared to 
other eWOM platforms, since they are easy to operate given relative con-
sistent formats. Thus, they require less Internet experience to obtain the 
needed information about a product (Hennig-Thurau et al. 2004). However, 
the impact on consumers differs according to the focus on expertise per re-
view platform (You, Vadakkepatt, and Joshi 2015). Some review platforms 
have a narrow focus on particular product groups (e.g., flixster.com for mo-
vies) and host hosting reviews by experts, which provide greater product at-
tribute discussions (Chen and Xie 2008). Other review platforms position 
themselves as more general review sites aiming at consumer reviews from a 
wide range of products (e.g., epinions.com), attracting more inexperienced 
reviewers and providing more information on individual consumer prefe-
rences and experiences (Chen and Xie 2008). Since consumers value exper-
tise on the product they are about to purchase, specialized review platforms 
are expected to reduce more product uncertainty and thus provide greater 
benefits to consumers (You, Vadakkepatt, and Joshi 2015). 

2.4.2. Social Media Sites 

Following the aforementioned definition, social media sites in their core 
function, provide social actors with a platform to communicate with each 
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other. According to Babić et al. (2016), social networks, blogs, discussion forums 
and Usenet groups all belong to the group, social media. Within social media, 
social network sites attract the most users and have become one of the most in-
fluential technological innovations that changed consumer behavior dramatically 
(Dwyer 2007). With 1.650 million active monthly users, Facebook is still by far 
the largest social network worldwide (Statista 2016a). Looking at the German 
market, Facebook also reaches most consumers with more than 40% unique 
visitors (see Figure 2-7). In a social network, users establish an individual pro-
file with personal images and information about interests, and can build and 
maintain a network of friends for both social and professional interaction 
(Trusov, Bucklin, and Pauwels 2008). The aim of social networks is to maxi-
mize social exchanges, which can result in more negative comments, since 
eWOM senders are more subject to varying social dynamics (Schweidel and 
Moe 2014). However, numerous review platforms limit the length of articula-
tions, unlike blogs and forums that allow for more depth. Given the limitation in 
depth, eWOM senders in social networks are encouraged to post extreme opin-
ions, leaving lesser room for sophisticated articulations, unlike in forums, which 
present richer and more nuanced opinions (Schweidel and Moe 2014). 

Besides social network sites, Kaplan and Haenlein (2010) further dis-
tinguish between social virtual worlds (e.g., Second Life), collective projects 
(e.g., Wikipedia), content communications (e.g., YouTube), and mass online 
games (e.g., World of Warcraft). However, in social virtual worlds and mass 
online games, eWOM is not public. These platforms are therefore not as rele-
vant in the research context of this dissertation and will not be discussed further. 
Collective projects such as Wikipedia are publicly accessible and allow any 
consumer to express information and represent important sources for eWOM 
mea-surement. The most successful platform is YouTube. Its predominant func-
tion is the sharing of user videos, which (among other content) may also contain 
opinions about products. Users can also comment or like videos. The speed at 
which new types of platforms arise can be exemplified by Instagram. Instagram 
is a picture and video sharing platform with little user profile information and 
mo-derate social presence (Kaplan and Haenlein 2010). According to these 
characteristics, Instagram is comparable to content communications and micro-
blogs. As mentioned above, brands have plentiful Facebook fans, but their 
Facebook audiences engage minimally (see Figure 2-8). In fact, brands see a 
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higher engagement ratio on Instagram, with 20 interactions per post, fol-
lowed by Pinterest (15). 

Microblogging represents another new phenomenon. It “refers to the 
broadcasting of brief messages to some or all members of the sender’s social 
network through a specific web-based service” (Kaplan and Haenlein 2011). 
Its most prominent example is Twitter, with 310 million active monthly users 
(Statista 2016a). Microblogging has been introduced as a new type of eWOM 
through which consumers share their opinions with unprecedented speed. 
Therefore, it potentially influences early adoption of new products before 
other eWOM platforms are capable of presenting any post-purchase infor-
mation (Hennig-Thurau, Wiertz, and Feldhaus 2015). 

Another type of social media are online discussion forums and Usenet 
newsgroups, which became popular as new eWOM communication platforms 
much before the rise of social networks. However, user numbers are much lower 
compared to social networks and microblogs. The advantage of such forums is 
that vast amounts of consumer information on opinions and recommendations 
on products are posted by highly experienced consumers (Cheung et al. 2009). 
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Note: In unique visitors, indicated in %; second half of 2015 

Figure 2-7: Reach of largest social networks in Germany  

Source: Statista (2015) 

Note: Per 1000 followers with social media posts among brands worldwide by 
industry (October 2015) 

Figure 2-8: Average number of social interactions  

Source: TrackMaven (2015) 
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2.4.3. e-Commerce Platforms 

Similar to review platforms, e-commerce platforms offer many product re-
views to add objective information in addition to seller-generated product (at-
tribute) information. Overall, according to research, product reviews are found 
to be the most prevalent form of eWOM (Duan, Gu, and Whinston 2008).    
Amazon, for instance, is the most prominent example. It has established an 
extensive review system, which has been copied by many other e-commerce 
shops. In their meta-analysis, Babić et al. (2016) found that on such platforms, 
eWOM is supposed to further increase sales when it is immediately visible 
right at the beginning of an on-site search. Moreover, eWOM seems to be more 
effective when appearing on an e-commerce platform or review platform com-
pared to social media platforms. Variance was found to have a negative effect 
on e-commerce platforms, whereas like-minded dynamics such as user-profile 
similarities between senders and receivers did not have an influence. The authors 
recommend e-commerce shop managers to prominently place eWOM infor-
mation right at the forefront to strongly influence sales. 

2.5. Product Type Moderators 

Based on the aforementioned meta-analyses from de Matos and Rossi (2008), 
Babić et al. (2016), Floyd et al. (2014), Purnawirawan et al. (2015), and You 
et al. (2015), and additional eWOM literature research, five major product 
types were found to moderate the effect of eWOM. 

First, a frequently used product type moderator in the eWOM lite-
rature stream is the difference between experience– vs. search goods (e.g., 
Jiménez and Mendoza 2013; Pan and Chiou 2011; Purnawirawan et al. 2015). 
Based on their apparent and functional attributes, search goods can be eval-
uated prior to product use (Nelson 1970). Due to objective attribute infor-
mation, search goods can be easily validated against competitive goods (Sen 
and Lerman 2007). Experience goods predominantly consist of intangible at-
tributes, which consumers have to test themselves as they cannot be evalu-
ated prior to purchase. Park, Lee, and Han (2007) found that given the intan-
gible character, consumers are faced with greater perceived risk when pur-
chasing experience goods and seek additional information to reduce uncer-
tainty (Zhu and Zhang 2010). Hence, eWOM valence is more important for 
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experience compared to search goods (Purnawirawan et al. 2015). Moreover, 
eWOM concerning search goods is found to be validated by the level of de-
tail, unlike eWOM concerning experience products, whose credibility is de-
termined by the level of reviewer agreement (Jiménez and Mendoza 2013). 
It can be explained by the fact that the information on search goods is more 
diagnostic compared to experience goods. For goods that are difficult to 
judge before purchase, product trials are found to affect sales positively since 
they minimize product uncertainty (You, Vadakkepatt, and Joshi 2015). Con-
cerning eWOM volume and valence elasticities, the authors found that both 
elasticities are greater for products that have low trialability compared to high 
trialability. 

Second, services vs. products have been found to moderate the effect 
of eWOM. Similar to most experience goods, services are intangible and are 
therefore more challenging to evaluate prior to purchase compared to pro-
ducts (Murray and Schlacter 1990). Hence, uncertainty about the quality of 
goods is higher for services compared to products. To reduce uncertainty, 
consumers rely more on eWOM when purchasing services. For products, 
eWOM is found to be more effective when products are new to the market 
with increased uncertainty (Babić et al. 2016). 

Third, Babić et al. (2016) found moderating effects of hedonic vs. 
utilitarian goods on the effect of eWOM. Hedonic goods are pleasant, enjoy-
able and rather subjectively assessed, compared to utilitarian goods. There-
fore, research has shown that functional risk is higher for hedonic vs. utili-
tarian goods (Dhar and Wertenbroch 2000). eWOM is found to reduce such 
risk by aiding consumers to learn from other consumers’ experiences to find 
a product that mostly suits their preferences (Moe and Trusov 2010). 

Fourth, besides product type differences, new vs. mature goods are also 
found to moderate the effect of eWOM (Babić et al. 2016). eWOM affects sales 
stronger for products that are early in the product life cycle, whereas it does not 
moderate eWOM’s effectiveness for intangible and hedonic goods. Overall, for 
goods that are new to the market, functional risk is higher since consumers find 
it more difficult to judge their quality. Therefore, eWOM contributes to building 
product awareness, providing consumers purchasing newly-launched goods with 
additional information (Mahajan, Muller, and Kerin 1984). However, the effect 
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of eWOM appears stronger on e-commerce and review platforms (vs. social me-
dia platforms) as visibility of eWOM is greater (Babić et al. 2016). For more 
mature goods, eWOM sender information becomes more important. The same 
counts for less popular goods, where information acquisition is scarcer. For those 
niche products, consumers rely on eWOM, where even few negative posts can 
influence consumers’ decision-making dramatically (Zhu and Zhang 2010). 

Fifth, durable vs. non-durable goods are more sensitive to eWOM 
volume elasticities (You, Vadakkepatt, and Joshi 2015) due to its greater com-
plexity and longer inter-purchase intervals (Sethuraman and Tellis 1991). The 
more complex products are, the higher the perceived risk. Hence, eWOM ap-
pears to be beneficial for consumers searching for information when purcha-
sing durable goods. 

2.6. eWOM Measurement 

In the last decade, many Fortune 500 companies have raised interest in eWOM 
dynamics on social media and introduced initiatives and tools to gain insights 
from public opinion (Schweidel and Moe 2014). According to eMarketer 
(2016) and Bitkom (2015) studies, around 50% of (predominantly larger) 
firms already use eWOM measurement tools. However, drawing smart in-
sights for managerial decision-making from eWOM data depends on how 
eWOM is measured and processed (Schweidel and Moe 2014). Although 
many eWOM measurement tools exist on the market, practitioners’ ap-
proaches have remained a proprietary black box, making it infeasible to aca-
demically assess them based on certain measurement criteria. So far, existing 
academic marketing work has only partly met required criteria for such meas-
urement. Furthermore, various definitions for the measurement of eWOM ex-
ist both in practice and research. Especially for studies 2 and 3, a clarification 
of terms is needed. Therefore, in this section, the relevance of the measure-
ment will be highlighted, varying definitions will be opposed, desiderata for 
measures in general will be discussed, and finally, clear guidelines for estab-
lishing an eWOM measurement tool will be summarized. 

According to Farris et al. (2006), “a metric is a measuring system 
that quantifies static or dynamic characteristics.” Firms can use metrics to 
support their strategic decision-making concerning strategic actions, to 
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benchmark and monitor (Mintz, Currim, and Jeliazkov 2013), and to encou-
rage business rigor and objectivity. The authors further discuss that metrics 
are applied to set goals, evaluate the degree of completion, and finally, inte-
grate measures to improve metrics. 

Traditionally, marketing research departments brought forward meth-
ods such as conjoint analysis, inferring market structures using multidimen-
sional scaling and clustering routines, as well as gauging consumer sentiments 
(Lee and BradLow 2011). Nowadays, through social media, eWOM data 
promise to fundamentally improve the data collection and methods used to 
perform metrics. For instance, online conversations about products on social 
media provide an easy and cost-effective basis for measuring consumer sen-
timent (Godes and Mayzlin 2004). Relative to collecting consumer data from 
traditional customer surveys, for instance the net promoter score (NPS) by 
Reichheld (2003), eWOM data are quicker and cheaper to access and moni-
tor, more passionate, available globally and in real time, as well as both ag-
gregated and disaggregated (Tirunillai and Tellis 2014). On the one hand, 
given billions of consumers sharing eWOM worldwide at any time, uncoun-
table consumer articulations can serve as a useful source of information for 
marketers. On the other hand, the uncontrollable consumer feedback can also 
seriously damage a firm’s reputation (Gensler et al. 2013). 

Due to the limited steering of online consumer feedback, it has be-
come all the more important for firms to listen as precisely as possible to their 
online consumers by analyzing and strategically operationalizing that feedback 
(Chevalier and Mayzlin 2006). The right handling of online consumer feed-
back offers firms enormous potential to innovate their customer relationship 
management (CRM) and at the same time increasing competitive advantage. 
In fact, the concepts of ‘social business’ and ‘social CRM’ (Malthouse et al. 
2013) emerged recently, transforming firms into more consumer-centric orga-
nizations that fully integrate online social data for strategic decision-making. 
Thereby, the metrics and tools used in such firms “drive collaboration and in-
formation sharing across the enterprise and integrate social data into opera-
tional processes” (Kiron et al. 2013). Overall, eWOM measurement tools 
should be applied in departments beyond marketing and public relations, hel-
ping employees across the entire firm to connect, communicate and share mar-
ket-relevant information (Weinberg et al. 2013). 
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2.6.1. Definitions of eWOM Measurement  

In practice, multiple terms are used for the measurement of eWOM. There-
fore, for the purpose of this dissertation, it is important to confront the vary-
ing terms and agree on a final definition. The most prominent terms used in 
practice are ‘social media monitoring’, ‘social listening’, and ‘social media 
intelligence’. Often, these terms are mixed up and used in a similar business 
context, although, according to Smith (2015), they are significantly distinct 
in their operational implementation. 

Also known as ‘buzz monitoring’, “social media monitoring” is the 
“systematic collection, compilation, analysis and interpretation of user-generated 
content from social media for business-related objectives” (Rauschnabel 2014). 
Firms build up expertise on how to understand the eWOM data shared on social 
media, focusing on reactive behavior, such as crisis management, public rela-
tions monitoring, and competitive tracking (Smith 2015). By nature, social media 
monitoring is rather descriptive and retrospective (i.e., describing what happened 
in the past) (Moe and Schweidel, 2014). It seems that firms follow an extensive 
list of eWOM measures, which are easy to collect without deeper interpretations 
and coherences of those data sources (Moe and Schweidel 2014). This, however, 
does not automatically lead to a fundament for overall strategy. 

“Social media listening” (sometimes also called ‘social media ana-
lytics’) goes one step further and stands for action in addition to monitoring. 
Smith (2015) defines it as “analyzing the data firms collect and recommend 
reactive business changes from their insights.” Compared to monitoring, firm 
activities are expanded in terms of proactive efforts made in market research 
to fundamentally fuel business decision-making based on actionable eWOM 
insights. 

The most mature stage of eWOM measurement is “social media in-
telligence”. If firms evolve from passive monitoring to listening, it is still too 
passive since it does not form long-term social media and overall business 
strategies (Smith 2015). So, beyond protective monitoring and reactive lis-
tening, firms can fully integrate eWOM data into existing business strategies 
and technologies. Inspired by the descriptions of Schweidel and Moe (2014) 
and Smith (2015), ‘social media intelligence’ is defined in this dissertation 
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as “the ability to capture, process, and fully integrate conclusive social in-
sights into long-term corporate strategies to proactively foresee and manage 
market changes.” It automates processes to manage social insights across all 
functional areas of the firm and combines it with other market research data 
to comprehensively predict market changes (Smith 2015). 

2.6.2. eWOM Measurement Criteria 

To develop a profound eWOM measurement tool, like any other measure, cer-
tain criteria have to be fulfilled. Ailawadi et al. (2003) summarized ten desi-
derata for metrics, which were gathered at an MSI (1999) workshop held by 
academics and practitioners on brand equity metrics. It should be: 

1.  grounded in theory, 

2.  complete, i.e., encompassing all contextual facets, yet distinct from 
other concepts, 

3.  diagnostic, to capture areas for improvements and provide insights 
for change, 

4.  able to capture future potential in brand performance measures, 

5.  objective, so that different people using it would obtain the same value, 

6.  based on readily available data, so that it can be monitored regularly 
across products,  

7. a single number, to enable easy tracking and communication, 

8.  intuitive and credible to senior management, 

9.  robust, reliable, and stable over time, yet able to reflect real perfor-
mance changes, and 

10.  validated against familiar measures and constructs that are theoreti-
cally related. 

However, it is impossible that metrics satisfy all the above-men-
tioned criteria and should thus be evaluated against the individual purpose it 
is aiming for (Ailawadi, Lehmann, and Neslin 2003). Also, the criteria have 
not been empirically tested whether they are as a set complete and valid. 
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Therefore, the list can be seen as a summary of considerations, helping to 
build metrics (Ambler and Roberts 2006). 

To develop a profound eWOM measurement tool, the aforementioned 
general desiderata are considered as a presupposing fundament and will be 
complemented by the following context-specific and technological aspects. 

First, multiple eWOM platforms should be included along the con-
sumer browsing path, and platform importance should be accounted for 
within the market. Several measurement tools fail to track eWOM expressed 
across multiple platforms. However, eWOM is posted and consumed on nu-
merous distinct platforms, as consumers might be active everywhere. So, 
when it is required to capture a global view on eWOM, all necessary plat-
forms should be considered for eWOM data collection (e.g., Luo, Zhang, and 
Duan 2013; Schweidel, Moe, and Boudreaux 2011). Another relevant aspect 
concerning eWOM platforms is the fact that not all platforms are equally 
important for consumer decision-making (e.g., Lee and BradLow 2011; 
Schweidel, Moe, and Boudreaux 2011). Therefore, platforms should be 
weighted in a different way, depending on the item that is measured (e.g., pro-
duct, brand, firm, or topic). Furthermore, due to potential systematic diffe-
rences between platforms, the way comments are posted on each platform 
might also differ (Schweidel and Moe 2014). Some platforms, for instance, 
may attract more positive (or negative) eWOM senders depending on the au-
dience of such platform and site-specific dynamics (Schweidel, Moe, and 
Boudreaux 2011). In addition, certain comments are more relevant than others 
(Adjei, Noble, and Noble 2010) and should be measured depending on the fo-
cal item of interest. Overall, practitioners should not ignore platform-specific 
contextual factors in their measurement of eWOM (You, Vadakkepatt, and 
Joshi 2015). 

Second, measurement results should be evaluated relative to com-
petitors. The measurement should represent the focal brand’s performance 
relative to a firm’s key competitor to reveal a firm’s competitive position 
(Lee and BradLow 2011; Netzer et al. 2012; Rust et al. 2004). This is vital 
since brand performance is affected by competition that can fundamentally 
change over time. Therefore, both views (own vs. competition) are essential 
in understanding fluctuations in brand performance (Rust et al. 2004; Wiesel, 
Pauwels, and Arts 2011). Furthermore, potential insights gathered through 
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eWOM measurement could not only help to understand how the firm’s pro-
ducts are evaluated online but also provide knowledge about the market 
structure as well as the competitive landscape (Netzer et al. 2012). It is a vital 
process in the development of new products or the repositioning of existing 
products (Lee and BradLow 2011). In fact, through a profound understanding 
of how the industry with all its players is changing, firms can gain a compe-
titive advantage against their competitors (He, Zha, and Li 2013). Successful 
firms, indeed, can process all available eWOM information, identify patterns 
in the past and predict future market dynamics. 

Third, an online measurement system should be easily implementable 
in practice and should deliver diagnostic value. To progress decision-making, 
the measurement system should summarize eWOM in an effective, usable and 
clear way (Kumar et al. 2013). As such, the measure needs to be simple but 
should also have ‘drill down’ capabilities to exhibit diagnostic value (Ailawadi, 
Lehmann, and Neslin 2003). To provide managerial implications based on 
such measurement, the metric as such should be able to be broken down to 
disaggregated components, which offer a deeper understanding of concrete op-
erational areas needing to be changed. Also, the measurement should be stan-
dardized and objective to be widely understood, implemented, and used (Lilien 
et al. 2002). 

Fourth, besides numerical aspects of eWOM, the review content, 
source topics and trends should be analyzed. The measurement should also 
consider textual information, like consumer topics discussed (e.g., product 
features) and trends to provide additional information and contextual insights 
(Ludwig et al. 2013; Mudambi and Schuff 2010). Thereby, firms can inves-
tigate differences across brand, firm, attribute, and product quotes (Dillon et 
al. 2001; Sonnier, McAlister, and Rutz 2011). 

Fifth, different metric levels have to be considered, differentiating 
between volume (number of posts), variance (heterogeneity in posts), and 
valence (post sentiment, both quantitative and qualitative) (Babić et al. 2016). 
Multiple levels of eWOM metrics are relevant, so that managers can drill 
down to the least aggregated level of particular captured brand posts, in par-
ticular eWOM platforms, within a certain time frame (Corstjens and Umblijs 
2012). This enables firms to have both an aggregate view on overall online 
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brand performance, as well as disaggregated eWOM dynamics that can be 
precisely allocated and consequently managed. 

As a result of considering the above-mentioned criteria, results of such 
an eWOM measurement tool should be predictive of financial performance 
(Schweidel and Moe 2014). Those criteria will be the basis for study 2. 

2.7. eWOM Management 

When progressing towards managerial decision-making based on social me-
dia intelligence, it is even more relevant to effectively process and manage 
social insights within the firm (Schweidel and Moe 2014). This requires a 
profound approach to measurement, analysis, and management (Peters et al. 
2013). Yet, practitioners do not know how to successfully manage such in-
ternal processes. Due to varying academic results, practitioners are chal-
lenged to develop systematic insights that should result in informed decisions 
(Babić et al. 2016). Therefore, this section aims at reviewing the academic 
literature to provide guidelines on how firms should progress to fully exploit 
the potential of social media intelligence. 

Hennig-Thurau et al. (2013) established the marketing term, ‘pinball 
game’, which, in contrast to traditional one-to-many ‘bowling’ marketing com-
munications, describes the power consumers gain through social media in the 
marketplace. Through consumers’ networked interconnectedness, firms have 
partially lost control of marketing activities. Especially in branding, firms 
strive to cope with consumer reactions to brand-related pinballs so that it re-
flects their marketing strategy. Therefore, firms have to monitor social content 
very carefully to not lose track of the pinballs in the game (Gensler et al. 2013). 
Besides the volume of consumer reactions or contributions to brand-related 
pinballs, practitioners should closely capture the communication’s content and 
sentiment to identify market trends and foresee potential crises (Peters et al. 
2013; Schweidel, Moe, and Boudreaux 2011). The usage of quantitative 
eWOM measures (e.g., valence, volume, and variance) to produce social media 
intelligence is still dominant, although qualitative approaches filter out senti-
ment (Kozinets et al. 2010) and provide additional analytical value. 

Besides the range of eWOM measurement approaches being imple-
mented to monitor social content, much effort must be put into the accurate 
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analysis of large quantities of data. Before managers can extract conclusive 
value from various databases for decision-making, the raw data sources first 
have to be gathered, processed, organized, and analyzed (Malthouse et al. 
2013). This requires a constant qualitative validation of eWOM sources and 
analysis procedures regarding completeness and up-to-dateness (Nelson, 
Todd, and Barbara 2005). As communication platforms change and evolve 
in terms of popularity and technical advances, the measurement of such 
sources should be adapted accordingly. In fact, information quality is one of 
the key drivers for information systems success (DeLone and McLean 1992). 

Moreover, firms that want to engage in social media intelligence 
need to adopt a holistic approach to change business processes and especially 
the mindsets of employees. Culture, skills and operational excellence are rel-
evant drivers in transforming accordingly (Malthouse et al. 2013). Concern-
ing operational excellence, a clearly defined step-by-step strategy plan with 
measurable sub-goals should be implemented, drawing the operational path 
to becoming a social business. In addition, skilled employees are needed to 
perform and progress analytical processes and represent an important driver 
of the transformative success. Employees need to develop response capabil-
ities for various situations appearing on social media (Corstjens and Umblijs 
2012) and analytical knowledge to know how to capture information from 
eWOM communication (Erevelles, Fukawa, and Swayne 2016). Finally, a 
more customer-centric culture positively influences brand performance 
(Homburg and Pflesser 2000). The authors also found that the symbolic 
power of cultural artefacts of market orientation (e.g., rituals, stories, lan-
guage, and objects) can strengthen and inspire employees on their way to 
becoming more customer-centric in responding to market changes on social 
media. 

However, such transformation demands clear signals and support 
from the very top of a firm (Bitkom 2015). The top management should con-
stantly reinforce the importance of customer-centricity in all divisions to en-
courage the employees to observe market trends and to disseminate the cap-
tured social insights with their colleagues (Jaworski and Kohli 1993; Payne 
and Frow 2005). An effective market response mechanism must be understood 
as a team sport. Once having identified a negative brand-related eWOM, the 
employees need to have access to a variety of resources and communicate the 
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events cross-functionally (Hennig-Thurau, Hofacker, and Bloching 2013). 
Dell, for instance, developed a social media intelligence infrastructure with 
clearly defined roles. Their ‘Chief Listening Officer’ oversees various service-
related eWOM platforms and analyzes relevant insights concerning their tech-
nical support, customer service, or sales-related issues (Weinberg et al. 2013). 
He makes sure to share his insights with the right people in the firm so that they 
know how consumers talk about their services online and can connect with 
them. Overall, collaboration, information sharing, market engagement, and the 
use of social technologies are essential in effectively managing eWOM 
(Kaplan and Haenlein 2010). 

Once having shared social insights, firms need to have installed pro-
cesses to forward respective responses quickly. In case negative eWOM is 
spotted, the firm should proactively react before the negative effect evolves 
(Sonnier, McAlister, and Rutz 2011). Purely listening to consumers is not 
enough. Firms have to engage in brand conversations to actively shape 
eWOM around their products and brands (Corstjens and Umblijs 2012) and 
co-produce brand stories in line with their firm’s interests (Gensler et al. 
2013; Hennig-Thurau, Hofacker, and Bloching 2013). Nestlé, for instance, 
experienced negative eWOM regarding their use of palm oil and reacted by 
deleting critical posts (Hennig-Thurau, Hofacker, and Bloching 2013). 
Nestlé hoped to diminish maximum public damage, but instead the interac-
tive nature of the pinball environment led to an escalation of the situation. 

Finally, to make optimal strategic choices, firms need to have the 
ability to combine social insights with the data from traditional marketing 
analytics (Xu, Frankwick, and Ramirez 2015). Social insights as such already 
contain rich information. Market researchers should not solely rely on one 
single data source (Schweidel and Moe 2014), but instead incorporate the 
findings into a brand’s overall intelligence dashboard (Peters et al. 2013). 

2.8. Impact of eWOM on Consumers 

When consumers pursue to purchase a product, they pass through various 
stages towards final decision-making (Engel, Blackwell, and Kollat 1978). 
The intensity of each stage depends on how much product uncertainty con-
sumers perceive before the actual purchase (Maity, Dass, and Malhotra 



50 The Impact of Electronic Word-of-Mouth on Consumers and Firms 

2014). Overall, the more consumers lack information about available product 
alternatives, the more uncertainty they perceive (You, Vadakkepatt, and 
Joshi 2015). Hence, it results into a more extensive information search. 
eWOM can help reduce product uncertainty and search costs by providing 
information from consumers who have already undertaken the purchase fun-
nel and have experienced the chosen product (Banerjee 1992; Bettman and 
Park 1980; Pascual-Miguel, Agudo-Peregrina, and Chaparro-Peláez 2015). 
However, a consumers’ information search strategy is constrained by the 
cost-benefit trade-off, i.e., weighing off the benefits (e.g., reduced uncer-
tainty and greater need fit) against the cost (e.g., monetary, timely, psycho-
logically, and cognitively) (Schmidt and Spreng 1996). 

To describe the impact of eWOM on consumers in a structured way, 
this section is organized as follows. First, the consumers’ decision-making 
process will be explained. As consumers go through the process, they are 
confronted with product alternatives that need to be processed before the fi-
nal product choice is made. Therefore, hierarchical sets of alternatives will 
be outlined next. Then, since eWOM has changed the way consumers search 
for products, the decision-making process will be critically reviewed. Finally, 
the last section concludes with a review on how eWOM influences the vari-
ous decision-making stages discussed. 

2.8.1. Consumer Decision-Making Process 

The consumer decision-making process model was introduced by Engel et 
al. (1978) and multiply cited and extended in subsequent consumer behavior 
text books (e.g., Assael 1981; Coney, Best, and Hawkins 2001) (see ). It im-
plies a process in which consumers recognize a problem (‘I need to purchase 
a camera’), conduct an information search (‘What kind of camera do I 
need?’), assess alternatives (‘Which camera suits my needs best?’), decide 
on a product (‘I will take camera A’), and engage in post-purchase behavior 
(‘How do I like the camera I purchased?’). Since consumers decrease the 
number of alternatives from stage to stage, it is often described as a funnel 
that gets narrower as they pass through the process (Court et al. 2009). It can 
be explained with the limited information processing capacity consumers 
have, which originates from the information processing theory by Bettman 
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(1979). From information search until purchase decision, consumers use ra-
tional rules, focusing on certain information that they perceive as relevant 
(Jacoby 1977). Thereby, consumers hierarchically reject alternatives from all 
available alternatives down to the chosen product (Shocker et al. 1991). The 
consumer decision-making process is shown in Figure 2-9 and will be ex-
plained in more detail in the following section. 

 

Figure 2-9: The stages of the consumer decision-making process including hierar-
chical sets of product alternatives 

Source: Based on Coney et al. (2001), Shocker et al. (1991), and Engel, James F. et 
al. (1978) 

First, any consumer decision-making process starts with the recog-
nition of a problem. It appears as soon as “a consumer perceives a difference 
between an ideal state of affairs and the actual state” (Engel, Blackwell, and 
Kollat 1978). This can be both internally (‘I need a camera for my holiday’) 
or externally (‘I saw friends sharing photos of their new camera, which made 
me want to purchase one’) motivated. When problem recognition is driven 
internally, consumers are intrinsically motivated, irrespective of any external 
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influences. However, external motivators can be driven by marketers’ com-
munication strategies (e.g., commercials) (Blackwell, Miniard, and Engel 
2006), as well as by peers through eWOM (e.g., posts on a social network). 

Second, once a problem is recognized, consumers conduct infor-
mation search, which is defined as the stage of the decision-making process 
whereby consumers actively collect and integrate information prior to mak-
ing a choice (Schmidt and Spreng 1996). The search can be both internal (i.e., 
using stored knowledge from personal experience) and external (i.e., adding 
information from peers and public sources) (Blackwell, Miniard, and Engel 
2006). Thereby, consumers can search passively (i.e., being generally recep-
tive towards external information) or actively (i.e., intrinsic research gather-
ing specific information) (Roos and Gustafsson 2011). At this stage, eWOM 
serves as a frequently consulting source of information (Mudambi and Schuff 
2010; Shim et al. 2001). 

Third, while searching sequentially for information, consumers up-
date expectations and perceptions with respect to a hierarchical set of alter-
natives (Jang, Prasad, and Ratchford 2012). Consumers must evaluate the 
alternatives according to specifications and standard sets that represent their 
desired outcomes from choice (Engel, Blackwell, and Kollat 1978). To a 
large extent, those specifications and standards are fixed product-specific at-
tributes and personal goals, which are difficult to influence by marketers. 
Therefore, non-marketer-dominated information such as eWOM plays a ma-
jor role in changing consumers’ purchase attitudes (Engel, Blackwell, and 
Kollat 1978). The authors further discuss external influences that could affect 
purchase attitude, such as environmental (i.e., socially and economically), 
personality, and lifestyle factors. 

Fourth, after completing the evaluative stage of alternatives, a final 
purchase decision will be made. That process normally follows the formation 
of purchase intention during evaluation but could be disturbed by unantici-
pated circumstances (Blackwell, Miniard, and Engel 2006; Engel, Blackwell, 
and Kollat 1978). Those circumstances can be a result of economic and/or 
social changes, price negotiation outcomes, and non-availability of the cho-
sen alternative. 
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Fifth, after consuming or using the purchased product, two outcomes 
may result: satisfaction or post-decision dissonance (Engel, Blackwell, and 
Kollat 1978). If the product fulfills or exceeds the expectations attached to 
the purchase, the consumer will be satisfied (Blackwell, Miniard, and Engel 
2006). Thus, they are likely to engage in positive eWOM. On the contrary, if 
it does not fulfill their expectations, awareness increases that an unchosen 
alternative might have been the better choice. In that case, the consumer will 
be dissatisfied, potentially expressing it in negative eWOM. 

2.8.2. Hierarchical Sets of Product Alternatives 

In marketing literature, the topic of hierarchical sets for decision-making, 
which originally started with Stigler’s (1961) work on costs and benefits of 
information gathering, has received much interest. In 1991, Shocker et al. 
(and hereafter) reviewed the consumer decision-making process and ex-
plained the stages (information search, assessment of alternatives, and pur-
chase decision) upon hierarchical sets of alternatives being processed by the 
decision-maker. 

The universal set refers to the totality of all alternatives that consu-
mers could purchase under any circumstance (‘All cameras existing on the 
market’). It represents the very starting point at which consumers do not fol-
low any purposeful rules to construct sets with greater interest. 

Consequently, the awareness set consists of universal alternatives of 
which consumers are aware, meeting basic consumer goals and objectives 
(‘Camera brands or types that I know’). Consumers might be aware of those 
alternatives based on long-term memory or influences within the external de-
cision-making context (such as branding and above-the-line advertising). 
Few alternatives will be recognized for relevant use, so consumers reduce 
them to a consideration set. 

The consideration set is a dynamic set, in which consumers add or 
delete alternatives. It is a carefully constructed set of alternatives that come 
to mind for a relevant use or purpose (‘Cameras in an estimated price range 
with certain attributes that need to be fulfilled’). Consumers might exclude 
certain alternatives because they 1) just do not consider them although being 
aware of them, 2) have had previous unfavorable experiences or information, 
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or 3) are highly satisfied with their existing choice. Yet, not much knowledge 
is possessed by consumers on most of the alternatives, as it will be acquired 
in later stages. In a dynamic process, consumers handle the alternatives in 
working memory, adding to or excluding from the set. 

Given the dynamics in the consideration set, it is more effective to 
form a closely related static consideration set, before making a final choice. 
This so-called choice set consists of fewer alternatives to choose from. In 
research, most authors, however, do not distinguish between those two sets 
and use the term consideration set for both constructs. Generally, to form a 
choice set, more effortful rules are applied until it consists of highly diffe-
rentiated alternatives. Consumers will make careful trade-offs only within 
the range of acceptable product attribute levels (‘Cameras that are competi-
tive concerning very specific attributes and that fulfill the maximum of re-
quired standards’). 

Finally, consumers make a purchase decision from the choice set. 
From there, consumers are in the outcome stage, as explained earlier in Engel 
et al.'s (1978) framework. 

2.8.3. Critical Reflection on the Consumer Decision-
Making Process 

One of top current critical issues in marketing research proclaimed by the 
Marketing Science Institute (2016) was to research how the ‘classic’ deci-
sion-making process fit in today’s digitized marketing environment and whether 
digitized consumers think and behave differently. Although in its core, the con-
sumer decision-making process may still be applied in the time of e-commerce, 
according to Court et al. (2009), it should be critically adjusted. The authors 
criticize that new touchpoints emerged due to an increased variety of pro-
ducts and the extended use of additional information platforms online. Many 
of today’s touchpoints between consumers and firms are not regarded in the 
traditional process. Moreover, in the previously mentioned textbooks, only 
few variables concerning external social influences (e.g., eWOM) are con-
sidered. Also, the post-purchase experiences do not play an important role in 
the traditional process. Overall, the market environment as such has become 
much more complicated, in which the linear assumption of the consumer de-
cision-making process, is not valid anymore. Therefore, the process should 
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be seen more as a circle, which Court et al. (2009) call the ‘consumer decision 
journey’ (see Figure 2-10). 

Figure 2-10: McKinsey’s consumer decision journey 

Source: Court et al. (2009) 

The authors further argue that due to the increased eWOM commu-
nication platforms, the evaluation stage has become much more important 
and extensive, helping consumers to derive their decisions based on numer-
ous experiences other consumers have had with the considered alternatives. 
In addition, through social media platforms, consumers interact more with 
brands, resulting into stronger brand relationships, potentially higher loyalty, 
and retention. In the case of an open-ended relationship with the brand, con-
sumers share and spread their product/brand experiences online, potentially 
reaching millions of other consumers. So nowadays, consumers use more ex-
ternal non-marketer information (e.g., product reviews, posts on expert fo-
rums, detailed product overview on comparison sites), from which they con-
sequently add and delete alternatives. 

Yet, the consumer decision journey as a concept has not been em-
pirically researched. Current research in marketing started to use the term but 
remain referring to established traditional theories like the earlier discussed 
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consumer decision-making process. Lemon and Verhoef (2016), for instance, 
conceptualized the customer decision journey as a three-stage process, from 
pre-purchase (e.g., need recognition, search, and consideration) to purchase 
(e.g., choice, ordering, and payment) to post-purchase (e.g., usage and con-
sumption, post-purchase engagement, and service requests). These three 
stages, however, merely summarize the aforementioned traditional stages. 
The framework from Court et al. (2009) conforms eventually, with the ex-
ception of underlining the importance of a more dynamic and iterative post-
purchase stage compared to traditional frameworks. Similarly, Lemon and 
Verhoef (2016) proclaimed that traditional frameworks fail to acknowledge 
long-term loyalty loop effects and that future research should include them 
as part of the overall journey. Therefore, the consumer decision journey can 
merely be used to adjust the widely accepted traditional consumer decision-
making process and apply it to today’s shopping environment. So, in the re-
mainder of this dissertation, the loop dynamics taking place especially in the 
evaluation and purchase stage, need to be considered. 

2.8.4. Impact of eWOM on the Consumer Decision-Making 
Process 

Having described the consumer decision-making process in detail, the ques-
tion remains on how eWOM influences the various stages discussed. eWOM 
influences consumers’ choices in various product contexts, as it serves as a 
valuable source of product information search (Floyd et al. 2014; Mudambi 
and Schuff 2010; Shim et al. 2001). Also, Purnawirawan et al. (2015) found 
that eWOM is perceived as a valuable informant when seeking for infor-
mation and functions as a recommender in the evaluation stage. But how 
consumers actually use eWOM information during the various decision-mak-
ing stages is still not known by researchers (Floyd et al. 2014), leaving se-
veral findings to be discussed. 

Often discussed in academic studies, eWOM seems to be considered 
by consumers to maximize social and economic utility in the choice stage 
(King, Racherla, and Bush 2014). However, recent research dismissed that 
assumption and found that eWOM is also consumed when there is not even 
a recognized product need, instead eWOM is consumed serendipitously and 
not goal-directed (Bailey 2005). For instance, when consumers are likely to 
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have consumption goals, positive eWOM is more important. In case of pre-
vention consumption, negative eWOM is more persuasive (Zhang, Craciun, 
and Shin 2010). Traditionally, brands that were not part of the awareness set 
were not likely to be added in later stages towards product choice. According 
to King et al. (2014), through eWOM; however, that changed. When associ-
ated with positive eWOM, brands that are not included in the early stage of 
decision-making might still be added in the final (choice set) stage. Further-
more, based on a consumer study by Court et al. (2009), company-driven 
marketing predominantly influences the inclusion of a brand in the conside-
ration set and has a lesser impact on the choice set. eWOM, on the other hand, 
is the most important factor in the choice set and final choice stage. More 
specifically, Hu et al. (2014) suggested that since qualitative eWOM infor-
mation requires more effort and time to process, consumers may rely on re-
views later in the decision-making process once having reduced the number 
of alternatives. Hence, the proximity of textual eWOM to the final choice 
may be closer than that of numerical eWOM. In addition, Jang et al. (2012) 
found that consumers use product reviews more in the consideration stage 
than in the choice stage. Finally, after purchase, consumers actively seek 
eWOM instead of after-sales service, to learn from other consumers whether 
they made the right choice according to their own product experience. This 
could significantly affect both loyalty and disloyalty (King, Racherla, and 
Bush 2014). 

2.9. Impact of eWOM on Firms 

In the previous section, it was summarized how eWOM influences consumers’ 
decision-making process while conducting information search and evaluating 
product alternatives until a choice is made. If eWOM affects product choice, it 
has an immediate impact on brand performance as a consequence (Chevalier 
and Mayzlin 2006).  

In fact, numerous studies show that eWOM is a relevant determinant 
for various brand performance measures (Tirunillai and Tellis 2014), such as 
1) purchase likelihood (e.g., Adjei, Noble, and Noble 2009; Berger, Sorensen, 
and Rasmussen 2010; Zhao, Yang, and Narayan 2013), 2) sales (e.g., Moe and 
Trusov 2011; Sonnier, McAlister, and Rutz 2011; Zhu and Zhang 2010), 3) sales 
growth rate (e.g., Clemons, Gao, and Hitt 2006; Dellarocas, Zhang, and Awad 
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2007), 4) sales rank (e.g., Archak, Ghose, and Ipeirotis 2011; Chevalier and 
Mayzlin 2006; Sun 2012), 5) (box office) revenue (e.g., Chintagunta, Gopinath, 
and Venkataraman 2010; Duan, Gu, and Whinston 2008; Liu 2006), 6) conver-
sion rate (e.g., Ludwig et al. 2013), 7) stock market performance (e.g., Tirunillai 
and Tellis 2012), 8) firm value (e.g., Chen, Liu, and Zhang 2012; Luo, Zhang, 
and Duan 2013), 9) market share (e.g., Zhu and Zhang 2010), 10) product returns 
(Minnema et al. 2016), and 11) loyalty (e.g., Gauri, Bhatnagar, and Rao 2008; 
Lim et al. 2006). 

Following the extensive list of academic proof on potential firm out-
comes being influenced by eWOM, firms should be cautious on how to deal 
with the emerging appearance of eWOM. Product reviews, for instance, are 
increasingly challenging brand management in e-commerce. They were 
found to reduce the influence of both brand and price on product choices, 
heavily influencing a brand’s general reputation (Kostyra et al. 2014). Fur-
thermore, negative eWOM increasingly escalates into online brand crisis, 
leading to uncontrollable diffusion patterns (Hennig-Thurau, Hofacker, and 
Bloching 2013). Due to their heterogeneous nature, firms need to acquire 
knowledge on how to identify those factors that have the strongest threat po-
tential. In addition, consumers evolved into playing an active role in the mar-
ket, having more information about competitive products and spreading 
eWOM out of a firm’s control. However, firms should treat eWOM as an 
opportunity by listening to and engaging with their consumers, turning them 
into loyal and positive advocates for their products and brands (Malthouse et 
al. 2013). eWOM can be managed by building a loyal brand audience stick-
ing to the firm based on associated emotional benefits (Hennig-Thurau, 
Hofacker, and Bloching 2013). 

Hence, if firms manage to transition to consumer-centric social 
businesses and allow their consumers to become active participants in their 
business operations, consumers might be able to contribute to firm growth. 
In fact, the World Economic Forum already announced in 2012 that social 
data are projected to be a new class of economic asset. To reveal such po-
tential, firms must be able to derive actionable insights about their consu-
mers and install processes throughout the entire firm to act on dynamic mar-
ket changes (Malthouse et al. 2013). In addition, firms need to develop com-
prehensive metrics to monitor both eWOM and the influence of managing 
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eWOM on performance, by integrating them into their overall marketing 
dashboard (Peters et al. 2013). Since consumers use eWOM to generate in-
sights on product choice, firms need to build eWOM measurement tools in 
such a way that they mirror consumers’ decision-making processes. 

Overall, firms seem to struggle on how to deal with social dynamics 
in the online environment, as they dramatically challenge the way they tradi-
tionally pursued marketing (Leeflang et al. 2014). On the other hand, social 
media applications might help firms to transform processes along their entire 
value chain to take advantage of the rise of eWOM (Weinberg et al. 2013). 
With a comprehensive eWOM management strategy, firms may aim to gain 
strategic competitive advantages and in the end, stimulate sales (Babić et al. 
2016). Once having identified organizational dimensions that need to be 
changed when transforming into a social business, firms are eager to prove 
the return on investment (Corstjens and Umblijs 2012). In fact, according to 
Bughin and Chui (2010), early ‘social transformers’ might outperform other 
firms in terms of market share, profitability, and market leadership. 

2.10. Identified Research Gaps 

2.10.1. Consuming eWOM 

Throughout the entire literature review, it is frequently mentioned that 
eWOM has an impact on consumers’ decision-making process, which con-
sequently influences brands and firm-level outcomes (Ailawadi, Lehmann, 
and Neslin 2003). Therefore, firms are eager to find out what characteristics 
of eWOM are being consumed and how they influence consumer decision-
making (Floyd et al. 2014). Most research in the past 15 years, however, as-
sessed eWOM’s aggregated impact on brand performance, without exactly 
knowing what type of information consumers pay most attention to. Regar-
ding the existing research, on the one side, it was often found that volume 
significantly affects sales (e.g., Chevalier and Mayzlin 2006; Dellarocas, 
Zhang, and Awad 2007; Sun 2012). On the other side, Clemons et al. (2006) 
and Chen et al. (2012) found that volume has no significant effect but rather 
valence (e.g., Chintagunta, Gopinath, and Venkataraman 2010) and variance 
(Sun 2012). Heterogeneous research settings and data sources used in this 
research stream may have hindered the achievement of generalizable insights 
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(Floyd et al. 2014). In the meantime, various meta-analyses have been pub-
lished (e.g., Babić et al. 2016; Floyd et al. 2014; de Matos and Rossi 2008; 
Purnawirawan et al. 2015; You, Vadakkepatt, and Joshi 2015) to provide ar-
guments for those mixed effects. The findings from these meta-analyses will 
be formulated into key research gaps in the following section. 

First, one major driver for mixed results is that the majority of stu-
dies focus on how quantitative aggregated aspects of eWOM (e.g., valence, 
volume, and variance) influence product sales (Sonnier, McAlister, and Rutz 
2011). This leaves out relevant qualitative aspects of eWOM (e.g., textual 
content of eWOM), which may provide additional insight into why and how 
a certain rating was chosen (Kostyra et al. 2014). Even though exceptions 
exist (e.g., Ludwig et al. 2013; Sonnier, McAlister, and Rutz 2011; Tirunillai 
and Tellis 2012; Yang et al. 2012) in which textual aspects of eWOM are 
analyzed, actual usage of eWOM information has rarely been discussed. 
Even though textual characteristics such as comprehensiveness, experience, ar-
gumentation, emotions, and informativeness have been discussed in research, 
various questions remain (King, Racherla, and Bush 2014). Moreover, given 
the quantitative character of aggregated product reviews (both textual and nu-
merical) and sales data used in those studies, empirical evidence on consumers’ 
individual information search and decision-making strategies is missing 
(Ratchford 2015). Besides textual eWOM information, it would also be worth 
investigating how the presence of eWOM in comparison to product-related 
information (e.g., brand and/or price) is perceived relevant to decision-mak-
ing (Kostyra et al. 2014). Except for Kostyra et al. (2014), who examined the 
impact of reviews on consumers’ valuation of brand, price, and technical 
product attributes, research is very limited. The authors, however, do not con-
sider any qualitative aspects of eWOM, nor the differences across decision-
making stages. Also, review helpfulness is quantitative in nature, but at the 
same time it is disaggregated information, since it is attached to each product 
review. Yet, there seems to be limited empirical evidence (except for, e.g., 
Hu, Koh, and Reddy 2014), whether review helpfulness is important to con-
sumers in perceiving a review as relevant for decision-making. Overall, 
Babić et al. (2016) suggest future research to use multiple eWOM measures 
to capture all possible aspects of eWOM, as it is too complex to provide im-
plications based on one measure. 
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Second, commonly in literature, choice models incorporate all 
(product and/or review) information available. However, consumers cannot 
cognitively process all information and instead concentrate on selected ele-
ments (Bettman, Luce, and Payne 1998; Schmidt and Spreng 1996). There-
fore, it is interesting to know what information consumers actually access 
when making a purchase decision, as it provides more valid estimates of in-
formation preferences compared to models based on information available 
(Currim, Mintz, and Siddarth 2015). This can be done by using individual 
consumer-level data (Jang, Prasad, and Ratchford 2012) consisting of actual 
consumer behavior. For instance, Bronnenberg et al. (2016) uses individual 
search data but only on homepage-level, so they could not disentangle both 
review and product detail information. Therefore, they suggest using eye-
tracking software to gain knowledge of individual-level attribute search. An-
other aspect in many studies using aggregated eWOM data is the assumption 
that all eWOM messages are equal (King, Racherla, and Bush 2014). But in 
section 2.2.2, it was summarized that heterogeneous consumer groups weigh 
eWOM information differently. Although some studies investigated hetero-
geneous effects (e.g., Forman, Ghose, and Wiesenfeld 2008), social-psycho-
logical aspects (e.g., source characteristics, demographic similarity) have not 
been considered yet. Furthermore, the findings concerning eWOM charac-
teristics also show that interactions between various characteristics represent 
a particular important future research avenue (Floyd et al. 2014). Although 
some studies include eWOM interaction effects (e.g., Chintagunta, Gopinath, 
and Venkataraman 2010; Duan, Gu, and Whinston 2008; Ludwig et al. 2013; 
Sun 2012; Zhu and Zhang 2010), a deeper understanding is needed on 
whether consumers consider certain review information (e.g., textual va-
lence) more or less important compared to the presence of other review in-
formation (e.g., helpfulness). 

Third, as extensively reviewed in section 2.8, the information about 
the differential influence of product- and review-specific information between 
decision stages is scarce (Jang, Prasad, and Ratchford 2012). Future research 
should provide an understanding of which individual factors are activated at 
what stages in the decision-making process to improve eWOM theory (King, 
Racherla, and Bush 2014). Moreover, it would be relevant to find out which 
search patterns are associated with the purchase decision (Bronnenberg, Kim, 
and Mela 2016). Yet, most authors of eWOM studies only use data on consu-
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mers’ choices, neglecting explicit measures of various previous decision stages 
(Honka and Chintagunta 2017). Hence, by means of eye-tracking experiments, 
future research should investigate in which order consumers search, to shed 
more light on the influence of both numerical and textual eWOM in the deci-
sion-making process (Hu, Koh, and Reddy 2014). 

Fourth, mixed results in terms of the effect of eWOM can also be ex-
plained when not considering consumer-specific psychographics (Sonnier, 
McAlister, and Rutz 2011). Besides plenty empirical proof that eWOM signifi-
cantly affects consumers’ decision-making, disaggregated data are scarce in most 
studies, which can mask the effects of heterogeneous search behavior (Konus, 
Verhoef, and Neslin 2008). For instance, some consumers reading more negative 
eWOM might be different from those reading positive eWOM (Chen and Lurie 
2013). Only recently, research has started to investigate psychological processes 
underlying the evaluation of eWOM (Berger and Schwartz 2011; Chen and Lurie 
2013). Zhu and Zhang (2010), for instance, examined the influence of personal 
characteristics (e.g., Internet experience) on the use of product reviews. Internet 
experience, however, is not enough to explain consumers’ actual decisions 
(Kostyra et al. 2014). Overall, researchers are keen to understand the underlying 
social-psychological factors driving negative eWOM (Yadav and Pavlou 2014). 
Therefore, consumer-specific characteristics should be included, significantly 
moderating the relation between eWOM and purchase decisions (Zhu and Zhang 
2010). 

The numerous research gaps that have been summarized (see Table 
2-2) will be dealt with in study 1. Thereby, an eye-tracking experiment has 
been conducted to provide answers to the study’s main research question: What 
are consumers’ most common decision-making strategies based on eWOM and 
product information? First, it will be investigated which product and review-
specific information is being used by consumers during the choice set for-
mation, respectively the choice stage. Second, search profiles will be seg-
mented based on consumers’ search and decision-making strategies and de-
scribed with socio-demographic and psychographic characteristics. 
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Research gaps Sources who identified these gaps 

Overall, research lacks knowledge of how 
consumers consume and process eWOM du-
ring the decision-making process, especially 
regarding: 

  

qualitative aspects of eWOM King, Racherla, and Bush (2014) 
Kostyra et al. (2014) 
Sonnier, McAlister, and Rutz (2011) 
Ratchford (2015) 

consumers’ individual information 
search strategies using actual accessed 
information 

Bettman, Luce, and Payne (1998)  
Currim, Mintz, and Siddarth (2015) 
Floyd et al. (2014) 
Jang, Prasad, and Ratchford (2012) 
King, Racherla, and Bush (2014) 

differences between decision stages Bronnenberg, Kim, and Mela (2016) 
Honka and Chintagunta (2016) 
Hu, Koh, and Reddy (2014) 
Jang, Prasad, and Ratchford (2012) 
King, Racherla, and Bush (2014) 

the influence of consumer-specific psy-
chographics 

Chen and Lurie (2013) 
Konus, Verhoef, and Neslin (2008) 
Sonnier, McAlister, and Rutz (2011) 
Yadav and Pavlou (2014) 
Zhu and Zhang (2010) 

Table 2-2: Summary of identified research gaps (study 1) 

2.10.2. Measuring eWOM 

First, various shortcomings in research have been identified with respect to the 
measurement of eWOM, which is often reduced to specific platforms. Along 
the consumer browsing path, multiple platforms as well as platform importance 
should be accounted for within the market. According to Schweidel et al. 
(2012b) and Schweidel and Moe (2014), few selected platforms do not reflect 
the entire scope of eWOM platforms and disregard influential differences in 
persuasiveness and quality of such platforms. The authors further argue that 
most approaches do not account for interdependencies that could exist between 
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the platform a sender chooses and the post. Apparently, marketers are highly 
challenged in reconciling the strong differences they capture across platforms. 
Traditionally, in offline market research, sampling biases were typically con-
trolled, whereas online measurements seem to disregard them (Schweidel, 
Moe, and Boudreaux 2011). Also, current measurements often weigh all posts, 
regardless of whether the posts are from experienced consumers or opinion 
leaders. This might, however, bias the results since in certain online communi-
ties (e.g., niche blogs) the extent of experts and opinion leaders is higher than 
in more generic online communities (e.g., review platforms) (King, Racherla, 
and Bush 2014). Platform differences could also affect user-level heterogeneity 
posting eWOM, which opens up new research areas (Kumar et al. 2013). 

Second, eWOM measurement results should be evaluated relative to 
competitors. Little research has been done on how firms can use eWOM for 
purposes of analyzing market structures (Lee and BradLow 2011). Moreover, 
firms should observe what consumers discuss about their competitors’ pro-
duct features, but these data sources seem to remain in an early stage (Netzer 
et al. 2012). Since most firms lack sufficient understanding of how to esta-
blish competitive intelligence, future research should focus on tracking real-
time data and applying text mining to acquire better knowledge about com-
petitive intelligence (He, Zha, and Li 2013). Also, there is still little research 
on the effect of external eWOM (Babić et al. 2016) on brand performance 
and eWOM activities. 

Third, an online measurement system should be built in such a way 
that it is easily implementable in practice and delivers diagnostic value. Due 
to the uncontrollable quantities of eWOM, however, firms are unable to effi-
ciently measure the impact of eWOM on brand performance (Kumar et al. 
2013). Moreover, firms are lacking robust methodologies to measure the 
monetary impact of eWOM activities and the effectiveness of eWOM in gen-
erating sales. 

Fourth, review content, source topics, and trends should be analyzed. 
The majority of research exclusively used quantitative elements of eWOM 
(Mudambi and Schuff 2010). But besides the three common metrics of 
eWOM, such as valence, variance, and volume (Moe and Trusov 2010), re-
search should pay more attention to capturing insights into text-based eWOM 
communications (Chevalier and Mayzlin 2006). Although few exceptions 
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exist (e.g., Archak, Ghose, and Ipeirotis 2011; Ludwig et al. 2013; Tirunillai 
and Tellis 2012; Yang et al. 2012), future research may use a refined ap-
proach to investigate differences across brand, firm, attribute, and product 
articulations (Dillon et al. 2001; Sonnier, McAlister, and Rutz 2011). Ana-
lyzing a reviewer’s open-ended comments would offer additional infor-
mation and context compared to numerical valence measures (Mudambi and 
Schuff 2010). 

Fifth, various eWOM metric levels that can be broken down into dis-
aggregated components, such as volume (number of posts), variance (hetero-
geneity in posts), and valence (post sentiment), should be considered. Besides 
the importance of relevant metric levels, one overall aggregated summary 
of eWOM is largely missing in eWOM measurement tools (Corstjens and 
Umblijs 2012). Once having gauged all metric level data, the tool should be 
able to calculate one aggregate value helping firms to form generic strategic 
directions. In addition, more research is needed for the context of eWOM, on 
which platform it is posted, and how managers should differentiate their strat-
egies accordingly (Babić et al. 2016). Also, the investigation of various mod-
erating effects (e.g., such as composite valence-volume) between submetrics 
should be continued. 

Following the identified research gaps (see Table 2-3) in study 2, an 
eWOM measurement tool has been built to provide an answer to the research 
question: How can firms measure eWOM to generate market insights? First, 
the theoretical foundation of such measures will be outlined, aiming to mimic 
consumers’ online decision-making process. Second, the established algo-
rithm to measure eWOM will be derived and explained. Third, managerial 
impact areas of such measurements will be exemplified, helping firms to bet-
ter understand the potential of developing market-oriented decision-making 
strategies. 
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Research gaps Sources who identified these gaps 

Overall, research lacks a generalizable 
eWOM measurement that:   

considers multiple eWOM plat-
forms and controls for platform im-
portance 

King, Racherla, and Bush (2014) 
Kumar et al. (2013) 
Schweidel et al. (2012b)  
Schweidel and Moe (2014) 
Schweidel, Moe, and Boudreaux (2011) 

evaluates relative to competition Babić et al. (2016) 
He, Zha, and Li (2013) 
Lee and Bradlow (2011) 
Netzer et al. (2012) 

is easily implementable  Kumar et al. (2013)  

considers qualitative aspects of 
eWOM 

Chevalier and Mayzlin (2006) 
Dillon et al. (2001) 
Mudambi and Schuff (2010) 
Sonnier, McAlister, and Rutz (2011) 

includes various metric level infor-
mation 

Babić et al. (2016) 
Corstjens and Umblijs (2012) 

Table 2-3: Summary of identified research gaps (study 2) 

2.10.3. Managing eWOM 

Once having established an eWOM measurement system drawing smart in-
sights for managerial decision-making, further organizational success depends 
on how social insights are being processed within firms (Schweidel and Moe 
2014). Yet, brand managers are challenged on how to change from mere crea-
tors of brand content into cooperating moderators to build brand stories based 
on social insights (Gensler et al. 2013). Moreover, such moderation requires 
firms to manage consumer engagement in such a way that it is consistent with 
organizational strategic interests (Hennig-Thurau, Hofacker, and Bloching 
2013). According to the authors, so far, academic research is lacking insights 
into this new territory on how to handle an eWOM moderation process and 
which exact organizational adaptions are required. Another aspect is yet to be 
researched on how human resource responsibilities for eWOM management 
should be allocated across functions and business units (Weinberg et al. 2013). 
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The authors further call out for guidance on what broader changes are needed 
regarding structures, processes, leadership, training, and culture to become so-
cial businesses. This also includes the need to understand the required manage-
ment processes allowing firms seamless dialogue interfaces with eWOM that 
would affect all other functions beyond marketing (Peters et al. 2013). Finally, 
relevant research questions arise concerning the risk management surrounding 
eWOM and how to respond to negative eWOM (Leeflang et al. 2014). 

Another aspect that requires the attention of researchers is whether 
such transformation into a social business that masters eWOM management 
also has a positive effect on overall brand performance (Babić et al. 2016). 
Given the absence of such methodology, researchers should find out how to 
measure the return on investment of eWOM management (Corstjens and 
Umblijs 2012). Currently, many firms are restrained concerning dramatic 
changes that would allow employees to devote more time and resources to 
engaging with consumers online and invite them to participate in value-cre-
ation processes (Weinberg et al. 2013). The degree to which firms should 
manage eWOM depends on external factors (e.g., nature of industry, inten-
sity of eWOM, and consumer connectedness) and internal factors (e.g., stra-
tegic orientation, culture, resources, and capabilities). Weinberg et al. (2013) 
suggest that more research needs to be done to examine internal and external 
factors to provide more tailored transformative guidance, such as 1) deter-
mining the extent to which becoming a social business is a necessity, 2) iden-
tifying organizational dimensions that need more attention than others, and 
3) identifying industry contexts, where eWOM management is more promi-
nent or likely to find. Moreover, future research is required to seek a better 
understanding of how firms should be involved in shaping or seeding eWOM 
(Sonnier, McAlister, and Rutz 2011). Some firms engage more than others, 
but it is not known whether such actions have a positive effect on consumers’ 
future relationships with the firm (King, Racherla, and Bush 2014). 

Following the identified research gaps (see Table 2-4) in study 3, the 
last research question will be dealt with, namely: How can firms manage 
eWOM to gain competitive advantage? First, it will be measured how mature 
firms are in the management of eWOM across industries by means of a mul-
tidimensional benchmark model. Second, it will be examined, whether higher 
maturity in eWOM management leads to higher brand performance. It will 
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provide firms insights into which operational dimensions should be installed 
or improved to gain competitive advantage. 

Research gaps Sources who identified these gaps 

Overall, research lacks understanding of how 
to manage eWOM in terms of: 

  

establishing firm processes to dissemi-
nate SMI cross-functionally 

Leeflang et al. (2014) 
Peters et al. (2013) 
Weinberg et al. (2013) 

which transformative dimensions re-
quire most priority to increase firm per-
formance 
 

Sonnier, McAlister, and Rutz (2011) 
Weinberg et al. (2013) 

the effect of overall higher SMI ma-
turity on brand performance 
 

Babić et al. (2016) 
Corstjens and Umblijs (2012) 
King, Racherla, and Bush (2014) 

Table 2-4: Summary of identified research gaps (study 3) 

 



3 Study 1: Segmenting Consumer’s Decision-
Making Strategies Based on eWOM and Product 
Information 

3.1. Introduction 

The interaction between current and potential consumers, by means of pro-
duct reviews, has emerged as one of the most frequently accessed online in-
formation sources and thus increasingly influences consumers’ decision-
making processes (Cheung and Lee 2012). It changes the way consumers 
search for information, allows the exchange of product-related information, 
and helps to make better informed purchase decisions (Babić et al. 2016; 
Blazevic et al. 2013; King, Racherla, and Bush 2014). In fact, compared to 
marketer-initiated sources out of the traditional marketing mix, consumers 
now rely more on product reviews (eMarketer 2015; You, Vadakkepatt, and 
Joshi 2015). As a consequence of eWOM’s increasing impact on product 
choice and the general growth of the e-commerce market, understanding con-
sumers’ online shopping paths has aroused great interest (Punj and Moore 
2009). This is important for e-retailers (i.e., shop layout optimization) and 
companies selling online (i.e., marketing communications and product infor-
mation placement). However, Bronnenberg, Kim, and Mela (2016) empiri-
cally support that there is a large degree of heterogeneity concerning con-
sumers’ search strategies. Therefore, both e-retailers and sellers should treat 
consumers differently, according to their individual information search stra-
tegies (Ratchford 2015). By optimizing e-retailer shop design accordingly 
(Currim, Mintz, and Siddarth 2015), managers can increase consumer lear-
ning and consequently sales (Hu, Koh, and Reddy 2014; Johnson, Bellman, 
and Lohse 2003). 

Yet, empirical evidence on consumers’ individual online search and 
decision-making strategies, or more precisely, how consumers consume 
eWOM in comparison to relevant product information, is scarce (Ratchford 
2015). Following the top marketing research priorities for 2016 to 2018, more 
research is needed “on decision simplification heuristics and processing pat-
terns, given the overwhelming amount of information and stimuli” that to-
day’s consumers are dealing with (Marketing Science Institute 2016). We 
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found various research gaps that surround this topic (see 2.10.1). First, most 
studies nearly exclusively focus on aggregated quantitative review elements, 
such as the numerical values of product rating, review volume, and variance. 
Besides few exceptions (e.g., Ludwig et al. 2013; Yang et al. 2012), little is 
known about the qualitative components of reviews, such as the actual con-
tent, helpfulness and recency. Second, in literature, information search stu-
dies commonly incorporate all (product and/or review) information available. 
However, consumers cannot cognitively process all information and instead 
concentrate on selected elements (Bettman, Luce, and Payne 1998; Schmidt 
and Spreng 1996). Therefore, it is interesting to know what information con-
sumers consider (Currim, Mintz, and Siddarth 2015) so that managers can 
provide individual relevant information content. This can be done, for in-
stance, by researching individual-level information search data (Yang et al. 
2012) in a controlled experiment setting (Moe and Trusov 2010). Moreover, 
information about the differential influence of product- and review-specific 
information between decision stages is scarce (Jang, Prasad, and Ratchford 
2012). It would be interesting to know what kind of information is more rele-
vant to guide managers in early vs. late decision stages, and which information 
content to highlight as consumers process decision-making. Finally, most 
studies have found mixed results in terms of the effect of product reviews, 
given its aggregated nature. Since aggregation conceals the effect, consumer-
specific differences should be considered (Sonnier, McAlister, and Rutz 2011). 

As a consequence, we test the abovementioned assumptions in a 
controlled eye-tracking experiment analyzing ‘actual’ consumer decision-
making behavior (Moe and Trusov 2010). We will give answers to our 
study’s main research question: What are consumers’ most common deci-
sion-making strategies based on eWOM and product information? There-
fore, the aim of this study is to investigate which product and review-specific 
information is being looked at by consumers when shopping online, by using 
eye-tracking technology. First, on an individual level, we will segment search 
profiles based on consumers’ decision-making strategies across both stages 
and describe these strategies with socio-demographic and psychographic 
characteristics. Second, by means of t-tests on an aggregate level, we will 
compare consumers’ information usage between the choice set formation vs. 
the choice stage. In our experiment, we ask the participants to purchase a 
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digital compact camera on Amazon, having access to the actual real-life 
product sites on amazon.com. 

Our aggregated results show that the choice set formation requires 
more search intensity than the final choice. When forming a choice set, con-
sumers take more positive most helpful content into account than in a final 
choice stage. In the choice stage, consumers gather relatively more bullet-
pointed product specifications, bestseller, and price information compared to 
forming the choice set. Following the individual level results in the choice 
set formation stage, we found three clusters: 1) eWOM and product descrip-
tion text readers, 2) specification skimmers, and 3) design-oriented consu-
mers. Finally, in the choice stage, we distinguish among four clusters: 1) most 
helpful review readers, 2) focused most helpful review readers, 3) design-
oriented specification skimmers, and 4) product heading-focused consumers. 
Contradicting to our propositions in both stages, most consumer characteris-
tics do not describe decision-making strategies. Consumers seem to have 
similar search strategies irrespective of product-specific and personality-spe-
cific psychographics. 

Particularly, we contribute to literature in the following ways. First, 
most predominantly, we advance knowledge of consumers’ information search 
behavior with respect to actual accessed product as well as both quantitative 
and qualitative review information. This is new, because search behavior has 
primarily been researched in aggregated settings, lacking insights to what in-
formation consumers consider (Currim, Mintz, and Siddarth 2015). Moreover, 
we consider socio-demographic and psychographic consumer characteristics 
to describe consumers’ search strategies. Jang, Prasad, and Ratchford (2012), 
for instance, conducted a study with a similar focus, asking participants in a 
two-stage choice process to make a hotel choice, based on quantitative review 
and product information. The authors also surveyed few but limited consumer 
characteristics (travel experience, prior product knowledge, and review im-
portance). However, their experiment settings lacked a real-life purchase sce-
nario, and textual elements of reviews as well as detailed product information 
were not provided. Furthermore, Bronnenberg, Kim, and Mela (2016) re-
searched individual information search patterns based on clickstream data. The 
authors used real-life clickstream data of consumers purchasing a digital cam-
era online. But, since both review and product detail information were shown 
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on a single page, the effects cannot be disentangled. As a consequence, they 
suggested to obtain that knowledge by means of eye-tracking experiments 
(Teixeira, Picard, and el Kaliouby 2014). Also, consumer characteristics were 
not considered. Overall, the experiment setting of our study including a real-
life product search task is unique, promising new information search insights 
based on consumers’ information search behavior with actual accessed infor-
mation. This is important for e-retailer managers, as they can use our results to 
optimize e-retailer shop design (Currim, Mintz, and Siddarth 2015). Most help-
ful positive reviews should be shown from the beginning of a product search. 
In the case where a consumer is about to purchase, key product specifications, 
bestseller information and the price are more important and should be high-
lighted. E-retailers should highlight most helpful reviews (e.g., mouse naviga-
tion-based pop up screens) to increase search efficiency, consumer learning, 
and consequently sales (Hu, Koh, and Reddy 2014; Johnson, Bellman, and 
Lohse 2003). When identifying a certain cluster based on click-navigation be-
havior, e-retailers could extend their recommender system to ‘next recom-
mended review to read’. 

Second, we provide insights into consumers’ information search be-
havior based on unique behavioral eye-tracking data with 95 participants in 
a real-life experiment setting. This is new, because so far, eye-tracking tech-
nology has predominantly been used in branding (e.g., Van der Lans, Pieters, 
and Wedel 2008b; Pieters and Warlop 1999) and advertising (e.g., Kuisma et 
al. 2010; Pieters and Wedel 2007, 2004; Rosbergen, Pieters, and Wedel 1997; 
Wedel and Pieters 2000), with only few exceptions in information search 
(e.g., Van der Lans, Pieters, and Wedel 2008a; Shi, Wedel, and Pieters 2013; 
Yang, Toubia, and De Jong 2015). The study of Van der Lans, Pieters, and 
Wedel (2008a), however, focuses on offline retail shelf displays and does not 
include different choice stages, review information, or consumer character-
ristics. Furthermore, Shi, Wedel, and Pieters (2013) compare vertical vs. ho-
rizontal search conditions on a comparison website and do not include review 
information and consumer characteristics. Finally, Yang, Toubia, and De 
Jong (2015) use a conjoint analysis survey setting without review infor-
mation and consumer characteristics. Overall, in most eye-tracking studies, 
between-subjects designs are used with an approximate average of 55 parti-
cipants per cell (see Table 3-3). Hence, counting 95 participants, the sample 
size of our eye-tracking study is significantly above average. 
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Third, we provide novel insights with two pre-studies into the modera-
ting effects of search- and experience goods on information search behavior. In 
fact, we did not find differences between the two product categories in terms of 
eWOM usage during consumers’ information search strategies. In the second 
pre-study, we conducted a reclassification of search- and experience goods and 
explain the missing differences. We found that due to eWOM, the boundaries 
between those categories seem to diminish (Nakayama, Sutcliffe, and Wan 2010; 
Phau and Meng Poon 2000). These findings are important for e-retailers and 
sellers as they show that information content does not have to be adapted across 
product categories. Except for potential moderating effects of eWOM commu-
nication platforms, all research gaps have been addressed. 

The flow of this chapter is as follows: At the start, the information 
processing theory will be discussed briefly. Then, the conceptual framework 
including respective propositions concerning the two-stage choice process 
and psychographics will be described. In the next sections, the study design 
and the results will be explained. Finally, we will discuss managerial impli-
cations and potential for future research. 

3.2. Theoretical background 

When consumers want to purchase a product (e.g., a digital camera), they 
start by searching for information. In literature, information search is defined 
as the stage of the decision-making process wherein consumers actively col-
lect and integrate information prior to making a choice (Schmidt and Spreng 
1996). Consumers update expectations and perceptions with respect to a set 
of choice alternatives while engaging in a sequential information search 
(Jang, Prasad, and Ratchford 2012). Thereby, consumers break up the com-
plex information search process into simpler subtasks in which they fre-
quently switch to optimize their search (Van der Lans, Pieters, and Wedel 
2008). Two-stage choice models are found to describe underlying consumer 
choice processes more accurately than single-stage models (Gensch 1987; 
Shocker et al. 1991). Therefore, in this study, the widely accepted two-stage 
choice process, which was extensively outlined in section 2.8, will be applied. 
The two-stage choice model dates back to the information processing theory 
and originates from Bettman's (1979) five-stage problem-solving process 
(problem recognition, search, alternative evaluation, purchase, outcomes). 
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According to Shocker et al. (1991), consumers process hierarchical 
sets of alternatives along the decision-making process. The universal set re-
fers to the totality of all alternatives. Consequently, the awareness set consists 
of universal alternatives that the consumer is aware of, meeting basic con-
sumer goals and objectives (Andrews and Srinivasan 1995). Few alternatives 
will be recognized for relevant use, reducing the number of alternatives in 
the awareness set to the lower number of alternatives in the consideration set. 
The consideration set is of dynamic nature, which means that the consumer 
adds or deletes alternatives (Gilbride and Allenby 2004). Given the dyna-
mics, it is more effective to form a closely related static consideration set, the 
choice set, which consists of fewer alternatives to choose from. Finally, con-
sumers make a purchase decision by selecting an alternative from the choice 
set (Shocker et al. 1991). 

After outlining the information processing theory, we now motivate 
how we derived the conceptual framework (see Figure 3-1) and why we ex-
pect the listed factors to drive heterogeneous information search behavior. 
We base the search strategies on participants’ gaze durations gathered with 
eye-tracking technology with respect to quantitative and qualitative review 
elements, as well as on product information gathered throughout the process 
of choice set formation and final choice. In addition, consumer characteristics 
are surveyed to describe the different search strategies. Since we expect that 
there are differences in attention to certain information depending on the 
stage and consumer characteristics, propositions will be discussed. 
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Figure 3-1: Conceptual framework (study 1) 

First, aggregating product reviews over ratings and assuming that 
consumers read all product reviews, disguises the effect on sales (Sonnier, 
McAlister, and Rutz 2011; Yang et al. 2012). However, consumer-specific 
characteristics can significantly moderate the relationship between online re-
views and purchase decisions (Zhu and Zhang 2010), leading to heterogene-
ous search strategies (Konus, Verhoef, and Neslin 2008). Moreover, consu-
mers’ information search processes are extensive and heterogeneous in each 
dimension, which leads to variations in search costs and/or uncertainty 
(Bronnenberg, Kim, and Mela 2016). In the past 15 years, numerous con-
sumer psychographics were used in eWOM and information search research 
to describe its influence on consumers’ decision-making process (Darley, 
Blankson, and Luethge 2010). In the 1950s, researchers already engaged in 
more comprehensive behavioral differentiations among consumers, since de-
mographic profiles (e.g., gender, age, education, etc.) were not sufficient in 
explaining heterogeneous consumer behavior (Wells 1975). As a conse-
quence, Wells (1975) conducted a literature review, starting to complement 
consumer behavior research with psychological studies and to categorize 
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consumer psychographics into two dimensions: product-specific (e.g., in-
volvement) and personality-specific (e.g., self-confidence and information 
seeking). In their more recent study, Darley, Blankson, and Luethge (2010) 
conducted a literature review regarding online search behavior between 2001 
to 2008 and categorized psychographics out of 525 studies into four dimen-
sions: psychological (e.g., need for cognition, risk aversion), social-cultural 
(e.g., family setting), environmental (e.g., website experience), and situ-
ational and economic (e.g., involvement, product type). These four dimen-
sions can be applied to Wells' (1975) original classification, in which envi-
ronmental and situational and economic dimensions are subordinated to the 
product-specific dimension, and psychological and social-cultural dimen-
sions are subordinated to the personality-specific dimension. In addition, an-
other 1196 online information search behavior and eWOM studies from top-
ranked marketing journals were reviewed to complete the overview of pos-
sible psychographic factors. Hence, a diverse set of psychographic variables, 
proven in past information search research to describe heterogeneity, was 
carefully selected and included in this study. The product-specific psycho-
graphics cover both brand-related (brand familiarity) and product-related 
characteristics (product knowledge, product involvement, product experi-
ence, anticipated regret, market mavenism, perceived risk). The personality-
specific psychographics cover both shopping-related (shopping enjoyment, 
internet shopping experience, attitude towards reviews) and psychological 
characteristics (loyalty proneness, need for cognition, self-confidence, price-
consciousness). Overall, since we perform a cluster analysis, whose clusters 
are unknown before analysis, theoretically derived hypotheses cannot be for-
mulated. Therefore, in Table 3-1, we established propositions on how the 
chosen psychographics are expected to describe heterogeneous information 
search strategies regarding the usage of review elements and product infor-
mation. To describe the observed behavior, we also included demographics. 

 

                                                        
5 31 out of those 52 online search behavior studies were published in 11 higher-ranked 

journals (B to A+). 
6  Articles published between 2001 to 2015 exclusively in higher-ranked journals (B to 

A+) focusing on psychographic and situational factors in the online information 
search behavior and eWOM literature. 



 

Constructs Proposed effect on review elements and product information Source 

Product-specific      
Product  
knowledge 

High knowledgeable consumers are found to focus rather on the qualitative ele-
ments of reviews. 

Park and Kim (2008) 

  Low knowledgeable consumers have lesser ability to process information, there-
fore accept heuristic cues, such as volume, valence, and variance as these require 
fewer processing capabilities. 

Sussman and Siegal (2003)  
Cheung, Sia, and Kuan (2012) 

Product  
involvement 

Consumers with higher product involvement are motivated to spend more time on in-
formation search and place higher importance on product attributes and brand choices. 

Petty, Cacioppo, and Goldman 
(1981) 

  It is expected that highly involved consumers are more motivated to engage in 
systematic processing and pursue extensive textual examinations of product ad-
vantages and disadvantages. 

Cheung, Sia, and Kuan (2012) 
Cheng and Ho (2015)  

  Lower involved consumers are found to be mainly influenced by heuristic cues 
that indicate a product’s popularity (volume). 

Park, Lee, and Han (2007) 

  Since inconsistent and contradicting information exert a negative impact on low 
involved consumers, variance is proposed to be a relevant element. 

Cheung, Sia, and Kuan (2012) 

Product  
experience 

Consumers with high prior experience are assumed to have lower uncertainty and 
thus are not motivated to search for more information.  

Maity, Dass, and Malhotra 
(2014) 

  For lower experienced consumers, the cost of acquiring information outweighs the 
benefit, and undertake limited information search.  

Maity, Dass, and Malhotra 
(2014) 

  Consumers with moderate information assume their level of uncertainty may change 
by acquiring more information, and are motivated to engage in greater information 
search. 

Maity, Dass, and Malhotra 
(2014) 



 

Constructs Proposed effect on review elements and product information Source 

Brand familiarity Consumers that are familiar with a brand are capable of making their own judge-
ment without relying too much on online reviews. 

Vermeulen and Seegers (2009) 

  The role of valence is more important for consumers when they are reading re-
views about unfamiliar rather than familiar brands.  

Purnawirawan et al. (2015) 

Anticipated  
regret 
  

Anticipation of regret may increase risk aversion as well as extensive information 
search. 

Keinan and Kivetz (2008) 

Consumers with more anticipated regret are proposed to prefer a higher-priced, 
well-known brand over a less expensive, lesser-known brand. 

Simonson (1992)  

Market  
mavenism 

Market mavens attach extra importance to both quality and price and they actively 
acquire new product information for transmission to other consumers. 

Williams and Slama (1995)  
Steenkamp and Gielens (2003) 

  Market mavens are eager to acquire product knowledge that comes from actual 
experience. 

Alba and Hutchinson (1987) 

Perceived  
(financial) risk 

Consumers perceiving high financial risk rely more heavily on eWOM and proac-
tively search for more information. 

Lin and Fang (2006) 
Biswas and Biswas (2004) 

  To reduce risk, consumers pursue more extensive information search, which re-
quires a rather high cognitive effort. Hence, it is usually inherent with systematic 
processing and associated with review text. 

Zhang et al. (2014) 

  



 

Constructs Proposed effect on review elements and product information Source 

Personality- 
specific 
Shopping  
enjoyment 

 
 
Consumers that enjoy shopping are not bothered by the extra time required to en-
gage in extensive information search, so they are proposed to engage in higher 
cognitive processing which is associated with review text. 

 
 
Konus, Verhoef, and Neslin 
(2008) 

  Consumers who do not enjoy shopping are expected to rely on heuristic cues, such 
as valence, volume, and variance. 

Cheung, Sia, and Kuan (2012) 

Loyalty  
proneness 

Consumers prone to loyalty have the tendency to buy the same brands over time 
rather than switching around, so it is expected that they quickly judge products 
based on their brands without relying too much on online reviews. 

Lichtenstein, Netemeyer, and 
Burton (1990) 

Internet shopping 
experience 

Shopping experienced consumers are more certain about their assessment of product 
quality, perceive less risk to shop online and are expected to rather attach 
importance to heuristic cues, such as volume and valence, and variance. 

Nakayama, Sutcliffe, and Wan 
(2010) 

Need for  
cognition 

Consumers with high need for cognition engage in systematic information pro-
cessing and enjoy searching for and learning new product attributes.  

Inman, McAlister, and Hoyer 
(1990) 

  Consumer with low need for cognition favor to use simplifying heuristics, such as 
quantitative review elements. 

Inman, McAlister, and Hoyer 
(1990) 

Self-confidence Self-confidence varies across consumers and is often moderated by product 
knowledge. Predominantly, more self-confident consumers engage in more exten-
sive information search. 

Bearden, Hardesty, and Rose 
(2001) 

  



 

Constructs Proposed effect on review elements and product information Source 

Price-conscious-
ness 

Highly price-conscious consumers express lower perceptions of product value and 
focus rather on price information. Therefore, they are expected to rely on heuristic 
cues of quantitative review elements and price. 

Alford and Biswas (2002) 

Attitude towards 
reviews 

Consumers that have positive attitude towards reviews more often use them for 
product decision-making. Hence it is expected that textual elements of reviews are 
more important 

Jiménez and Mendoza (2013) 

Table 3-1: Proposed effects of psychographics (study 1) 
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Second, differential influence of product- and review-specific infor-
mation between decision stages is found to be scarce (Jang, Prasad, and 
Ratchford 2012). Depending on the stage, consumers weigh information dif-
ferently since each stage requires different tasks (Andrews and Srinivasan 
1995). In literature, many studies perceive consideration set and choice set for-
mation as one stage. In our study, however, the choice set formation is singled 
out, since it requests more search intensity than the consideration set formation 
(Shocker et al. 1991). Therefore, we expect this separation to reveal extensive 
information search behavior considering the selected variables in the concep-
tual framework. Since the size of the choice set is much smaller compared to 
the consideration set, the benefit of being accurate is much greater. Hence, with 
regard to the consideration set formation, simpler and less cognitively effortful 
decision rules are used (Gensch 1987). When forming the smaller but highly 
differentiated choice set, more effortful cost-benefit rules are used (Shocker et 
al. 1991). Thereby, consumers use more external non-marketer information 
(e.g., product reviews, posts in expert forums, detailed product overview on 
comparison sites), and consequently selectively add and delete alternatives 
(Court et al. 2009). Based on the choice set, a simplified final choice is made. 
Overall, the focus in this study will be on the differences with respect to infor-
mation usage between choice set formation and choice (see Figure 3-2). The 
experiment was set up according to the two-stage choice process inspired by 
Lehmann and Pan (1994) and Nierop and Bronnenberg (2010). It is proposed 
that participants take more information into account when forming the choice 
set than when being in the final choice stage. 

 

Figure 3-2: Hierarchical sets of product alternatives during the decision-making 
process 

Aware-
ness set 

Considera-
tion set Choice set Choice Universal 

set 

Focus of our study 

Set by  
researcher Focus for participants 
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Third, commonly in literature, choice models incorporate all (pro-
duct and/or review) information available. However, consumers cannot cog-
nitively process all information and instead concentrate on selected elements. 
Therefore, it is interesting to know what information consumers consider 
when making a purchase decision (Currim, Mintz, and Siddarth 2015). As a 
consequence, in our research setting we include all possible product infor-
mation, such as price, brand, attribute information, and pictorial elements, 
which can be found on an Amazon product site. 

Fourth, to fill the research gap concerning qualitative review ele-
ments (Sonnier, McAlister, and Rutz 2011), we also included various acces-
sible textual elements of reviews. These contain most helpful reviews (when 
scrolling down on the product site) as well as positive and negative helpful 
reviews (negative: clicking on either 1 to 3-star reviews; positive: clicking 
on 4 to 5-star reviews). In addition, the same information can be found con-
cerning the newest reviews on a product site. 

3.3. Study Design 

Preceding the main study, we conducted two pre-studies (see Appendix A). 
In pre-study 1, we investigated whether consumers can be segmented based on 
the importance they attach towards review elements of valence, volume, vari-
ance, and text, and whether the results differ between search- and experience 
goods. Based on online consumer survey data, we performed a cluster analysis 
to empirically test information search strategies and product differences. As 
mentioned in the aforementioned research gaps, besides common quantitative 
review elements, such as valence, volume, and variance, most eWOM studies 
did not consider qualitative elements. Therefore, we wanted to pre-test whether 
textual eWOM elements drive information search strategies. Furthermore, in 
section 2.5, various product types were outlined, which, according to de Matos 
and Rossi (2008), Babić et al. (2016), Floyd et al. (2014), Purnawirawan et al. 
(2015), and You et al. (2015), were found to moderate the effect of eWOM. 
Differences between experience- vs. search goods – where the influence of re-
view valence and volume was stronger for experience goods than for search 
goods (Purnawirawan et al. 2015; You, Vadakkepatt, and Joshi 2015) – were 
used most frequently in eWOM literature (e.g., Jiménez and Mendoza 2013; 
Pan and Chiou 2011; Purnawirawan et al. 2015). However, the line between the 
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two types is not black nor white, since most goods involve bundles of both 
search- and experience attributes (Alba et al. 1997; Lynch and Ariely 2000). In 
fact, eWOM is likely to change the traditional classification, since consumers 
can ‘experience’ products before the purchase by reading countless product re-
views, which strongly influences the classification of experience goods (Klein 
1998). Therefore, we wanted to pre-test product differences. Our results show 
that the identified information search strategies are not specific to a particular 
product category. Consumers seem to rely on eWOM irrespective of the product 
they want to buy, since eWOM has gained much importance for decision-mak-
ing (Weber and Shandwick 2012; You, Vadakkepatt, and Joshi 2015). 

In pre-study 2, we examined whether eWOM has an influence on 
Nelson's (1970) original classification of experience- and search goods. Based 
on online consumer survey data, we performed t-tests and correlations to em-
pirically test the proposition with a total of 24 goods. Since we found in pre-
study 1 that consumers’ information search strategies are not depending on 
product type, we were curious whether today’s consumers still classify goods 
in the same way as they did in Nelson’s study. Therefore, building on the re-
search gaps mentioned in section 2.5, a reclassification seemed appropriate. 
eWOM can have a significant influence on the information acquisition of ex-
perience goods, which could potentially lead to a change of the product classi-
fication proposed by Nelson (1970). Our results show that experience goods 
are increasingly classified into search goods. It can be explained by the simpli-
fied access to product information through eWOM and augmented digitizable 
product attributes (Nakayama, Sutcliffe, and Wan 2010). Thus, the reclassifi-
cation from experience- to search goods depends on the type of experience 
goods concerning the digitalization of attributes, effort of information search, 
and sensual character (Phau and Meng Poon 2000). Overall, eight products 
could not be classified into a certain category, indicating the increased influ-
ence of eWOM on Nelson's (1970) original classification. Concerning the per-
ceived helpfulness of different information channels across products, partici-
pants rated expert reviews and customer reviews as well as offline sources 
(e.g., social contact and salesperson contact) as most helpful product infor-
mation sources. Films and music albums rather seem to be researched on social 
networks and photo/video platforms. 
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Following the two pre-studies, we conducted the main study by 
means of an eye-tracking experiment including pre- and post-online survey 
questions. In the experiment, participants were told to purchase a digital com-
pact camera online. The choice for using a search good item is based on three 
arguments. First, pre-study 1 has shown that consumers’ information search 
strategies, with respect to review information, are not specific to search- or 
experience goods (Weber and Shandwick 2012; You, Vadakkepatt, and Joshi 
2015). Furthermore, in pre-study 2, an increased reclassification from expe-
rience- to search goods was identified, which can be explained by enhanced 
digitalization of product attributes and augmented access to reliable review 
information (Nakayama, Sutcliffe, and Wan 2010). Following the manipula-
tion check (see Table 3-5) in this study, participants on average perceived the 
digital compact camera as a search good item (M=4.4, SD=1.15). Although 
it significantly differs from the indifferent value ‘4’ (t=3.430, p=0.001), the 
mean value is rather low, which is in line with the results from pre-study 2. 
Therefore, the inclusion of an additional experience good item does not seem 
to be valuable for this research setting. Second, a digital compact camera has 
durable (complex) characteristics, which seemed more beneficial regarding 
the information search intensity to reveal heterogeneous decision-making be-
havior (You, Vadakkepatt, and Joshi 2015). Third, recent empirical studies 
found high levels of consumer heterogeneity in the camcorder market, a cat-
egory close to digital compact cameras (Bronnenberg, Kim, and Mela 2016). 

To make the decision-making task as realistic as possible, we con-
ducted the experiment on the Amazon website, the most popular e-retailer on 
the German market.7 On their path to purchase, consumers also take other 
eWOM platforms into account, but it was found that online product reviews 
constitute the most prevalent form of eWOM (Floyd et al. 2014). Moreover, 
according to a recent study from eMarketer (2017), consumers’ information 
search dropped on search engines, a brand or store’s site, and remained 
higher on business-to-consumer (B2C) e-commerce sites such as Amazon. 
Also, about 70% of consumers were found to search for the camera they 

                                                        
7  The study, ‘E-Commerce-Markt Deutschland’, investigates the German B2C e-com-

merce market in terms of turnover based on 1000 online shops in 2015. Amazon has 
by far the highest turnover, with 7790 million Euros, followed by Otto (2300 million 
Euros) and Zalando (1031 million Euros) (Statista 2016b). 
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aimed to purchase online at only one online retailer (Bronnenberg, Kim, and 
Mela 2016). 

Using eye tracking as data collection technique seemed valuable for 
the following reasons. First, actual consumer behavior gathered through gaze 
durations is found to provide more value as an indicator for attention to search 
information, compared to memory scores done by surveys (Rosbergen, Pieters, 
and Wedel 1997). Second, during an information search, consumers are con-
fronted with uncontrolled and unmeasured contextual factors, which are diffi-
cult to evaluate with surveys. Third, actual accessed product and review infor-
mation reveal more valid diagnostics about attribute preferences and information 
search focus, which can be revealed with eye-tracking technology (Currim, 
Mintz, and Siddarth 2015; Meißner, Musalem, and Huber 2016). Fourth, eye-
tracking data being collected systematically in online market research settings 
augments and improves the responses given by consumers (Yang, Toubia, and 
De Jong 2015). 

We recruited the participants at the University of Münster (Ger-
many) by means of flyers in libraries and student mailings, to ensure random 
selection. In addition, a flyer was sent out to contacts of the Institute for 
Value-based Marketing to broaden the sample. 

3.3.1. Experiment Setup 

The experiment proceeded as follows: We invited the participants to the eye-
tracking lab of the Institute for Value-based Marketing, where we asked them 
to complete the experiment while being monitored by a free-standing, non-
intrusive SMI Red-M remote eye tracker. The eye tracker was placed beneath 
the 19” monitor (1440 x 900-pixel resolutions) and was therefore not obtru-
sive (Yang, Toubia, and De Jong 2015). Participants had no direct contact 
with the technology, thus they could move their head freely and act normally 
(see Figure 3-3). The eye tracker sampled infrared corneal reflections at 120 
Hz. Before the start of the experiment, the geometry8 of the eye tracker rela-
tive to the monitor was measured and updated with the SMI iView software. 

                                                        
8  Distance in depth, height, and angle. 
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Figure 3-3: Eye-tracking setup 

Upon entering, we informed the participants about the purpose of 
the study and the main task ‘to purchase a digital compact camera on Ama-
zon’ and that their eye movements would be recorded accordingly. The par-
ticipants were told to fulfill the task as they would do at home and that no 
mistakes could be made (Rosbergen, Pieters, and Wedel 1997). 

Then, we calibrated the participants with their respective eye tracker 
and adjusted the position and distance of the participant to the computer if 
necessary. A good distance from the eye tracker is 60 to 80 centimeters, to 
ensure qualitative data gathering. The calibration of the eye movements was 
conducted by using a five-point calibration method. That is, the participants 
had to look at five different points on the screen and press a button when 
fixating the point. Afterwards, the configuration was validated by letting 
them look at additional points on the screen. The calibration was successful 
when the precision was better than 0.5 degree of visual angle. If the precision 
was worse, the calibration setting was repeated. In the case of unsuccessful 
calibration, participants could not participate in the experiment. 
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In the following, pre-questions were asked via an online survey (pro-
grammed with Qualtrics) concerning product usage, knowledge, experience, 
and involvement, and brand familiarity (see Appendix B). 

To make the experiment setting as realistic as possible, the setup was 
discreetly programmed in such a way that it allowed for a controlled research 
setting but made it look like shopping on Amazon. Therefore, the experiment 
started with an overview of a predefined consideration set (screen size=5 to 
7.4 cm, price range=100 to 200€, heterogeneous but well-known brands) 
consisting of eight digital compact cameras in a randomized setting (see Fig-
ure 3-4). The information was the same as participants would find on Ama-
zon. Then, we asked the participants to form a choice set (minimum of 1 
product). When clicking on a product, participants were directly transferred 
to the original product site on Amazon (see Figure 3-5). No restrictions con-
cerning the navigation were given. Hence, on that product site, participants 
were allowed to open further subsites (e.g., specific reviews) or scroll over 
product pictures. 

Figure 3-4: Product overview of the predefined consideration set in the experiment 
setup 
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Figure 3-5: Upper part of product site on Amazon in the experiment setup 

After navigating through product sites and forming the choice set, a 
distraction task with quiz questions (duration of 90 seconds) about local 
sightseeing spots was conducted to manipulate artificial time delay between 
the two phases (see Figure 3-6). The quiz was framed as a research exercise 
aimed at simply asking the participants whether they knew the names of popu-
lar sightseeing spots in the city. It had to be a simple quiz so that participants 
were not biased or influenced with regard to the main experiment task. 

 

Figure 3-6: Distraction quiz between choice set formation and choice 

Following the quiz, an overview of the individually formed choice 
set was presented, from which a final product had to be chosen. Again, all 
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relevant information was available, including the original product sites on 
Amazon, which participants were allowed to navigate. 

Finally, in a post-experiment survey, product-specific and personal-
ity-specific psychographics and general demographics were asked (see Ap-
pendix C). An overview of psychographic variables and its items that were 
outlined in the conceptual framework can be found in Table 3-2. 

 



 

  

Construct Author (Year) Items 

Product  
knowledge 

Smith and Park (1992) I feel very knowledgeable about this product.1  
If I had to purchase this product today, I would need to gather very little in-
formation in order to make a wise decision.1 

I feel very confident about my ability to tell the difference in quality among 
different brands of this product.1 

Chang (2004) I usually pay a lot of attention to information about ___.1 
Product  
involvement 

Schneider and Rodgers (1996) I attach great importance to selecting a ___.1 
Choosing a ___ takes a lot of careful thought.1 

Decisions about selecting a ___ are serious, important decisions.1 
Attitude  
towards reviews 

Jiménez and Mendoza (2013) I always check consumer reviews before making a purchase.1 

I think consumer reviews are helpful.1 

Consumer reviews often influence my purchase decisions.1 

I typically read the reviews before making a decision.1 

Perceived  
(financial) risk  

Biswas and Biswas (2004) Given the expense involved with purchasing this dress shirt, how much is the 
risk involved in purchasing this ___ from ___ online?4  
Considering the amount of money associated with purchasing this new ___ 
from retailer ___, how risky is the purchase?4 

How much financial risk is involved while purchasing this ___ from re-
tailer ___.4 



 

Construct Author (Year) Items 

Loyalty  
proneness  

Lichtenstein, Netemeyer, and 
Burton (1990) 

I generally buy the same brands I have always bought.1 
Once I get used to a brand, I hate to switch.1  
If I like a brand, I rarely switch from it just to try something different.1 

Even though certain products are available in a number of different brands, I 
always tend to buy the same brand.1 

Self-confidence 
(information  
acquisition) 

Bearden, Hardesty, and Rose (2001) I know where to find the information I need prior to making a purchase.1 
I am confident in my ability to research important purchases.1 
I know the right questions to ask when shopping.1 
I have the skills required to obtain needed information before making im-
portant purchases.1 

Internet shopping 
experience 

Schlosser, White, and Lloyd (2006) How often did you use the Internet to purchase goods in the last six months?2 
Newly developed item How experienced are you with purchasing online?3 

Shopping  
enjoyment 

Roehm, Pullins, and Roehm (2002) Shopping is generally a lot of fun to me.1 
I enjoy browsing for things, even when I am not buying them.1 
I take my time when shopping for even small items such as toothpaste.1 

Need for  
cognition 

Ailawadi, Neslin, and Gedenk 
(2001) 

Thinking is not my idea of fun.1 
I like tasks that don't require much thinking once I have learned them.1  
I only think as hard as I have to.1  

Price- 
consciousness 

Ailawadi, Neslin, and Gedenk 
(2001) 

It is important for me to have the best price for the product.1  
I compare the prices of various products before I make a choice.1 
I find myself checking the prices even for small items.1 



 

Note: 1= measured on a 7-point Likert scale from 1=totally disagree, to 7=totally agree. 
 2= measured on a 7-point Likert scale from 1=never, to 7=very often. 
 3= measured on a 7-point Likert scale from 1=not at all, to 7=very much. 
 4= measured on a 7-point Likert scale from 1=little risk, to 7=very much risk. 
 5= measured on a 7-point Likert scale from 1=very little, to 7=very much. 

Table 3-2: Psychographic constructs outlined in the conceptual framework (study 1) 

Construct Author (Year) Items 

Market  
mavenism 
(electronics) 

Feick and Price (1987) I like introducing new brands and products to my friends.1 
I like helping people by providing them with information about many kinds 
of products.1 
If someone asked where to get the best buy on several types of products, I 
could tell him or her where to shop.1 

Steenkamp and Gielens (2003) I talk to friends about the products that I buy.1 
Anticipated  
regret 

Inman and Zeelenberg (2002)  Scenario: Imagine, after choosing your camera you hear that there would 
have been another better camera. 
How much would you regret your decision to stay with?3 
If you could do it over, would you change your decision?3 
How much happier would you have been if you had made a different decision?3 

Product 
experience 

Yang et al. (2012) How many digital compact cameras have you purchased before?5 

Brand familiarity Machleit, Allen, and Madden (1993) How well do you know the following digital compact camera brands?3 
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The constructs used in the survey for measuring the covariates were 
carefully selected, and if necessary, adopted according to the specific re-
search setting. After reviewing the search and eWOM literature, in case ori-
ginal items did not match the focus of the experiment, items were reformu-
lated and/or not considered. Another aspect that had to be considered was the 
length of the survey. Since the eye-tracking experiment already required ex-
tensive time and effort to complete, the number of items asked had to be 
carefully reviewed. However, that was taken care of since the survey ques-
tions used were as close to original items as possible. All scales were trans-
lated from English to German and verified concerning comprehensibility and 
completeness in several workshops with marketing research experts. 

3.3.2. Data 

A total of 107 participants were recruited between August and October 2014. 
After eye-tracking data quality checks, 95 participants could be used for fur-
ther analysis. 12 participants were excluded due to incomplete eye recor-
dings, as the sampled infrared corneal reflections had multiple disruptions; 
therefore, frictionless gaze behavior could not be guaranteed (Pieters and 
Warlop 1999). This often occurs when participants wear glasses or contact 
lenses, making the gaze data useless. 

Compared to eye-tracking studies in marketing with an average of 55 
participants per cell, our sample size with 95 participants being analyzed in one 
cell, is above average, even for the presented sub-sample (see Table 3-3). 
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Author and year 
Number 
of parti-
cipants 

Num-
ber of 

cells 

Minimum num-
ber of partici-
pants per cell 

Advertising    
Rosbergen, Pieters, and Wedel (1997)  115 4 26 
Pieters and Wedel (2007) 220 5 44 
Kuisma et al. (2010)  30 4 8 
Pieters and Wedel (2004)  110 - 110 
Wedel and Pieters (2000) 88 - 88 
Rosbergen, Pieters, and Wedel (1997)  52 4 13 
Rosbergen, Pieters, and Wedel (1997) 118 - 118 

Branding    
Van der Lans, Pieters, and Wedel 
(2008b)  

109 5 22 

Pieters and Warlop (1999)  54 4 11 
Information search    

Shi, Wedel, and Pieters (2013) 108 2 54 
Van der Lans, Pieters, and Wedel 
(2008)  

106 - 106 

Yang, Toubia, and De Jong (2015) 70 - 70 

Table 3-3: Extract of eye-tracking studies with sample sizes 

An overview of descriptive results of the sample is found in Table 3-4. 
Most participants were aged between 24 to 26 (see Figure 3-7) with an average 
age of 27.7 years (SD=6.1) and 54.7% were female. Considering that most of 
global online retail consumers (51.9%) are between 15 and 34 years old, the 
sample can be seen as representative (Statista 2014a). 
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Note: n=95 

Figure 3-7: Sample age (in percentage) 

The average age also explains that 64.2% are students, followed by 
the second largest occupation group (32.6%) of employees (see Table 3-4). 
83.2% had purchased a digital camera before and 68.4% currently own one. 
Overall, participants had experience with purchasing products online (5.66 
out of 7, SD=1.1). Most of the camera brands, which participants purchased, 
were Canon (22.1%), Nikon (11.6%), and Sony (10.5%). This matches the 
actual list of top digital camera brands owned in Germany (Statista 2014b). 

To evaluate, whether the multi-item constructs have an adequate in-
ternal consistency, construct reliability by means of Cronbach’s Alpha was 
tested (see Table 3-5). On average, the multi-item constructs had a Cronbach’s 
Alpha of .8, which is above the critical threshold of .7 (Hair et al. 2010). Only 
two constructs (product knowledge and need for cognition) were below the 
critical threshold (.69 and .68 respectively) but would not have increased in 
case of deleting certain items. Concerning the construct self-confidence, the 
means for the second and third items were clearly lower than items one and 
four, and closer to the indifferent value of ‘4’. When deleting those two items, 
Cronbach’s Alpha would also increase. Similarly, the fourth item of market 
mavenism has a higher mean compared to the first three items. A deletion of 
the fourth item would increase Cronbach’s Alpha from .847 to .849. These two 
constructs will be reviewed again if item deletion is necessary, when conduc-
ting the validity of constructs. 

  

1.12.1
4.23.2

15.8

25.3

10.5
6.3

4.23.2 2.1 3.2
1.1

3.2
1.1

0

5

10

15

20

25

30

20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 36 37 38 39 40 50 61



96 The Impact of Electronic Word-of-Mouth on Consumers and Firms 

Variable   Percentage 

Gender Female 54.7 
 Male 45.3 
Occupation Student 64.2 
  Employee 32.6 
  Job-seeking 1.1 
  Other 2.1 
Education University entrance 9.5 
  Apprenticeship 5.3 
  Bachelor 55.8 
  Master 26.3 
  PhD 3.2 
Income <500 € 14.7 
  501 - 1000 € 42.1 
  1001 - 2000 € 16.8 
  2001 - 3000 € 12.6 
  3001 - 4000 € 5.3 
  >4000 € 6.3 
  No details 2.1 
Purchased a digital compact camera before No 16.8 
  Yes 83.2 
Currently own a digital compact camera No 14.7 
  Yes 68.4 
Brand of currently owned digital compact camera Canon 22.1 
  Nikon 11.6 
  Sony 10.5 
  Panasonic 3.2 
  Olympus 3.2 
  Samsung 2.1 
  Leica 2.1 
  Other 5.5 

Note: n=95 

Table 3-4: Sample description (study 1) 



 

  

Construct Author (Year) Items Item 
Mean 

Cronbach's 
Alpha 

Construct 
Mean 

Product 
knowledge 

Smith and Park 
(1992) 

I feel very knowledgeable about this product.1  2.99   
If I had to purchase this product today, I would need to gather very 
little information in order to make a wise decision.1 

2.85 
  

I feel very confident about my ability to tell the difference in qua-
lity among different brands of this product.1 

3.68 
  

Chang (2004) I usually pay a lot of attention to information about ___.1 3.07 0.685 3.150 
Product  
involve-
ment 

Schneider and 
Rodgers (1996) 

I attach great importance to selecting a ___.1 4.24 
  

Choosing a ___ takes a lot of careful thought.1 5.29 
  

Decisions about selecting a ___ are serious, important decisions.1 4.71 0.900 4.747 
Attitude  
towards  
reviews 

Jiménez and 
Mendoza (2013) 

I always check consumer reviews before making a purchase.1 5.86   
I think consumer reviews are helpful.1 5.72 

  

Consumer reviews often influence my purchase decisions.1 5.64 
  

I typically read the reviews before making a decision.1 5.62 0.904 5.711 
Perceived 
(financial) 
risk 

Biswas and  
Biswas (2004) 

Given the expense involved with purchasing this dress shirt, how 
much is the risk involved in purchasing this ___ from ___ online?4 2.73   
Considering the amount of money associated with purchasing this 
new ___ from retailer ___, how risky is the purchase?4 

2.73 
  

How much financial risk is involved while purchasing this ___ 
from retailer __.4 

2.61 0.952 2.688 



 

  

Construct Author (Year) Items Item 
Mean 

Cronbach's 
Alpha 

Construct 
Mean 

Loyalty  
proneness 

Lichtenstein, 
Netemeyer, and 
Burton (1990) 

I generally buy the same brands I have always bought.1 3.60   
Once I get used to a brand, I hate to switch.1 3.52   
If I like a brand, I rarely switch from it just to try something different.1 4.09   
Even though certain products are available in a number of different 
brands, I always tend to buy the same brand.1 

3.83 0.890 3.761 

Manipu-
lation 
search vs. 
experience 
good 

Bae and Lee 
(2011) 

Do you think you can get enough information about the dominant 
attributes before purchasing?3 5.14     
Do you think that online information search gives sufficient infor-
mation for you to evaluate the product before purchasing?3 

5.22     

Park and Park 
(2013) 

It was difficult to evaluate the target product prior usage experience.1 3.68a     
Product description provided insufficient information for evalua-
ting the target product.1 

4.05a     

It was difficult to predict the performance of the target product.1 3.92a 0.770 4.404 
Self-con-
fidence 
(informa-
tion acqui-
sition) 

Bearden,  
Hardesty, and 
Rose (2001) 

I know where to find the information I need prior to making a pur-
chase.1 5.49     
I am confident in my ability to research important purchases.1 4.13b     
I know the right questions to ask when shopping.1 4.29b     
I have the skills required to obtain needed information before mak-
ing important purchases.1 

5.61 0.781 4.882 



 

Construct Author (Year) Items Item 
Mean 

Cronbach's 
Alpha 

Construct 
Mean 

Internet 
shopping 
experience 

Schlosser, White, 
and Lloyd (2006) 

How often did you use the Internet to purchase goods in the last six 
months?2 

5.74     

Newly developed 
item 

How experienced are you with purchasing online?3 5.58 0.803 5.007 

Shopping 
enjoyment 

Roehm, Pullins, 
and Roehm 
(2002) 

Shopping is generally a lot of fun to me.1 5.41     
I enjoy browsing for things, even when I am not buying them.1 4.77     
I take my time when shopping for even small items such as toothpaste.1 4.84 0.835 5.087 

Need for 
cognition 

Ailawadi,  
Neslin, and  
Gedenk (2001) 

Thinking is not my idea of fun.1 2.09     
I like tasks that don't require much thinking once I have learned them.1  2.49     
I only think as hard as I have to.1  2.13 0.679 2.239 

Price-
conscious-
ness 

Ailawadi,  
Neslin, and  
Gedenk (2001) 

It is important for me to have the best price for the product.1  5.33     
I compare the prices of various products before I make a choice.1 6.09     
I find myself checking the prices even for small items.1 5.06 0.788 5.495 

Market 
mavenism 
(electronics) 

Feick and Price 
(1987) 

I like introducing new brands and products to my friends.1 3.04     
I like helping people by providing them with information about 
many kinds of products.1 

2.99     

If someone asked where to get the best buy on several types of 
products, I could tell him or her where to shop.1 

2.59     

Steenkamp and 
Gielens (2003) 

I talk to friends about the products that I buy.1 4.14c 0.847 3.189 



 

  

Construct Author (Year) Items Item 
Mean 

Cronbach's 
Alpha 

Construct 
Mean 

Anticipated  
regret 

Inman and  
Zeelenberg 
(2002) 

Scenario: Imagine, after choosing your camera you hear that there 
would have been another better camera. 

     

How much would you regret your decision to stay with?3 4.71   
If you could do it over, would you change your decision?3 5.42   
How much happier would you have been if you had made a diffe-
rent decision?3 

4.72 0.765 4.947 

Brand  
loyalty 

Yoo, Donthu, 
and Lee (2000) 
  

I consider myself to be loyal to the chosen digital camera.1 3.56     
The chosen digital camera would be my first choice.1 3.02     
I will not buy other brands if the chosen digital camera is available 
at the store.1 

2.19 0.747 2.923 

Single-item constructs     
Product 
experience 

Yang et al. 
(2012) 

How many digital compact cameras have you purchased before?5 1.69 - - 

Brand  
familiarity 

Machleit, Allen, 
and Madden 
(1993) 

How well do you know the following digital compact camera 
brands?3 

4.37 - - 



 

Notes: n=95 
1=  measured on a 7-point Likert scale from 1=totally disagree, to 7=totally agree. 
2=  measured on a 7-point Likert scale from 1=never, to 7=very often. 
3=  measured on a 7-point Likert scale from 1=not at all, to 7=very much. 
4=  measured on a 7-point Likert scale from 1=little risk, to 7=very much risk. 
5=  measured on a 7-point Likert scale from 1=very little, to 7=very much. 
a=  item values were reversed into search good items, since the original items aim at testing whether the product is perceived 

as experience good. 
b=  if items deleted, the constructs' Cronbach's Alpha would be 0.785, with a mean of 5.553. 
c=  if item deleted, the constructs' Cronbach's Alpha would be 0.849, with a mean of 2.874. 

Table 3-5: Construct reliability (study 1) 
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Regarding the construct validity, an exploratory factor analysis 
(EFA) was conducted (Hair et al. 2010). First, the Kaiser-Meyer-Olkin 
(KMO) criterion has to be inspected to judge whether the data are appropriate 
for an EFA (Backhaus et al. 2006, and hereafter). With a KMO of .583, the 
critical threshold of .5 has been exceeded, confirming the quality of the cor-
relation matrix and thus appropriateness of an EFA. Another important cri-
terion for the suitability of an EFA is the Bartlett’s test of sphericity, which 
assesses the null hypothesis, whether the variables in the correlation matrix 
are unrelated. Since it is significant (p=.000), it can be concluded that the 
variables are correlated and thus suitable. To derive the number of factors, 
the Kaiser (latent root) criterion has to be inspected. Factors with an eigen-
value smaller than one, explain less variance than a single variable, and 
should thus not be extracted. As from a 14-factor solution downwards, the 
eigenvalues are larger than one, 14 factors should be extracted. Next, the per-
centage of variance criterion should be assessed to ensure practical signifi-
cance for the derived factors. They should explain at least 60 percent of total 
variance, which was the case from eight factors upwards. Looking at the 
Varimax rotated principal component analysis (see Appendix D) most of the 
items perfectly load on construct factors. Two exceptions are manipulation 
check and self-confidence. The first item of manipulation check loads higher 
on risk (-.417) than on the actual construct (.400). But since this construct 
will not be used in further analyses to describe the segments, it will not be 
further considered. Regarding self-confidence, the second and third items 
have cross loadings close to |.5|. Since high factor loadings (>|0.5|) indicate 
that variable is important for the interpretation of the factor, these two items 
are not clearly allocatable. Considering the reliability outcomes as well, it 
was decided to delete these items and run an EFA again. 

The second EFA (see Appendix E) without the two self-confidence 
items have similar results with respect to the KMO (.579) and Bartlett’s test 
of sphericity (p=.000), as well as the eigenvalues (14 factors) and percentage 
total variance (eight factors). The remaining two self-confidence items load 
perfectly on one factor, confirming the previous decision for deletion. There-
fore, the constructs are valid and were calculated by averaging the scores on 
the appropriate items (Rosbergen, Pieters, and Wedel 1997). In the results 
section 3.4, the robustness of the construct self-confidence will be checked 
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again, to establish whether both the original and the adapted construct have 
the same describing effect on the cluster solution. 

To use the gaze duration gathered during the eye-tracking experi-
ment, extensive preparations had to be made using the manufacturer (SMI) 
software, ‘BeGaze’. In general, when performing eye-tracking experiments, 
the information used is held static to ensure comparability across partici-
pants. It makes it easier to aggregate gaze durations for each area of interest 
(AOI), which represent the variables used to analyze consumer behavior. 
With static content, AOIs have the same size and position for any participant. 
Given the possibility for participants to access the actual Amazon product 
sites, static content could not be controlled. However, product sites on Ama-
zon are anything but static, as the content varies for each participant and site 
session due to individual recommender information, online advertising, and 
constantly evolving pricing and review information. So, generic AOIs could 
not be developed given the highly dynamic environment. Alternatively, we 
manually hand-coded gaze durations per AOI and per participant by means 
of SMI’s semantic gaze mapping function. Semantic gaze mapping allows 
copying of the exact gaze information, about any fixation recorded during 
the experiment, onto a static picture with manually created AOIs. The pro-
cess can be seen in Figure 3-8. On the left-hand side, manual AOIs for all 
accessible information were created (e.g., picture, price, brand, title, descrip-
tion, most helpful reviews, etc.). So, for each gaze point spotted on the right-
hand side we clicked on the respective AOI on the left-hand side. The next 
gaze point only appears once you confirm the respective click on the left-
hand side. Hence, the hand-coded dwell time is independent from clicking 
speed and mirrors the original gaze behavior. The newly created AOIs were 
then used for further analysis. In the end, we have the same data compared 
to using static gaze data, it is just a very time-consuming procedure. Since 
we did not hand-code the gaze durations based on subjective opinions but 
merely objectively copied actual recorded behavior, coding by multiple cod-
ers and consequently inter-coder reliability testing were not necessary. 
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Figure 3-8: Eye-tracking data preparation in BeGaze 

Common in eye-tracking research, the aggregated measure of eye-
movement data is gaze duration. It is defined as “the sum of fixation durations 
on a stimulus element or on the stimulus as a whole” and has been validated 
by previous research as an indicator of visual attention (Rosbergen, Pieters, 
and Wedel 1997). Each fixation represents “the time periods in which partici-
pants fix their eyesight on a specific stimulus” (Yang, Toubia, and De Jong 
2015). It was found that a longer fixation duration can be associated with 
deeper and more effortful cognitive processing and that there are no signifi-
cant temporal lags between fixation and processing (Just and Carpenter 1980). 

In our experiment, visual attention was indicated by gaze duration 
in dwell time milliseconds (DTMS), which starts at the moment a stimulus 
element is fixated and ends at the moment the last fixation on the element 
ends (sum of durations from all fixations that hit the element). As said, we 
arranged all elements of focus into AOIs, representing the gaze duration va-
riables that are shown in Figure 3-1. Since gaze durations differ across re-
spondents and AOIs, a normalization procedure was used to analyze how 
long a respondent paid attention to an AOI proportionally to his or her total 
dwell time. Therefore, on an individual level, DTMS per AOI was divided 
by total DTMS. The AOI’s from both product overview (see Figure 3-4) and 
product sites (see Figure 3-5) were merged into AOIs choice set formation 
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and AOIs choice to allow for decision-making process comparisons between 
the two stages. 

3.3.3. Methodology 

First, on individual level, we will segment search profiles based on consu-
mers’ decision-making strategies for both stages and describe these strategies 
with socio-demographic and psychographic characteristics. Second, by means 
of t-tests on an aggregate level, we will compare consumers’ information us-
age between the choice set formation vs. final choice. 

For the segmentation procedure of consumers’ information search 
profiles, we performed hierarchical cluster analyses for each stage indivi-
dually. Following the implementation sequence of Hair et al. (2010), first, 
the single-linkage algorithm using Euclidean distance measure was applied 
for outlier detection (Backhaus et al. 2006). However, elimination of obser-
vations was not necessary for both stages. Nevertheless, extreme response 
behavior might also represent under-sampled target groups and should not be 
extinguished (Hair et al. 2010). Second, Ward’s method was conducted (us-
ing squared Euclidean distance measure) to define the number of clusters, as 
it was found to be suitable for the identification of the veritable underlying 
groups (Backhaus et al. 2006, and hereafter). Since DTMS had been trans-
formed into a relative variable, standardization of values was not necessary. 

In the choice set formation stage, according to the agglomeration 
schedule (see Table 3-6), a substantial increase in coefficients happened in 
the stage from a two- to a one-cluster solution, suggesting two clusters. Based 
on the percental change of heterogeneity in coefficients, the first big change 
occurred between three and two clusters, which suggests three clusters. An-
other criterion is the inspection of the dendrogram (see Appendix F), where 
heterogeneity is displayed. It also suggests a three-cluster solution. Overall, 
a three-cluster solution seems appropriate. The accuracy of the classification 
was validated conducting a discriminant analysis. In fact, 100% of the obser-
vations were correctly classified (see Appendix H). In the next step, the par-
titioning procedure k-means was used to define the final assignment of ob-
servations into the three clusters. It iteratively reassigns observations to the 
clusters until maximum homogeneity within the clusters is achieved (Hair et 
al. 2010).  
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Stage Cluster combined Coefficients Percentage change 

in coefficients 
Number of 

clusters Cluster 1 Cluster 2 
86 5 25 26385.350 6.503 9 

87 6 38 28101.190 7.289 8 

88 3 11 30149.762 9.071 7 

89 1 17 32884.673 8.318 6 

90 2 12 35620.140 12.572 5 

91 3 5 40098.313 17.087 4 

92 1 6 46950.286 32.147 3 

93 1 3 62043.591 34.589 2 

94 1 2 83503.855 
 

1 

Note: n=95 

Table 3-6: Agglomeration schedule: choice set formation stage (study 1) 

In the choice stage, according to the agglomeration schedule (see 
Table 3-7), a substantial increase in coefficients between cluster stages can-
not be detected. Based on the percental change of heterogeneity in coeffi-
cients, the first big change occurred between four and three clusters, suggesting 
four clusters. Another criterion is the inspection of the dendrogram (see Ap-
pendix G), where heterogeneity is displayed. It also suggests four clusters. 
Overall, a four-cluster solution seems appropriate. The accuracy of the clas-
sification was validated conducting a discriminant analysis. 98.9% of the ob-
servations were correctly classified (see Appendix I). In the next step, the 
partitioning procedure k-means was used to define the final assignment of 
observations into the four clusters. 
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Stage Cluster combined Coefficients Percentage change 

in coefficients 
Number of 

clusters Cluster 1 Cluster 2 
86 1 7 43227.524 8.824 9 

87 5 6 47042.125 10.610 8 

88 10 14 52033.383 13.124 7 

89 4 10 58862.607 14.487 6 

90 4 12 67390.417 15.345 5 

91 1 4 77731.818 19.624 4 

92 1 3 92986.149 24.087 3 

93 1 23 115384.637 23.274 2 

94 1 5 142240.059 
 

1 

Note: n=95 

Table 3-7: Agglomeration schedule: choice stage (study 1) 

3.4. Results 

Following the partitioning procedure k-means, the cluster results can be in-
terpreted. Concerning the choice set formation stage, the sizes of the clusters 
are equally divided: cluster 1 with n=34, cluster 2 with n=31, and cluster 3 
with n=30. In Table 3-8, the means of information elements and F-values per 
cluster and clustering variables are shown. The significant F-values indicate 
that the cluster solution exhibits significant distinctive characteristics diffe-
rentiating the clusters. According to the size of the F-values, product heading 
followed by pictures seem to contribute the most to the cluster solution. 
Looking at the final cluster means, cluster 1 can be described as ‘eWOM and 
product description text reader’ as respondents predominantly focus on help-
ful reviews, followed by helpful negative reviews, product description text, 
and user-generated Q&As. Except for product information, for participants 
in this cluster, all other cluster variables are least important compared to other 
clusters. Moreover, cluster 2 consists of ‘specification skimmers’, as they fo-
cus on product heading, followed by brand name, and price. Cluster 3 can be 
described as ‘design-oriented consumers’, since pictures followed by price 
more are the only significant describing variables. 
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To attach the consumer characteristics to the clusters, ANOVAs for 
metric variables, and Chi-Square tests for nominal variables have been per-
formed. The only two significant describing variables are involvement 
(p=.019) and attitude towards reviews (p=.000). The mean9 for involvement 
in cluster 1 is 1.006 (p=.023) higher compared to cluster 3. As cluster 1 is 
highly focused on both review and product description text, it confirms the 
proposition from Table 3-1 that higher involved consumers are more moti-
vated to engage in systematic processing and pursue extensive textual exa-
minations of product advantages and disadvantages (Cheng and Ho 2015; 
Cheung, Sia, and Kuan 2012). Moreover, the mean10 for attitude towards re-
views in cluster 1 is 1.146 (p=.000) higher compared to cluster 2, and 1.012 
(p=.001) higher compared to cluster 3. It also confirms the proposition from 
Table 3-1, as cluster 1 is highly focused on differentiated review text, re-
spondents also have a more positive attitude towards reviews than in other 
clusters (Jiménez and Mendoza 2013). On average, respondents’ positive at-
titude towards reviews is rather high with a mean of 5.711 (see Table 3-5). It 
indicates that the potential problem of fake reviews introduced in chapter 1.1, 
does not hinder consumers from reading reviews during their information 
search process. However, unlike expected, all other remaining demographics 
and psychographics do not significantly describe heterogeneous information 
search behavior. We also checked again for the robustness of the adapted 
construct self-confidence. In both cases, with the original set of items and the 
adapted set, no significant differences between the clusters were found. To 
summarize, in the choice set formation stage we found three equally large 
clusters that significantly differ in decision-making strategies. Within these 
strategies, respondents have a different focus on 1) textual eWOM and pro-
duct descriptions, 2) product specifications, and 3) pictures. 

  

                                                        
9  On a 7-point Likert scale from 1 (low involvement) to 7 (high involvement). For com-

plete construct description, see Table 3-2. 
10  On a 7-point Likert scale from 1 (low attitude) to 7 (high attitude). See for complete 

construct description Table 3-2. 
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Cluster variables Cluster F Sig. 

 

1 
n=34 

eWOM and 
product descrip-
tion text reader 

2 
n=31 

Specifica-
tion skim-

mer 

3 
n=30 

Design-
oriented 

consu-
mer   

Volume 1.66 1.91 1.67 .241 .786 

Rating 2.03 2.25 2.44 .325 .723 

Bestseller notification .34 .44 .24 1.738 .182 

Price more (additional 
price and color infor-
mation) 

4.78 5.74 7.61 4.680  .012 

Price 5.04 11.52 6.67 29.667 .000 

Brand name 4.61 12.07 7.02 34.751 .000 

Product heading 10.03 41.03 19.52 105.536 .000 

Pictures 13.05 13.25 35.19 68.520 .000 

Newest negative reviews 0.00 0.00 0.00 
  

Newest positive reviews 0.00 0.00 0.00 
  

Helpful negative reviews 9.55 .66 .36 19.099 .000 

Helpful positive reviews 5.50 .73 .08 6.431 .002 

Newest reviews 2.28 .09 .28 3.430 .037 

Helpful reviews 18.34 1.80 3.08 28.986 .000 
Q&A 2.43 .30 .28 10.689 .000 

Product description pic-
tures 

2.71 .40 1.57 7.579 .001 

Product description text 8.30 1.07 3.08 13.348 .000 
Product information 2.09 .87 1.80 1.229 .297 
Product specification bul-

let points 
4.35 4.88 7.65 2.174 .120 

Variance 2.93 .97 1.45 6.286 .003 

Note: n=95 

Table 3-8: Means of final cluster centers: choice set formation stage (study 1) 
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Concerning the cluster results in the choice stage, the sizes of the 
clusters differ: cluster 1 with n=21, cluster 2 with n=8, cluster 3 with n=55, 
and cluster 4 with n=11. In Table 3-9, the means of information elements and 
F-values per cluster and clustering variables are shown. The significant F-
values indicate that the cluster solution exhibits significant distinctive char-
acteristics differentiating the clusters. According to the size of the F-values, 
helpful negative reviews, followed by helpful reviews, and product heading 
seem to contribute the most to the cluster solution. Looking at the final cluster 
means, cluster 1 can be described as ‘most helpful review readers’ as helpful 
reviews is the only significantly differing cluster variable in this cluster. It 
has also the second largest F-value overall. Moreover, cluster 2 consists of 
‘focused most helpful review readers’, as they focus on both negative and 
positive helpful reviews as well as variance. Respondents in this cluster 
weigh out negative from positive textual review information for product de-
cision-making. Cluster 3 can be described as ‘design-oriented specification 
skimmers’, as respondents predominantly focus on pictures, followed by 
price, brand name, product specification bullet points, and price more. Re-
spondents in this cluster skim product-relevant information since the variable 
means do not highly differ from other clusters and have rather low F-values. 
Finally, cluster 4 can be described as ‘product heading-focused consumers’. 
The only significantly describing variable in this cluster is product heading, 
with the third largest F-value overall. When making the final product choice, 
respondents in this cluster merely focus on the heading which includes a sum-
mary of relevant product specifications. 

To attach the consumer characteristics to the clusters, ANOVAs for 
metric variables, and Chi-Square tests for nominal variables have been per-
formed. However, unlike expected, demographics and psychographics do not 
significantly describe heterogeneous information search behavior in the 
choice stage. To summarize, in the choice stage we found four clusters dif-
ferent in size that can be significantly distinguished in decision-making stra-
tegies. Within these strategies, respondents have a different focus on 1) most 
helpful, and 2) focused textual review content, 3) pictures and specifications, 
and 4) product heading. The most predominant decision-making strategy re-
presents cluster 3 with design-oriented specification skimmers. Cluster 1 and 
2 together, who have a textual review-focused strategy, represent a third of 
the sample.  
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Cluster variables Cluster F Sig. 

 

1 
n=21 

Most 
helpful 
review 
readers 

2 
n=8 

Focused 
most 

helpful 
review 
readers 

3 
n=55 

Design-
oriented 
specifi-

cation 
skim-
mers 

4 
n=11 

Product 
heading-
focused 

con-
sumer 

  
Volume 2.50 2.38 2.22 .47 1.555 .206 
Rating 1.96 2.76 2.28 .35 1.199 .315 
Bestseller notification .85 1.23 .90 .75 .071 .975 
Price more (additional price 

and color information) 
5.32 3.54 9.43 7.74 2.920 .038 

Price 5.85 3.65 13.01 6.53 7.164 .000 
Brand name 4.06 2.42 10.03 6.46 4.053 .009 
Product heading 12.68 6.04 18.60 67.38 70.954 .000 
Pictures 10.00 10.62 22.18 10.16 7.567 .000 
Newest negative reviews 0.00 0.00 0.00 0.00 

  

Newest positive reviews 0.00 0.00 0.00 0.00 
  

Helpful negative reviews .47 38.09 0.00 0.00 168.973 .000 
Helpful positive reviews .29 4.33 0.00 0.00 13.739 .000 
Newest reviews .90 .01 .40 0.00 .405 .750 
Helpful reviews 36.64 2.10 .58 0.00 117.508 .000 
Q&A 1.66 3.08 .74 0.00 1.919 .132 
Product description pictures 2.06 2.96 1.77 0.00 1.382 .253 
Product description text 6.08 3.44 3.89 0.00 1.523 .214 
Product information 2.37 1.89 .97 0.00 1.613 .192 
Product specification bul-

let points 
4.87 2.73 12.55 .16 4.904 .003 

Variance 1.44 8.73 .45 0.00 22.572 .000 

Note: n=95 

Table 3-9: Means of final cluster centers: choice stage (study 1) 
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Now, by means of t-tests on an aggregate level, we will compare 
consumers’ information usage between the choice set formation and final 
choice. As expected, the outline of our conceptual framework, overall atten-
tion selection between choice set formation and choice across all AOIs was 
different. Respondents’ gaze durations, when forming the choice set, were 
on average 235 seconds, compared to 80 seconds in the choice stage (see 
Figure 3-9). 

Note: n=95 

Figure 3-9: Aggregated gaze durations of considered AOIs  

Overall, during the entire search process until purchase, product head-
ing and product pictures are most relevant, followed by most helpful reviews, 
brand name and price (see Figure 3-10). Looking at significant relative diffe-
rences between the two stages in attention per AOI, a paired samples t-test was 
conducted. Helpful positive reviews (M=1.805, p=0.023) were significantly 
looked at more when forming the choice set, compared to product specification 
bullet points (M=3.026, p=0.028), bestseller information (M=0.559, p=0.021) 
and price (M=2.221, p=0.019) when making final choice. This partly confirms 
the results from the cluster analysis, where product specification bullet points 
and price were also predominantly focused on in the largest represented cluster 
in the choice stage. 
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Note: n=95 
Variables’ bars marked in black differ significantly across stages (p<.05) 

Figure 3-10: Aggregated gaze durations per considered AOIs per stage 
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Concerning the search intensity (see Figure 3-11 to Figure 3-13), on 
average, 4.1 product sites were opened on Amazon, when forming the choice 
set. The actual average size of the formed choice sets was 3. When making a 
final product choice, participants, on average, opened 2.1 product sites on 
Amazon for further information investigation. 

  
Note: n=95 

Figure 3-11: Left: number of opened product sites on Amazon when forming the 
choice set (in percentage) 

Figure 3-12: Right: number of opened product sites on Amazon when making final 
choice (in percentage) 

Note: n=95 

Figure 3-13: Number of products placed in the choice set (in percentage) 
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In addition to gaze durations of review elements, we manually 
counted the number of reviews participants read based on the software’s 
background screen recordings (see Table 3-10). Concerning the entire search 
process (both choice set formation and choice), on average, around seven 
most helpful reviews have been read followed by 2.39 most helpful reviews 
with negative star ratings, and 1.8 most recent reviews (newest). All review 
elements combined, around 12 reviews have been read on average. When 
forming a choice set, participants read on average almost nine reviews com-
pared to 3.3 when making a final choice. 

Review element Minimum Maximum Mean Std. Deviation 

Most helpful 0 34 7.08 7.765 
Most helpful positive 0 12 0.73 2.126 
Most helpful negative 0 27 2.39 5.039 
Newest 0 76 1.83 8.431 
Choice set formation 0 86 8.73 13.926 
Choice  0 23 3.31 5.672 
Choice set formation and 
choice combined 

0 108 12.03 15.481 

Note: n=95 

Table 3-10: Manual count of review elements read by participants 

Finally, we compared the data extracted from the eye-experiment 
and the survey to examine whether respondents differ in terms of what they 
said they found important (survey) and what they actually looked at (eye 
tracking). After the experiment, one question in the post-survey was directed 
at how important certain review- and product information were for respon-
dents’ product choice (on a 7-point Likert scale from 1=not important at all, 
to 7=very important). Hence, we correlated the relative gaze durations of eye-
tracking variables with those review- and product information variables we 
also asked respondents in the survey (see Table 3-11). Only variance has a 
large11 significant positive correlation, indicating that both data streams (eye 

                                                        
11  According to Cohen (1992) the effect of the Pearson correlation coefficient is 

small~0.1, medium~0.3, and large~0.5. 
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tracking and survey questions) express the same results. However, we found 
medium significant correlations regarding the variables volume, rating, over-
all negative and positive reviews. Results concerning overall review text, 
price, and pictures seem to differ, since we did not find significant correla-
tions. Finally, respondents’ relative gaze durations with respect to overall 
product information were found to be significantly negative correlated to re-
spondents’ answers in the survey. It seems that although respondents paid 
attention to overall product information in the experiment, they did not re-
member finding it important when we asked them in the survey. In the end, 
we do not know whether gaze durations directly reflect a respondent’s im-
portance of certain information, but we found that actual behavior (recorded 
with eye tracking) is not completely congruent with survey data. 

Excerpt of eye tracking and  
survey variables 

Pearson correlation coefficient Sig. (2-tailed) 

Volume .370 0.000 

Rating .388 0.000 

Variance .559 0.000 

Overall review text -0.136 0.190 

Overall negative reviews .309 0.002 

Overall positive reviews .240 0.019 

Price 0.01 0.925 

Pictures -0.135 0.193 

Overall product information -.518 0.000 

Table 3-11: Correlated importance of relative DTMS of eye-tracking variables and 
survey results 

3.5. Discussion and Managerial Implications 

With this study, we provide answers to our research question: What are con-
sumers’ most common decision-making strategies based on eWOM and 
product information? To summarize, we investigated which product and re-
view-specific information is being used when shopping online, differentia-
ting between choice set formation and final choice. Using eye-tracking tech-
nology and surveys, we profiled consumers’ search and decision-making 
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strategies. Current literature has therefore been advanced with a very unique 
dataset, shedding light on the following previously identified research gaps. 

First, empirical evidence on consumers’ individual information search 
and decision-making strategies is missing (Ratchford 2015). However, con-
sumer-specific differences can significantly moderate the relationship between 
online reviews and purchase decisions (Zhu & Zhang, 2010), leading to hetero-
geneous decision-making strategies (Konus, Verhoef, and Neslin 2008). In fact, 
following the cluster analyses, we found significantly different decision-making 
strategies in both choice set formation and choice stage. In the choice set for-
mation stage, we distinguish among three clusters equal in size: 1) eWOM and 
product description text readers, 2) specification skimmers, and 3) design-ori-
ented consumers. Respondents in cluster 1 are higher involved (Cheng and Ho 
2015; Cheung, Sia, and Kuan 2012) and have a more positive attitude towards 
reviews (Jiménez and Mendoza 2013), confirming our propositions. Helpful re-
views seem to be most important in cluster 1, which can be explained since tex-
tual information requires higher cognitive processing power and thus more gaze 
time (Zhang et al. 2014). Moreover, most helpful reviews also get higher expo-
sure to consumers given the default setting when scrolling down to the review 
section (Singh et al. 2017). Most other product information related variables are 
not important in cluster 1 since reviews reduce decision risk and consumers’ 
overall price sensitivity and brand impact (Kostyra et al. 2014). In the choice 
stage, we distinguish among four clusters unbalanced in size: 1) most helpful 
review readers, 2) focused most helpful review readers, 3) design-oriented spe-
cification skimmers, and 4) product heading-focused consumers. The most pre-
dominant decision-making strategy in the choice stage represents cluster 3 with 
design-oriented specification skimmers. Cluster 1 and 2 together, that have a 
qualitative review-focused strategy, represent a third of the sample, demon-
strating the importance of eWOM in the purchase funnel. Contradicting to the 
propositions, in both stages, most consumer characteristics do not describe de-
cision-making strategies. Consumers seem to have similar search strategies ir-
respective of product-specific and personality-specific psychographics. 

Second, commonly in literature, product reviews are aggregated 
over ratings, assuming consumers read all product reviews (Sonnier et al., 
2011; Yang et al., 2012). However, consumers cannot cognitively process all 
information and instead concentrate on selected elements (Currim, Mintz, 
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and Siddarth 2015). Therefore, the experiment setting was designed in such 
a way that actual accessed information was gathered through eye-tracking 
technology in a real-life shopping environment. Furthermore, various textual 
review elements were considered as well to fill the research gap concerning 
qualitative review elements (Sonnier, McAlister, and Rutz 2011). Since in 
both stages, approximately one third of respondents, have the strategy of fo-
cusing highly on qualitative review elements, this inclusion seems highly rele-
vant when researching information search behavior. 

Third, research on the differential influence of product- and review-
specific information between decision stages is scarce (Jang, Prasad, and 
Ratchford 2012). Therefore, the information processing theory by Bettman 
(1979) was considered. We found that the choice set formation requires more 
search intensity than final choice, confirming previously-made propositions 
(Bronnenberg, Kim, and Mela 2016; Shocker et al. 1991). Furthermore, when 
forming a choice set, participants read on average almost three times as many 
reviews compared to when making a final choice. When forming a choice 
set, consumers gaze positive most helpful review content more compared to 
the final choice stage. In the choice stage, consumers gather more bullet-
pointed product specifications, bestseller, and price information. This can 
also be explained by the fact that the largest decision-making strategy in the 
choice stage is focused on design elements and product specifications. 

Fourth, in two preceding studies, the issue concerning the moderating 
effects of search- and experience goods has been investigated (Jiménez and 
Mendoza 2013; Purnawirawan et al. 2015). In pre-study 1, four product review 
information search strategies were found, focusing either on valence, volume, 
variance, or text. However, those strategies were not specific to search- or ex-
perience goods. In pre-study 2, an increased reclassification from experience- 
to search goods was identified, which can be explained due to simplified access 
to product information through eWOM and augmented digitizable product at-
tributes (Nakayama, Sutcliffe, and Wan 2010; Phau and Meng Poon 2000). 

Based on the descriptive results and the cluster solution of the eye-
tracking experiment, some managerial implications can be drawn. Since actual 
information perceived before purchasing was utilized, it can be employed to 
optimize e-retailer shop design (Currim, Mintz, and Siddarth 2015). Most help-
ful positive reviews should be shown from the beginning of a product search. 
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In case a consumer is about to purchase, key product specifications, bestseller 
information and price are very important and should be highlighted (for an ex-
ample, see Appendix J). E-retailers should highlight these information in, e.g., 
mouse navigation-based pop up screens, to increase search efficiency, con-
sumer learning, and consequently sales (Hu, Koh, and Reddy 2014; Johnson, 
Bellman, and Lohse 2003). When identifying a certain cluster based on navi-
gation behavior, e-retailers could extend their recommender system to ‘next 
recommended review to read’. Based on the early-stage exploitation of hete-
rogeneity in information preferences, e-retailers could improve individual tar-
geting and recommendations of higher valued products (Bronnenberg, Kim, 
and Mela 2016). Since consumer characteristics do not describe search strate-
gies, e-retailers can identify search strategies based on click behavior. Further-
more, it was found that during the entire search process until purchase, product 
heading and product pictures are most relevant, followed by most helpful re-
views, brand, and price information. E-retailers and sellers should thus take 
these important information sources into account when designing product 
pages. Concerning the advantage of eye-tracking technology in consumer be-
havior research, commercial solutions have become available already and are 
expected to be increasingly common in the near future (Yang, Toubia, and De 
Jong 2015). By conducting eye-tracking experiments, firms can learn how con-
sumers navigate through online shops and how their decision-making strate-
gies change during the purchase funnel. 

Concerning implications for marketing researchers, it can be summa-
rized that insights in most common search strategies in a two-stage choice pro-
cess, based on behavioral data, are unique and will open new research areas. 
Reflecting on previously identified research gaps, quantitative review elements 
are not enough. Moreover, consumers are heterogeneous in information search 
and do not process all information available but focus on selected sources. 
Also, information focus differs across decision-making stages. Finally, we 
showed that eye-tracking technology can enhance consumer behavior research. 
During information search, consumers are confronted with uncontrolled and 
unmeasured contextual factors, which are difficult to evaluate with surveys 
(Rosbergen, Pieters, and Wedel 1997). Therefore, eye tracking as data collec-
tion technique can reveal more diagnostics about attribute preferences and in-
formation search focus (Currim, Mintz, and Siddarth 2015; Meißner, Musalem, 
and Huber 2016), improving the responses given by consumers (Yang, Toubia, 
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and De Jong 2015). In fact, when correlating the relative gaze durations of eye-
tracking variables with those review- and product information variables di-
rectly asking respondents in the survey, we found that actual search behavior 
(recorded with eye tracking) is not completely congruent with survey data. 
However, we do not know whether gaze duration directly reflects a respon-
dent’s preference for certain information, which should be tested in future eye-
tracking research settings. 

Some limitations have to be discussed. Although differences be-
tween search- and experience products were not found to influence eWOM 
usage in pre-study 1, the findings from the eye-tracking experiment could be 
validated with other product categories (e.g., non-durable goods, or hedonic 
vs. utilitarian goods) (Babić et al. 2016; You, Vadakkepatt, and Joshi 2015). 
Since only durable products were used, additional research for non-durable 
goods would increase the generalizability of results, as searches in non-du-
rable categories might be shorter (Bronnenberg, Kim, and Mela 2016). 
Hence, it would be useful to understand how other product characteristics 
would influence WOM usage for purchase decision-making (Yang et al. 
2012). Furthermore, eye-tracking experiments require limited information 
setups due to the enormous amount of hand-coding for the researcher and 
effort for parti-cipants to take part in such experiments. Therefore, only eight 
products were available for the choice set formation. In a real purchase envi-
ronment, consumers would be challenged by more alternatives and would 
require more time to search and choose (Bronnenberg, Kim, and Mela 2016). 
Moreover, given our findings that decision-making strategies change during 
the purchase funnel, it is important to research how to identify consumers’ 
decision stages as they navigate through online shops, in order for e-retailers 
to be able to present the right information according to each stage. Another 
limitation in our dataset is the lack of sequential data. It might reveal further 
insights into the importance of gazed review- and product information right 
before purchase, and whether that information drives decision-making more 
than information gazed in earlier stages. Finally, future research should con-
sider research settings allowing for multiple platforms to gather consumers’ 
complete decision-making process. Informal post-interviews, which took place 
after the experiment, revealed that participants often use comparison sites and 
expert reviews as additional sources to Amazon for decision-making. 



4 Study 2: Development of an Electronic Word-of-
Mouth Measurement Tool 

4.1. Introduction 

Having empirically researched the relevance of eWOM on consumers’ deci-
sion-making strategies in study 1, this study aims at clarifying how it can be 
measured by firms. 

“As we move to more ongoing communication and an emphasis on 
social media, we should structurally start collecting online conversations/sen-
timents instead of listening to them on an ad hoc basis.”12 This quote illustrates 
a challenge for firms: Due to eWOM, the marketplace is no longer limited to 
one-way communication from firm to consumer (Erdem et al. 2016). Instead, 
eWOM has enabled consumers to become much more active in influencing 
and altering the nature of brand conversations (Gensler et al. 2013). Although 
this can positively influence firm-consumer relations as consumers become 
more engaged, it can also have adverse large-scale consequences, if the senti-
ment turns negative (Moe and Schweidel 2012). Firms should thus monitor and 
act on what is said about their brands and products. In fact, they may benefit 
from integrating and coordinating eWOM to ensure a brand’s success in the 
marketplace. This requires firms to implement measurement tools to derive ac-
tionable insights (Day 2011). Thus, if firms succeed in handling online senti-
ment efficiently, they have enormous potential to revolutionize their customer 
orientation, increase competitive advantage, and become more market oriented 
overall (Homburg, Ehm, and Artz 2015; Malthouse et al. 2013). 

Many Fortune 500 companies have raised interest in eWOM dynamics 
on social media and introduced measurement tools to gain insights from public 
opinion (Schweidel and Moe 2014). In 2015, US marketers placed eWOM mea-
surement as their second most used technology (eMarketer 2015b). However, 
those tools are challenged with the multifaceted nature of brand sentiment ex-
pressed in eWOM (Godes et al. 2005). Consumers are articulating their opinions 

                                                        
12  Sheila A. Struyck, SVP, former Chief Marketing Officer/Head of Strategy, Philips 

Consumer Lifestyle. 
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online (Feng and Papatla 2012; Hu, Pavlou, and Zhang 2007) and these articula-
tions are voluntary and unstructured, reflecting diverse and freely stated aspects 
of consumers’ brand sentiments. But, most organizations struggle to get the con-
sumer insights they need due to a lack of suitable approaches (Hieronimus and 
Kullmann 2013; Jon Iwata 2011). 

Furthermore, existing academic marketing work (see Table 4-1) has 
only partly met relevant measurement criteria needed to build such a tool 
(Ailawadi, Lehmann, and Neslin 2003), which we mentioned in 2.6.2. First, 
the measurement of eWOM is often reduced to specific platforms, disre-
garding influential differences in persuasiveness and quality of such plat-
forms (Schweidel, Moe, and Boudreaux 2011; Schweidel and Moe 2014). 
Therefore, an eWOM measurement tool should include multiple venue types 
and consider importance weights according the relevance of venues. Second, 
so far, little attention has been paid to acquiring eWOM data to analyze mar-
ket structures (Lee and BradLow 2011) and improve overall competitive in-
telligence (He, Zha, and Li 2013). Hence, competitive effects should be 
considered when measuring eWOM. Third, most studies focus nearly exclu-
sively on quantitative surrogates of review contents (Mudambi and Schuff 
2010) and lack managerial need to get insights into text-based eWOM com-
munication (few exceptions are, e.g., Ludwig et al. 2013; Yang et al. 2012). 
However, the identification of critical topics based on textual eWOM ele-
ments might reveal further managerial implications. Fourth, only few re-
searchers have elaborated on an aggregate summary of eWOM (Corstjens 
and Umblijs 2012), guidance on how to interpret the volumes of eWOM 
(Schweidel, Moe, and Boudreaux 2011), or relevancy of monitoring hetero-
geneity among consumers’ brand articulations (Babić et al. 2016; Sun 2012). 
Fifth, measurement tools should be easily implementable, delivering diagnos-
tic value. Given the vast amount of eWOM data, firms are unable to efficiently 
measure the impact of eWOM on brand performance, lacking robust method-
ologies (Kumar et al. 2013).



 

Paper 

Post properties   Multiple type of venue inclusion 
Venue 

im-
portance 

Com-
peti-
tion 

Vol-
ume Valence 

Identifica-
tion of criti-

cal topics 
  

Social 
net-

works 

Com-
parison 

sites 
Blogs Fo-

rums Other 

Godes and Mayzlin (2004) + + -   - - - - + - - 
Chevalier and Mayzlin (2006) + + -   - + - - - - - 
Sen and Lerman (2007) - + -   - + - - - - - 
Mudambi and Schuff (2010) - + -   - + - - - - - 
Archak, Ghose, and Ipeirotis (2011) + + +   - + - - - - - 
Lee and Bradlow (2011) + + +   - + - - - - + 
Moe and Trusov (2011) + + -   - + - - - - - 
Sonnier, McAlister, and Rutz (2011) + + -   + + + + + + - 
Corstjens and Umblijs (2012) + + +   + - - - + + - 
Netzer et al. (2012) + + +   - - - + - - + 
Schweidel, Moe, and Boudreaux (2011) + + +   + - + + - + - 
Sun (2012) + + -   - + - - - - - 
Tirunillai and Tellis (2012) + + -   - + - - - - - 
Kumar et al. (2013) + + +   + - - - - - - 
Ludwig et al. (2013) + + -   - + - - - - - 
Luo, Zhang, and Duan (2013) + + -   - + + - - - - 
Zhao, Yang, and Narayan (2013) - + -   - + - - - - - 

Table 4-1: Classification of existing academic marketing studies on eWOM measurement 
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Following the abovementioned shortcomings, we provide answers to 
the research question: How firms should measure eWOM to generate market 
insights. Therefore, the aim of this study is to propose the conceptualization 
of a brand sentiment measure, based on eWOM that is publicly available 
online. It should be conceptualized in such a way that the results of such mea-
surement display brand sentiment similar to consumers’ brand sentiment per-
ceptions when searching for information online. Organizational impact areas 
of such measure will be outlined, helping firms to better understand the po-
tential of developing strategic decision-making based on enhanced (online) 
market orientation. 

The brand sentiment measure, overall, was developed13 by Dr. Sonja 
Gensler (Assistant Professor of Marketing, Marketing Center Münster, Uni-
versity of Münster), Prof. Dr. Thorsten Wiesel (Professor of Marketing, Mar-
keting Center Münster, University of Münster), and Dr. Joep Arts (Assistant 
Professor in Marketing, Vrije Universiteit Amsterdam; Co-Founder of Oxyme 
B.V.). My contribution in this dissertation to the brand sentiment measure is 
restricted to the identification of research gaps and contributions, the develop-
ment of a theoretical background of the measurement procedure, and finally, 
the explanation of identified impact areas within firms that used our measure. 

Over the last five years, the developed measure – ‘Digital Sentiment 
Index’ (DSI) – has been successfully implemented by the market research 
firm Oxyme at international firms (e.g., Philips, Masco, Cloetta, MMD) com-
prising 100+ brands across 16+ categories in 14+ countries. Thereby, a new 
measure, approach, and reporting tool was developed, which is technically 
innovative and changed several firms’ mental and operative models of how 

                                                        
13 The initial idea evolved in a collaboration with Philips, who lacked a structured ap-

proach to capture opinions people express online in the form of a KPI to manage their 
business. Therefore, Philips was looking for a marketing science approach. First, in 
first discussions with key managers from Philips, the team discussed what a scienti-
fically sound measurement of online sentiment would look like and how it could be 
integrated in business processes. Second, interviews were conducted with Philips 
stakeholders. Third, a classical literature review was performed with respect to exis-
ting academic as well as practitioner work. Fourth, a new measure was developed that 
was innovative, sound, and appropriate to the problem and organization to capture all 
relevant online sentiment about the products and services offered. Finally, marketing 
science approaches were employed to collect the data and to validate the measure. 
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they ran their business. DSI is a user-friendly measurement system that cap-
tures textual (valence) and numerical (volume) elements of eWOM across 
multiple eWOM platforms. It considers venue importance and provides ac-
tionable insights compared to key competitors (see Figure 4-1). The basic 
rationale for DSI is to collect information as consumers do to reflect the 
potential impact of eWOM on other consumers. 

Figure 4-1: Elements of the Digital Sentiment Index 

4.2. Theoretical Background 

When consumers purchase a product, they conduct an online information 
search and evaluate product alternatives accordingly prior to making a pro-
duct decision (Schmidt and Spreng 1996). According to Bettman's (1979) 
information processing theory, any consumer decision-making process starts 
with the recognition of a problem, followed by conducting an extensive in-
formation search. While conducting an information search, consumers per-
ceive eWOM as an important source because it contains valuable information 
about a brand’s performance (Chevalier and Mayzlin 2006; Tirunillai and 
Tellis 2012). In fact, eWOM helps consumers to make better decisions (Moe 
and Trusov 2010; Mudambi and Schuff 2010). From information search until 
purchase decision, consumers use rational rules focusing on certain infor-
mation that they perceive as relevant (Jacoby 1977). Thereby, consumers up-
date expectations and perceptions with respect to a hierarchical set of alter-
natives (Jang, Prasad, and Ratchford 2012) and evaluate the alternatives ac-
cording to specifications and desired outcomes (Engel, Blackwell, and Kollat 
1978). After completing the evaluative stage of alternatives, a final purchase 
decision will be made. Finally, after consuming or using the purchased pro-
duct, consumers exhibit post-purchase behavior, the outcome of which can 
be satisfaction or post-decision dissonance (Engel, Blackwell, and Kollat 
1978). 
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As such, firms should monitor and act on consumers’ online brand 
sentiments, reflecting the sentiment of consumers’ articulations that influ-
ence other consumers’ information search process. Through measuring and 
managing eWOM, firms can achieve a more customer-centric focus, which 
consequently can positively influence market performance (Homburg, Ehm, 
and Artz 2015; Homburg and Pflesser 2000; Jaworski and Kohli 1993). 

4.3. Measurement Development 

Data collection should mimic consumers’ information search process by: 
1) starting the information search process as consumers do; 2) considering 
volume, valence, and identified critical topics; 3) integrating multiple venues 
and their importance; and 4) including competition. Our measurement devel-
opment (see Figure 4-2) is inspired by Bettman’s (1979) information pro-
cessing theory. Once consumers recognize a problem (‘I need to purchase a 
camera’), they search and collect information, reflecting the information 
search stage. In the following, consumers process and analyze the collected 
information and evaluate information sources and product alternatives. Fi-
nally, we calculate DSI, which represents the cumulative evaluation of a 
firm’s offerings affecting consumers’ purchase decisions. 

However, to ensure diagnostic value, the evaluation can be either 
based on the aggregated DSI score, on its insightful components, or the indi-
vidual consumer articulations that led to the overall evaluation of a firm’s 
offerings. 
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Figure 4-2: DSI development process 

Decision-making process Consumer DSI
Problem recognition

Information search Consumer searches for information 
(consciously and subconsciously) by combining 
browsing, reviews, shops, social networks and 
search.

Crawler goes online to find online 
articulations  by predefined search terms, 
websites, and other venues.

Social Media Analysts (SMAs), manually 
search online to find additional results  to 
enrich the automated data collection.

As a result, reachable and relevant public online 
articulations  on selected brands and competition 
is retrieved.

Consumer selects information sources  (e.g., 
venue) by reach (e.g., how easy it is to find the 
venue) and relevancy (e.g., how relevant the 
venue is for consumers' search task). 

Data needs to be cleaned from non-consumer 
articulations such as spam, PR, brand mentions to 
confirm post relevancy.

Alternative assessment Consumer processes information on the 
selected venues by reading positive and 
negative posts about a focal brand and ist 
alternatives (evaluates valence and decidedness 
of posts) and weights this by the importance of 
the venue.

Human intelligence codes posts' valence 
from very negative (-2) to very positive (+2) and 
records topics, trends etc.

Overall sentiment of a post is calculated by 
using the posts' valence and ist decidedness (e.g., 
an overall positive sentiment of a post is more 
affective).

Venues get weighted based on reach and 
relevancy, which together define the venues' 
importance. Thereby, venue assessment is a 
combination of automatic (crawler and active 
indexing) and human intelligence (numerous 
SMAs worldwide confirm the relevancy of the 
venue found by the crawler).

As a result, relevant sentiment, topics, trends 
are retrieved.

Purchase decision Searched, selected, and processed information 
provides a consumer a cumulative evaluation 
of a firms' offerings  by other consumers (e.g., 
consumers' brand sentiment), affects 
consumers' own attitude about the firms' 
offerings, and finally, affects consumers' 
decision-making.

DSI score is calculated bottom-up based on the 
venues' sentiment (e.g., cumulative sentiment of 
posts on a particular venue) and the importance 
of this venue summed across al reachable and 
relevant venues. Thereby, DSI score is 
calculated both for the focal brand and its 
key competitors .

As a result, DSI represents a cumulative 
evaluation of a firms' offerings  relative to key 
competition, but also provides diagnostic value 
by drilling down to each and every reachable and 
relevant posts' sentiment, topic, trend etc.

Search and collect

Process and analyze

Calculating
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4.3.1. Search and Collect 

Once consumers recognize a problem, they search goal-directed for infor-
mation, having a specific brand and/or product in mind, or they simply browse 
online (e.g., Janiszewski 1998; Hong et al. 2004). Quite often, this search pro-
cess starts with a search engine where consumers start with generic search 
words and over time narrow the search (e.g., by using branded keywords) as 
they get closer to making a purchase decision (Rutz and Bucklin 2011). 

As such, the search and collect stage starts with relevant (generic 
and branded) key words that are determined by the client and Oxyme’s op-
eration managers, suiting the product and market of focus. Overall, there are 
two complementary approaches to retrieve relevant online consumer articu-
lations about a firm’s offerings, centered on the predefined set of key words: 

a) Automated search system, a crawler, screening online results from 
public available search engines (e.g., Yahoo, Blog Search, Google, 
Bing, etc.). 

b) Manual searching by Social Media Analysts (SMAs), who go online 
to find additional results to enrich the automated process of (a). 

The manual extension (b) of the automated search is essential for 
technical reasons. For example, some venues prevent an automated crawler 
to dig too deep into their site, having the potential to bias the search results 
for these venues. As such, these manual search extensions are conducted to 
minimize potential machine-based search bias. 
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The result of the search and collect stage is data about reachable 
eWOM on selected brands and competition. This data consist of quotes within 
posts on venues (see Figure 4-3). 

Figure 4-3: Example of retrieved data 

Thereby, a venue is a unique website (e.g., Amazon, Facebook, Fo-
rum, Blog), where relevant consumer articulations are expected. A post (e.g., 
customer review) is a uniquely identified URL to a web page on a venue. 
Venues may contain multiple URLs as long as the URL of the posts differs. 
Finally, at the lowest level, a quote is a sentence, argument or an opinionated 
statement about a brand/product within a unique post. A unique post may 
contain numerous negative, neutral, or positive quotes, which together form 
an overall perception of the brand/product covered in the post. 

4.3.2. Process and Analyze 

In the process and analyze stage, the retrieved data are to be evaluated and 
coded by human intelligence. DSI captures consumer articulations about 
brands and a specific product. Hence, the data need to be cleaned from non-
consumer articulations such as spam, PR, and simple brand mentions. More-
over, the data need to be about the actual brand and product studied. Many 
brand names are used in different contexts. For example, articulations about 
a great experience in the Philips arena in Atlanta are not relevant for the study 
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of the brand Philips. Or information about the Milgard Family Foundation 
doesn’t seem relevant if you are interested in Milgard windows or doors. 
Also, articulations about Philips TVs are not relevant if the DSI analysis is 
about Philips coffee machines. An advantage of human intelligence com-
pared to automated coding is that irrelevant posts, not related to the brand or 
product, can easily be excluded from further analysis (Montoyo, Martínez-
Barco, and Balahur 2012). 

While reading relevant posts on selected venues, consumers are con-
fronted with negative, neutral and positive quotes within a post and use them 
for information processing and the evaluation of alternatives (Mudambi and 
Schuff 2010). Moreover, posts tend to discuss multiple aspects (or topics) 
with regard to a product. Consumers might love the functionality of a product 
but dislike its price. That is one of the main challenges in analyzing text data, 
to understand what consumers’ brand mentions mean. Therefore, it is highly 
relevant when analyzing unstructured data to impose some type of structure 
on the analysis (Büschken and Allenby 2016). As a consequence, for each 
quote, the SMAs determine the discussed brand, product, and topic as well 
as whether this quote is positive, negative, or neutral. Since those posts have 
the potential to significantly affect product sales (e.g., Chevalier and Mayzlin 
2006), a measurement approach needs to carefully assess each post quote as 
well as the overall sentiment of the post. 

As such, the sentiment of the post p on venue v (sentimentp,v) is a func-
tion of the valence (valencep,v) and decidedness (decidednessp,v) of this post: 

(A1) , , ,p v p v p vsentiment valence decidedness   

First, the valence of a post is determined. Valence can be assessed 
by automated machine learning tools (Tirunillai and Tellis 2012), which is 
more cost-effective, or human coding (Schweidel and Moe 2014), being 
more accurate. The advantages and disadvantages of both techniques have 
been outlined in section 2.3.2 when introducing the valence measure. For 
DSI, it was opted to pursue human coding given the majority of positive ar-
guments. There are studies partly using manual valence coding of reviews 
(e.g., Aggarwal et al. 2012; Godes and Mayzlin 2009; Luo, Zhang, and Duan 
2013; Moe and Schweidel 2011). But the majority codes either binary (neg-
ative or positive) or ternary (negative, neutral, or positive). DSI, on the other 
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hand, allows for more variance, manually coding sentiment on a scale from 
very negative to very positive (-2 to +2) to provide more nuanced insights. 
Therefore, SMAs distinguish between a general positive comment about the 
product (valence = +1) vs. an actual product recommendation (valence = +2). 
Contrarily, a negatively articulated sub-aspect of a product (valence = -1) is 
different from a ‘do-not-purchase-recommendation’ (valence = -2). A neutral 
post is a post that has positive and negative quotes about a product, where 
the overall judgment is indifferent – neutral. After reading the post, the SMA 
determines the valence, based on the overall impression (subjective cumula-
tive evaluation of the attached quotes). Equation (A2) outlines valence cod-
ing on venue v of a post p: 

(A2) 

,

2 if very positive
1 if positiv
0 if neutral
1 if negative
2 if very negative

p vvalence





 


  

Second, the decidedness of a post is determined based on the post’s 
quotes. Consumers read positive, neutral and negative quotes within a single 
post about a focal brand and its alternatives. If a post is unambiguous in its 
evaluation, meaning that a positive post exhibits relatively more positive 
quotes than negative quotes, it represents a higher degree of consensus of a 
reviewer similar to variance in review ratings across reviewers (Archak, 
Ghose, and Ipeirotis 2011). This overall positive sentiment with high consen-
sus, is likely to affect decision-making more than if the post’s quotes are 
more ambiguous. As such, if the valence of post p on venue v is coded as 
positive, the decidedness of that post is calculated based on the number of 
positive quotes relative to the sum of positive and negative quotes within that 
post. Contrarily, if the post valence is negative, the decidedness is calculated 
by dividing the number of negative quotes by the sum of positive and nega-
tive quotes (see equation A3). 
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Given the fact that post valence is determined based on the coder’s over-

all impression of the post, a post can still be coded as positive when there are 
more negative than positive quotes. Should those fewer positive quotes be 
stronger than the negative quotes, it positively influences the post’s overall eva-
luation. As an example, consider a post that contains one very strong positive 
quote about a branded product and five weaker formulated negative quotes. 
Looking only at the number of positive vs. negative quotes, that post would be 
processed with a negative valence value. In this case, given the very strong quote, 
pursued as a decision driver, the human coder values the overall post with a +1. 
But, when attaching the decidedness factor, the sentiment would be rather low. 

Another aspect is the importance of venues. Consumers browse and 
search for information only on selected, relevant venues since the search vol-
ume is driven by economic costs and benefits (Klein and Ford 2003). More-
over, it is important to control for differences in importance across venues 
(Berger and Iyengar 2013; Moe and Schweidel 2012; Montoyo, Martínez-
Barco, and Balahur 2012). As a result, the importance of a venue (im-
portancev) is determined by its reach (reachv) and relevance (relevancev): 

(A4) v v vimportance reach relevance   

First, venue reach indicates how easy it is to find the venue when 
browsing or searching for information since consumers choose venues based 
on expected marginal benefits (Hauser, Urban, and Weinberg 1993). A plat-
form’s reputation increases or decreases the perceived quality and trustwor-
thiness depending on where brand posts were published (Babić et al. 2016, 
and hereafter). Indicators for platform reputation are, e.g., the number of visi-
tors, followers, or fans. These can influence the google ranking. Within DSI, 
reach captures how likely a given venue is to rank highly in search results. 
Thereby, referral links, root domains, trust, and click rankings are combined 
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into a single score due to the fact that referral links as well as venue quality 
determine potential traffic (Aggarwal et al. 2012; Luo, Zhang, and Duan 2013). 

Second, another dimension of venue importance is the relevance of a 
venue. Consumers actively search for information or come across information 
when browsing by combining venues that seem relevant to them. It influences 
consumers’ acceptance of these venues (Tirunillai and Tellis 2012). Moreover, 
consumers prefer information that is articulated in familiar wording (Ludwig 
et al. 2013) making relevance dependent, for instance, on the similarity of used 
key words. Therefore, the crawler searches for information based on prede-
fined, brand/product-related search terms to ensure the sourcing of relevant 
consumer articulations. Supplementary, additional venues are screened with 
the same set of key words. This is an advantage compared to approaches that 
are purely based on automated search systems, reducing the risk of missing 
other relevant venues. When detecting a venue with irrelevant posts, that venue 
is excluded from further analyses. 

To ensure the quality of the post sentiment and venue importance 
analysis, an extensive quality check process is undertaken. For example, dupli-
cated quotes are checked and deleted from the database. Moreover, the coding is 
checked for subjectivity based on the interrater reliability and samples of SMA’s 
work are taken, which is analyzed again. Also, we check whether there are no 
other venues with consumer articulations online that the system could potentially 
have missed. We further check whether posts are correctly assigned to brands. 
Overall, any potential mistakes are fixed after these quality checks. 

As a result of the process and analyze stage, the sentiment of relevant 
posts on relevant venues and the venues’ importance is stored. In addition, on a 
more detailed level, discussed topics and trends providing implications for firms’ 
operations (e.g., product features) are also analyzed, stored, and used in the re-
porting (see Figure 4-4). 

4.3.3. Calculate Digital Sentiment Index 

DSI score is calculated bottom up based on the venue’s sentiment (i.e., cu-
mulative sentiment of posts on a particular venue) and the importance of this 
venue summed across relevant venues.  
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After determining the sentiment at the post level (sentimentp,v), the 
sentiment at the venue level (sentimentv) is calculated by summing all post 
sentiments of venue v: 

(A5) 

VP= P

,
1

v p v
p

sentiment sentiment


 
 

Next, DSI of the focal brand (DSI) is calculated across all considered 
venues, whereas we control for the number of venues considered. After all, DSI 
is a cumulative evaluation of captured sentiment of posts p on venues v, weighted 
by the importance of venues and aggregated across all considered venues: 
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For interpretational reasons, DSI is scaled by a factor of 50, to arrive 
at an index ranging between -100 and +100: 

(A7) 
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Given the importance of competition (Cooper and Nakanishi 1988; 
Hieronimus and Kullmann 2013; Lee and BradLow 2011; Netzer et al. 2012; 
Rust et al. 2004), DSI is calculated both for the focal brand and its competitors. 

To sum up, DSI represents a cumulative evaluation of consumers’ 
online articulations about a brand, considering specific product categories for 
umbrella brands. The evaluation can be either based on the aggregated DSI score 
or on its insightful individual components, such as volume, sentiment, recom-
mendations, venue coverage and importance, and identification of consumer top-
ics, followed by strategic and operational implications (as outlined in Figure 4-4). 
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To present and discuss DSI and its components with clients, a DSI 
Reporting System was developed. DSI can be interpreted as a ‘mirror’ of 
clients’ brand positioning, revealing diagnostic value, helping them to better 
understand their customers and transforming into a more customer-centric 
organization. Given the flexibility and bottom-up calculation, DSI can be 
easily broken down into its individual, insightful components, sliced and 
diced as the management problem requests. In each component analysis, stra-
tegic implications are formulated, supporting the client’s decision-making 
based on customer-centric drivers. Starting with the overall summary of DSI 
and the score relative to competition, the client can drill down to more de-
tailed diagnostics as shown in Figure 4-4: 

Figure 4-4: Overview of DSI reporting system 

4.4. Impact Areas 

Starting at Philips, DSI has spread to other firms worldwide over the last five 
years. To show the managerial potential of implementing such a tool, a use 
case that was conducted in 2013, will be outlined. It should be seen as guide-
line or practical example on how DSI can influence organizational areas with 
respect to cultural, strategic and operational, innovative and implementable, 
and financial aspects. 
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In 2013, DSI was the main approach to measure online brand senti-
ment at four firms comprising 100+ brands across 16+ categories in 14+ 
countries on three continents (see Table 4-2). 

Com-
pany Profil Start 

Number of brands Number 
of brand 

categories 

Number 
of  

countries Own Compe-
titors 

Philips  The Netherlands 03-2011 5 20 3 6 
 Consumer goods 
 Electronic 

equipment 
 Fortune global 

500 company 
 115,000+ 

employees 

Masco  US 06-2012 9 27 6 1 
 Industrial goods 
 General building 

materials 
 Fortune global 

500 company 
 30,000 employees 

Cloetta  Sweden 08-2012 18 19 6 6 
 Fast moving con-

sumer goods 
 Chocolate and su-

gar confectionary 
 2,400 employees 

MMD  The Netherlands 12-2012 2 8 1 1 
 Business and con-

sumer goods 
 Electronic 

equipment 
 Number of 

emplyees  
unknown 

Total 4 companies › 2,5 
years 108 brands 16 cate-

gories 
14 count-

ries 

Table 4-2: DSI implementations worldwide in 2013 
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All these firms were continuously trying to become a more market-
oriented organization. DSI assisted these firms with integrating consumers’ 
online articulations to develop customer-centric strategies and operations. 
The work already had a significant organizational impact along several di-
mensions and was expected to influence firms beyond the current status since 
DSI was an ongoing program, structurally embedded in these firms. 

Concerning a cultural impact, DSI has influenced the way in which 
the firms pursue customer centricity by listening to consumers’ online arti-
culations with essential consequences for their operations. Before implemen-
tation, an extensive, collaborative initiation and preparation phase with all 
clients was conducted to guarantee a sound operational integration with re-
spect to managerial capabilities, brand selection, reporting systems, and      
educational trainings. Raymond Clarijs, Vice President Digital Marketing at 
Masco and a former Philips employee, approached Oxyme to implement DSI 
at Masco, being the first company-wide marketing metric used by Masco. As 
they were monitoring 36 brands with DSI, Masco hired five new employees 
to manage the DSI operations internally. In fact, on Masco’s annual digital 
summit, DSI has become the central theme, underlining the prominence of 
DSI as a core metric for discussion of operational dimensions in marketing. 
Furthermore, Masco aimed to redesign their bonus system by integrating 
DSI. Another example is Erwin Segers14, CMO of Cloetta, who implemented 
DSI, monitoring 37 brands. At Cloetta, DSI involved multiple management 
levels. The CMO himself headed the DSI performance evaluation with the 
country category leaders. At Philips, DSI was used to analyze relevant pro-
duct-related topics since the NPS proved to be incapable of providing that 
diagnostic information to the right managers in a timely fashion. This was 
especially interesting since Philips used to be one of the NPS promoters run-
ning their firm based on NPS measurement (Day and Moormann 2010). 
Overall, different levels of management appreciate the DSI reporting system 
since it is efficiently implementable, providing quarterly deep dives into con-
sumers’ online articulations, online venue performance, discussed topics, 
trends, and the position relative to competitors. 

                                                        
14  Erwin Segers, CMO of Cloetta, is a very strong supporter and ambassador of DSI. 
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DSI has also had strategic and operational impact. It has helped the 
firms on their way to transform into a more market-oriented organization and 
changed the way they understand the impact of their decisions. DSI provides 
a reporting system on multiple marketing dimensions (e.g., brand portfolio, 
price, and product) that is used for decision-making across levels of manage-
ment. On corporate level, Cloetta’s CMO, for instance, reallocated budgets 
across brands to become more customer-oriented because DSI analysis 
showed that Cloetta was underperforming in multiple brands. DSI revealed a 
declining presence of Arrow (Masco) at certain important venues, which led 
the management of Arrow to move their distribution focus to such venues. 
Similarly, for Sportlife (Cloetta), DSI captured a strong position at one venue 
but also revealed the non-existence at other important venues. Hence, Sport-
life reacted by expanding their presence at the important venues to minimize 
single venue dependency. Moreover, although receiving overall positive sen-
timent, MMD’s articulations volume seemed to be very low. So, they decided 
to reconsider and push their entire online presence by focusing on storytel-
ling. DSI can also source relevant information about operational issues. For 
example, Milgard (Masco) discovered frequent articulations on their cus-
tomer service through the DSI report and consequently researched and im-
proved their customer support process. Furthermore, given DSI’s potential 
for segment analysis, Behr (Masco) detected price-quality ratio problems for 
the professional segment and switched budgets between segments to improve 
profitability. Regarding market dynamics’ impact on product innovation, DSI 
showcased the effect of competitors’ change of ingredients, shifting Cloetta’s 
market response perception and pushed their innovation road map to maintain 
market share stability. In addition, based on DSI, Caldera (Masco) figured out 
that they score high on the product attribute ‘comfort’, being the predominant 
driver for their DSI score, so they decided to push it even more. Also, 
Masco’s KraftMaid reviewed their brand portfolio after the very first DSI 
report and decided to research the launch of a new product. On the other 
hand, following a low DSI performance at Arrow, Masco evaluated Arrow’s 
SKUs and consequently dismissed one product. 

Furthermore, the innovative and implementable approach has brought 
rigorous applications of marketing science to Masco, Cloetta, Philips, and 
MMD in terms of methodological impact. It enables marketing managers to 
identify key dimensions that drive online brand sentiment and take suitable 
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actions to improve the firm’s position. DSI can be evaluated over time either 
based on the aggregated score or its single components against key competi-
tors. The four firms especially saw the diagnostic value of DSI, its timely fash-
ion, the richness of online consumer articulations, and human coding as key 
USPs compared to currently used measures or market offerings. While the 
basic principle of DSI, mimicking online consumer search behavior, is fixed, 
DSI is continuously enhanced based on client feedback-sessions and expert in-
terviews. Masco, for instance, raised their interest in updating the reporting 
system, which will lead to a more interactive system, revealing daily brand 
statistics. Overall, the transferability of DSI has been proven already. Having 
started with a few brands at Philips, predominantly in the Dutch market, DSI 
has been transferred to Cloetta, Masco, and MMD, now monitoring 100+ 
brands worldwide. 

Regarding financial impact, the client examples show that DSI has 
a significant impact, from product innovation to improvement of operational 
processes, all contributing to sales growth or cost efficiency. When correla-
ting one-period lagged DSI scores with sales, a strong, positive, and signifi-
cant correlation is found (.47; p<0.01), which is smaller for same-period DSI 
or two-periods-lagged DSI. Hence, it makes it stand out among other cus-
tomer metrics that only correlate with current performance (van Doorn, 
Leeflang, and Tijs 2013). However, these results are regarded as initial evi-
dence because of the limited data currently available. 

4.5. Discussion and Managerial Implications 

The aim of our study was to propose a brand sentiment measure – DSI – that 
mimics consumers’ online decision-making process. It should help firms to 
gather insights from eWOM to develop a strategic decision-making process 
based on enhanced (online) market orientation. We identified relevant re-
search gaps and addressed them while developing DSI. It has become a user-
friendly measurement system that captures textual (valence) and numerical 
(volume) elements of eWOM across multiple eWOM platforms, considers 
venue importance, and provides actionable insights compared to key com-
petitors. 
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The process of DSI, how it mimics consumers’ information search 
strategies, has been extensively outlined and grounded in theory. Moreover, 
we explained the algorithm of how DSI is calculated, step by step. It can be 
used as a guideline for firms that develop such measures for their own pur-
pose. Furthermore, DSI can influence various organizational areas with re-
spect to cultural, strategic and operational, innovative and implementable, 
and financial aspects. Therefore, we conducted a use case to provide practical 
examples from firms that were using DSI and how it affected their strategic 
business decision-making. Overall, the algorithm as well as the use case can 
be used by managers to identify the potential of measuring eWOM and as a 
guideline for implementation areas. 

Yet, the developed eWOM measure has not been empirically vali-
dated, which is a current limitation. A significant positive correlation be-
tween overall brand sentiment and sales has been found, but it was based on 
a dataset with limited observations. Hence, as soon as more extensive data 
(e.g., longer time period, more brands) will become available, a more elabo-
rated analysis can be conducted. However, it remains challenging to gather 
performance data for multiple brands as firms are often reluctant to share 
performance data even for research purposes. Another limitation of DSI is 
that it does not consider numerical valence. Although study 1 demonstrated 
that textual elements affect consumer decision-making strategies, quantita-
tive eWOM elements (e.g., review rating) were proven to influence decision-
making as well (e.g., Babić et al. 2016; Floyd et al. 2014; de Matos and Rossi 
2008; Purnawirawan et al. 2015; You, Vadakkepatt, and Joshi 2015). How-
ever, numerical valence is not present on all eWOM platforms (e.g., social 
virtual worlds, blogs and microblogs, discussion forums, and Usenet groups). 
Future research could investigate how numerical values, extracted from pub-
licly available data, can be integrated in the algorithm and how it should be 
weighted compared to brand sentiment extracted from textual elements. More-
over, practitioners and researchers have indicated the need to capture eWOM 
formats other than textual and numerical valence (e.g., images, videos, audio 
recordings). These formats, however, consist of highly unstructured data, 
which require more initial qualitative work to extract intelligence from (Babić 
et al. 2016). 



5 Study 3: Social Media Intelligence – Implications 
for Firms in Managing Electronic Word-of-Mouth 

5.1. Introduction 

Having explained and theoretically undermined in chapter four how eWOM 
can be measured, this chapter focuses on our research question: How can 
firms manage eWOM to gain competitive advantage. 

The Marketing Science Institute (2016) proclaimed that one of the top 
current critical issues in marketing research, is to find out how marketers 
should guide their brands through eWOM conversations on social media and 
find new, value-enhancing uses for eWOM platforms. In addition, Leeflang et 
al. (2014) found that the role that eWOM plays in managing brands is one of 
the most prevailing challenges firms currently perceive. The increasing influ-
ence of eWOM forces firms to transform from passive listening into active 
real-time response processes that spread out to multiple divisions (Bitkom 
2015). Moreover, Homburg et al. (2015) found that successful firms often fol-
low a hybrid approach comprising both active and passive elements of mana-
ging eWOM. Besides essential challenges, firms can also benefit from eWOM 
by collecting richer information about markets and consumers, exploring new 
online platforms to extend brand communication, and facilitating external 
communication among consumers (Erdem et al. 2016). 

“We are planning to implement a customer advisory board of influential 
online followers that should help us to progress customer-centric strategies.”15 
This quote from the social media director of a leading media and publishing firm 
in Germany, emphasizes the potential for firms to benefit from managing eWOM 
by means of intelligence creation from eWOM data (Moe and Schweidel 2014) 
to finally become more market oriented overall (Malthouse et al. 2013). In fact, 
enhanced market orientation through eWOM can help firms to improve produc-
tivity along the entire value chain (Chui et al. 2012) and to gain strategic com-
petitive advantage (Babić et al. 2016). Furthermore, ‘social transformers’ with a 

                                                        
15  This quote was recorded during an interview (in preparation of study 3) with the di-

rector of social media of a leading media and publishing firm. 
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customer-centric culture might identify early market trends, foresee potential cri-
ses (Peters et al. 2013; Schweidel, Moe, and Boudreaux 2011), and may conse-
quently outperform other firms (Bughin and Chui 2010; Germann et al. 2014; 
Homburg and Pflesser 2000). 

According to a Bitkom study (2015), almost 50 percent of German 
firms16 implement a social media intelligence (SMI) approach to manage 
eWOM, which aims at affecting their brand health in a positive way. How-
ever, to utilize SMI effectively, collaboration across departments, infor-
mation dissemination, responsive market engagement, and the use of pro-
found eWOM measurement tools are essential (Kaplan and Haenlein 2010). 
During industry expert interviews17 prior to this study, it was found that firms 
have evolved from passive monitoring to active listening. But when it comes 
to SMI by means of automated operational processes to manage social in-
sights across all functional areas for long-term strategic decision-making 
(Smith 2015), firms still seem to lag behind. In fact, firms require guidance 
on how to manage such significant structural transformation to become mar-
ket oriented through SMI (Weinberg et al. 2013). Yet, research lacks insights 
into the establishment of firm processes to disseminate gathered intelligence 
in such a way that it affects not only the marketing department but any other 
functional area, e.g., IT, HR, finance, and legal (Peters et al. 2013; Weinberg 
et al. 2013). Moreover, firms do not know which transformative dimensions 
require most priority. Consensus is yet to be found on organizational areas 
such as resource allocation, governance, and changes regarding structures, 
processes, leadership, skill development, and culture, to disseminate SMI 
throughout the entire firm (Weinberg et al. 2013). Further research questions 
arise in the social context such as how to manage risks surrounding eWOM 
and which metrics do best in evaluating SMI (Leeflang et al. 2014). In addi-
tion, it has yet not been empirically investigated whether firms that are more 

                                                        
16  Firms with more than 500 employees. 
17  The interviews took place between March and April 2016 with social media intelli-

gence experts from 13 medium-sized and multinational German firms from various 
industries (textile and fashion, media and publishing, telecommunication, energy and 
water supply, transport and logistics, market research, finance, commerce, consumer 
goods, service and information technology, internet and online media). 
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mature in SMI also have higher brand performance than (those of) the com-
petition. Finally, it should be determined whether it only holds true in a par-
ticular organizational and/or industry context (Weinberg et al. 2013). 

Therefore, the aim of this study is to measure the SMI maturity of 
German firms by means of a multidimensional model and to empirically in-
vestigate whether higher maturity leads to higher brand performance. Firms 
will be segmented based on their SMI maturity and described with firm- and 
industry-specific characteristics. 

As a result of an extensive literature review about market orientation 
(e.g., Kohli and Jaworski 1990) and eWOM analytics, and field interviews, 
we developed a multidimensional maturity model. It can be used to measure 
a firm’s SMI maturity based on ten identified dimensions: 1) analytical depth 
(quantitative vs. qualitative eWOM metrics), 2) analytical breadth (across 
multiple departments), 3) analytical quality (reliable and timely), 4) analyti-
cal skills (SMI experience), 5) analytical culture (fact-based decision-mak-
ing), 6) top management support (C-level buy-in), 7) market orientation (re-
sponsive processes and intelligence dissemination), 8) roadmap agenda 
(strategic SMI process), 9) social channel activity (online brand showcase), 
and 10) KPI linkage (matching SMI with firm KPIs). 

Our results show that overall, German firms are still at the beginning 
of exploiting the potential of social data. Firms have built up medium mature 
SMI personnel capabilities but lack maturity in SMI technological and espe-
cially organizational capabilities. Analytical breadth, followed by market ori-
entation and KPI linkage, is least advanced in the German economy. Con-
cerning descriptive results, B2C firms (vs. B2B) in the insurance and tele-
communication industry are more mature than firms in other industries. 
Based on the cluster analysis, we found four clusters, varying in SMI ma-
turity. The dimensions’ top management support, followed by market orien-
tation and analytical culture, contributes to the cluster solution the most. 
Firms in the most mature cluster perform better than their competition in 
terms of successful new product introductions. Compared to less mature clus-
ters, they also predominantly use an SMI tool, derive strategic implications 
from SMI, employ more SMI staff, and are more B2C-oriented. 
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Particularly, we make two contributions to current literature. First, in-
sights are provided into the identification of multidimensional factors that firms 
need to consider when maturing in SMI to respond to market changes and con-
sumer needs (Day 2011). Numerous prior studies investigated the effect of 
eWOM on brand performance (e.g., Babić et al. 2016; Floyd et al. 2014), exam-
ined how to measure eWOM (e.g., Corstjens and Umblijs 2012; Schweidel, Moe, 
and Boudreaux 2011; Sonnier, McAlister, and Rutz 2011), and identified opera-
tional drivers that are necessary in managing eWOM (Kaplan and Haenlein 
2010; Malthouse et al. 2013; Peters et al. 2013; Weinberg et al. 2013). However, 
a multidimensional model taking relevant factors into account to determine SMI 
maturity and its effect on brand performance have not been researched yet. In the 
information systems literature, similar approaches have been undertaken as a re-
sult of mixed findings concerning the business value derived from information 
systems investments (e.g., Barua et al. 2004; Barua, Kriebel, and Mukhopadhyay 
1995; Irani 2010; Sharif and Irani 2006). Mooney, Gurbaxani, and Kraemer 
(1996), for instance, argued that the impact of information technology on brand 
performance depends on operational processes comprising a firm's value chain 
and the management processes of information processing, control, coordination, 
and communication. Moreover, Wamba et al. (2017) combined technological 
capability, personnel capability, and management capability as the key compo-
nents of a firm’s big data analytics capability model. With this study, we extend 
research by adapting these capabilities and applying them to SMI. 

Second, we tested the multidimensional model by means of a unique 
firm survey dataset resulting from a German-wide industry study to investi-
gate whether more mature firms also have higher brand performance. Given 
the challenge of acquiring a highly narrow sample consisting of firm respon-
dents knowledgeable of SMI operations, our study extends current generic 
big data analytics studies. In addition, applying the concept of market orien-
tation (Kohli and Jaworski 1990; Slater and Narver 2000) our study suggests 
an entanglement view of SMI comprising complementary dimensions that 
synergistically allow increased brand performance to be achieved (Kim, 
Shin, and Kwon 2012; Wamba et al. 2017). 

Based on the descriptive results and the cluster analysis, we can pro-
vide several implications both for researchers and practitioners. Aimed at re-
searchers, for the first time, a multidimensional SMI model has been theore-
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tically and conceptually derived and tested in the field. The value in the con-
ceptualization of SMI maturity has been empirically demonstrated, as the 
four maturity clusters differ significantly in terms of brand performance. Fur-
thermore, legitimacy was found that in addition to technological (e.g., analyti-
cal depth) and personnel (e.g., analytical skills) capabilities, organizational 
(e.g., top management support, market orientation, and analytical culture) ca-
pabilities also play a vital role in SMI maturity (Kim, Shin, and Kwon 2012). 
Finally, firm- and industry characteristics were used to describe SMI maturity 
responding to another top current critical issue in marketing research, i.e., “how 
B2B and B2C firms differ in the potential to leverage social media for market-
ing and customer support” (Marketing Science Institute 2016). 

For managers, insights are provided regarding German firms’ maturity 
status per dimension, allowing firms to achieve industry-specific benchmarks. 
The findings can be used as a guidance for managers and consultants who are 
eager to implement SMI or to identify gaps on their path to becoming more mar-
ket oriented (Wamba et al. 2017). When increasing SMI maturity, firms can in-
crease their overall competitive advantage. It was found that B2B firms are less 
mature compared to B2C firms, revealing operational areas for improvement to 
potentially increase brand performance. Overall, top management support, mar-
ket orientation, and analytical culture seem to contribute the most to maturity 
clusters. Hence, managers should improve their engagement concerning these 
organizational capabilities. Firms that want to increase SMI maturity are advised 
to use an SMI tool, derive strategic implications from SMI, and employ more 
SMI staff. 

The flow of this chapter is as follows: at the start, theoretical foun-
dations will be discussed briefly. Then, the conceptual framework will be 
explained and derived, followed by respective propositions. In the next sec-
tions, the study design and the results will be highlighted. Finally, the chapter 
will conclude with managerial implications and potential future research areas. 

5.2. Theoretical background 

The theoretical conceptualization of SMI can be adopted from similar applica-
tions in the marketing, management, and information systems literature, such 
as marketing analytics (e.g., Germann, Lilien, and Rangaswamy 2013), big 
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data analytics (e.g., Erevelles, Fukawa, and Swayne 2016; Wamba et al. 2017), 
or IT capability (e.g., Kim, Shin, and Kwon 2012). As discussed earlier, SMI 
is about capturing, processing and integrating conclusive social insights into 
long-term strategies steadily challenged by market dynamics (Smith 2015). It 
can be described as a subsumed ‘analytical capability’, which firms develop to 
gain strategic competitive advantage (Day 2011). In this literature stream, most 
studies use the resource-based view to define the key elements of analytical 
capability (Barney, Ketchen, and Wright 2011; Kim, Shin, and Kwon 2012). 
The resource-based view presumes that firms may be heterogeneous regarding 
the strategic resources, allowing managers to execute value-creating strategies 
that may fundamentally explain competitive advantage and brand performance 
(Barney 1991). Those resources can be classified into 1) physical resources 
(e.g., technology, equipment, materials, etc.), 2) human resources (e.g., train-
ing, experience, intelligence, etc.), and 3) organizational resources (e.g., struc-
tures, planning, systems, etc.). According to Lee and Grewal (2004), sustain-
able competitive advantage can be reached when firms’ resources generate 
unique value to consumers that competitors cannot duplicate. 

However, the resource-based view has been criticized, since it lacks 
explanation on how resources are developed and processed to gain competi-
tive advantage and how the impact of dynamic environments is considered 
(Kim, Shin, and Kwon 2012). Therefore, theorists addressed these limitations 
by introducing the dynamic capabilities theory (Morgan, Vorhies, and Mason 
2009). The theory states that as marketplaces are dynamic, it is the capabili-
ties by which firms’ resources are deployed accordingly to match the brands’ 
market environments (Eisenhardt and Martin 2000). These capabilities can 
be described as antecedents of organizational and strategic routines by which 
managers reorganize and acquire new resources, integrate and recombine 
them to address rapidly changing environments with innovative forms of 
competitive advantage (Grant 1996; Teece, Pisano, and Shuen 1997). Thus, 
it indicates that besides unique value-creating physical and human resources, 
firms require complementary capabilities to deploy the available organiza-
tional resources to respond to market dynamics (Kim, Shin, and Kwon 2012; 
Teece 2007). 

eWOM evolved as one major driver for enhanced market dynamics, 
forcing firms to observe consumers and markets evermore (Punj and Moore 
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2009). Therefore, firms use the widely accepted concept of market orienta-
tion to understand consumers’ current, but more importantly, future needs 
evolving over time (Slater and Narver 2000). Thereby, capabilities play an 
important role by which firms deploy their market orientation throughout or-
ganizational processes (Morgan, Vorhies, and Mason 2009). The business 
value of market orientation has been extensively demonstrated in multiple 
studies (e.g., Homburg and Pflesser 2000; Jaworski and Kohli 1993; Kohli 
and Jaworski 1990; Morgan, Vorhies, and Mason 2009; Narver and Slater 
1990). Kohli and Jaworski (1990) defined market orientation as “the extent to 
which a firm engages in the generation, dissemination, and response to market 
intelligence pertaining to current and future customer needs, competitor stra-
tegies and actions, channel requirements and abilities, and the broader busi-
ness environment”. Besides Kohli and Jaworski's (1990) behavioral perspec-
tive (i.e., generation, dissemination, and responsiveness), Homburg and 
Pflesser (2000) complemented market orientation with the cultural perspec-
tive (i.e., values, norms, and artefacts). Applying the resource-based view, 
researchers found that higher market orientation leads to superior brand per-
formance since the market intelligence advantage enables firms to bundle and 
deploy available resources better than their competitors (Jaworski and Kohli 
1993; Slater and Narver 2000). Hence, firms that 1) are able to disseminate 
market information across divisions, 2) emphasize on consumer, employee, 
and stakeholder orientation, and 3) are overall more market oriented, achieve 
higher customer satisfaction, loyalty, growth and market share (Germann, 
Lilien, and Rangaswamy 2013; Kohli and Jaworski 1990). 
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Figure 5-1: Outline of interrelated theories (study 3) 

After outlining the interrelated theories (see Figure 5-1), i.e., resource-
based view, the dynamic capabilities theory, and the concept of market orien-
tation, we now motivate how the conceptual framework (see Figure 5-2) was 
derived and why the listed dimensions are expected to describe SMI maturity, 
and as a result, brand performance. To develop the conceptual framework, the 
aforementioned theories were combined. From the adaptation of the resource-
based view, in which complementary dynamic market-oriented capabilities 
play a vital role, to the specific context of SMI, it is proposed that SMI techno-
logical capability, SMI personnel capability, and SMI organizational capabil-
ity constitute the primary overall capabilities of a firm’s SMI maturity. These 
three overall capabilities of SMI maturity are supported by Erevelles, Fukawa, 
and Swayne (2016), Kim, Shin, and Kwon (2012), and Wamba et al. (2017) 
who argue that technological capability is essential to explore and manage va-
riety of data; personnel capability is important to understand, develop and ap-
ply analytics models; and finally, organizational capability is relevant to opti-
mize decision models. The three overall capabilities including propositions 
will be outlined as follows. 
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Figure 5-2: Conceptual framework (study 3) 

First, SMI technology capability is used to refer to the ability of tech-
nological applications to enable the personnel to capture conclusive eWOM 
insights using multiple (e.g., analytical depth) and relevant (e.g., analytical 
quality) measures on manageable eWOM platforms (e.g., social channel ac-
tivity). Firms that constantly advance the technological capability, develop 
necessary applications needed to measure new forms of market data and en-
gage in data-sharing platforms, should have better decision-making pro-
cesses (Kim, Shin, and Kwon 2012). Overall, both information technology 
and the resulting data resources are relevant prerequisites for the use of mar-
keting analytics (Germann, Lilien, and Rangaswamy 2013). 

With multiple eWOM measures used and increased richness of data 
captured, marketers are better equipped in recognizing new market gaps and 
identifying consumer needs (Erevelles, Fukawa, and Swayne 2016). Therefore, 
the dimension analytical depth will be included in the model aiming at as-
sessing which and how many SMI activities are being performed. The usage 
of quantitative eWOM measures (e.g., Facebook likes and comments, or 
eWOM reach) to produce SMI is still dominant, although qualitative ap-
proaches (e.g., text-based analyses such as tonality and trends sourcing) filter 
out sentiment and provide additional analytical value (Kozinets et al. 2010). In 
fact, measuring eWOM sentiment was found to outperform aggregated eWOM 
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scores in explaining brand performance (Schweidel and Moe 2014; Ziegele 
and Weber 2015). Moreover, comparing competitors’ social media perfor-
mance with their brand’s own performance, helps firms to identify weaknesses, 
find new opportunities, adapt their social media strategy, and increase market 
knowledge (He, Zha, and Li 2013). Identifying influential eWOM users is an-
other important factor of analytical breadth. Trusov, Bodapati, and Bucklin 
(2010), for instance, found that influential users on eWOM platforms have sig-
nificant effects on other users’ activity levels and on the site’s overall page 
view volume. Overall, increased analytical depth, by means of considering a 
diverse set of eWOM measures on top of simplistic quantitative eWOM 
measures, is proposed to increase brand performance. 

Another technological factor is analytical quality, which assesses 
SMI maturity in terms of how timely and reliable the SMI approach is. The 
quality of captured information is one of the key initial antecedents for infor-
mation systems success (DeLone and McLean 1992). Furthermore, assessing 
the SMI approach in terms of completeness is found to be a significant driver 
of information quality for analytic tools (Nelson, Todd, and Barbara 2005). 
Besides completeness, the analytical approach should also reflect whether 
data sources are still timely and representative for the brand’s target group. 
“We evaluate social insights in each social platform differently, since its user 
groups heavily differ. On Facebook, users are more negative, whereas forum 
users are much more sophisticated.”18 This quote shows that eWOM data 
from different platforms may lead to systematic differences in the comments 
posted on each platform (Schweidel and Moe 2014). 

The third factor of technological capability is social channel activity. 
Firms that want to capture eWOM data and form respective strategic actions 
also need platforms to deploy such strategies and ways to react on certain 
dynamics. “In case of a ‘shitstorm’, we are in big trouble, since we do not 
manage our brand on any social platform to react on it.”19 This quote illus-
trates that firms need to promote and manage their brands on relevant eWOM 

                                                        
18  This quote was recorded during an interview (in preparation of study 3) with the head 

of digital innovations of a major transport and logistics firm. 
19  This quote was recorded during an interview (in preparation of study 3) with the cor-

porate communications division of an energy and water supplier. 
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platforms to be able to access data for analysis and to respond to consumers. 
In fact, many firms have already planned on how to use eWOM platforms to 
present their brands, but these plans are either inadequately implemented, or 
not implemented at all (Leeflang et al. 2014). By being active on social plat-
forms, firms can interact and engage with consumers to increase loyalty and 
awareness (Erdem et al. 2016). Thus, it is proposed that the more firms are 
active in promoting their brands on social platforms, the more social insights 
can be gathered, positively influencing brand performance. 

Second, SMI personnel capability represents a firm’s human intelli-
gence (i.e., skills and knowledge) to analyze and process conclusive social in-
sights. The more competent the SMI personnel is, the more they can anticipate 
future SMI needs to support strategic demands (Kim, Shin, and Kwon 2012). 
Firms constantly have to find new ways of analyzing eWOM data, creating ac-
tionable insights, and implementing new strategic activities (Erevelles, Fukawa, 
and Swayne 2016). The authors further stress that knowledge-based resources 
are difficult for competitors to imitate. Hence, firms with greater SMI personnel 
capabilities are expected to outperform competitive brands. Therefore, the as-
sessment of analytical skills as factor for brand performance is included in the 
model. “When detecting negative brand posts, we sometimes react on it. But 
due to limited human resources, we cannot deal with all criticism posted 
online.”19 This quote shows that to deploy analytics, firms must have access to 
personnel who have the knowledge to execute analytics (Germann, Lilien, and 
Rangaswamy 2013). At Dell, for instance, besides hiring highly analytical per-
sonnel, they also train employees at its Social Media and Communities Univer-
sity and run conferences for sharing best practices (Weinberg et al. 2013). Fur-
thermore, to positively affect brand performance through SMI, firms must iden-
tify, attract and develop personnel whose skillsets are relevant in the context of 
social media and reliance on analytics (Malthouse et al. 2013). 

Third, SMI organizational capability is the firm’s ability to handle 
processes in a structured and responsive manner to integrate social insights 
into long-term strategies in dynamic markets. Such processes have to be de-
ployed in such a way that social insights are disseminated to each key busi-
ness function within the firm (Kim, Shin, and Kwon 2012). Adopting the 
dimensions from Jaworski and Kohli (1993) of the aforementioned concept 
of market orientation, top management support, roadmap agenda, analytical 
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culture, analytical breadth, KPI linkage, and market orientation processes 
(i.e., dissemination and responsiveness) are chosen to explain SMI maturity 
in terms of organizational capabilities. These drivers were also found to be 
necessary to deploy successful analytics (Germann, Lilien, and Rangaswamy 
2013). Top management support, roadmap agenda, and analytical culture can 
be allocated to Jaworski and Kohli's (1993) top management factors. Only 
the construct ‘risk aversion’ was not considered, since it had no significant 
effect as antecedent of market orientation. Analytical breadth and KPI linkage 
derive from interdepartmental factors, of which the construct ‘conflicts’ was 
not considered, since it is already covered in market orientation and analytical 
culture. Moreover, organizational systems were also not included in this 
model, as the attached constructs are already covered in market orientation, 
analytical breadth, and analytical culture. Finally, concerning market orienta-
tion, only ‘intelligence generation’ was not considered, since it is part of ana-
lytical depth. 

If firms aim to implement analytics as an integral part of firm pro-
cesses and overall culture, is highly dependent on the firm’s top management 
support (Germann, Lilien, and Rangaswamy 2013). Competitive advantage 
through market orientation can only be achieved if the firm receives distinct 
signals from their top managers about the importance of being responsive to 
consumer needs (Jaworski and Kohli 1993). Furthermore, the extent of top 
management’s involvement in promoting market-oriented elements will sub-
sequently affect social media success (Weinberg et al. 2013). “Our top man-
agement is highly data-driven and puts great emphasis on analytics through-
out the entire firm.”20 This quote demonstrates how important the buy-in 
from top managers is for firms that want to deploy successful SMI. 

By living an analytical culture, employees may function as firm repre-
sentatives in consumer relations management activities and can promote the dif-
fusion of social insights throughout all levels and across all functions (Malthouse 
et al. 2013). Firms, such as Google, Zappos, and IBM ‘live and breathe’ a social 
analytics-driven culture and outperform competitors. Hence, to achieve higher 
SMI, it is important to have a culture that supports open access to captured social 

                                                        
20  This quote was recorded during an interview (in preparation of study 3) with the head 

of performance marketing of an internet and online media firm. 
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insights and expertise throughout all functions (Weinberg et al. 2013). Cultural 
artefacts were found to have symbolic power, which may strengthen the degree 
of market orientation and ultimately inspire personnel to act more market ori-
ented overall (Homburg and Pflesser 2000). 

For firms transforming into social analytics-driven enterprises, a 
roadmap agenda should be implemented to evaluate whether their transfor-
mation is successful and carried out effectively (Malthouse et al. 2013). The 
increasing complexity of eWOM platforms requires management to define 
clear roles for SMI personnel to effectively process social insights across 
functions (Felix, Rauschnabel, and Hinsch 2017). These social insights may 
only lead to strategic decision-making and consequently competitive ad-
vantage, once a framework is established for managing personnel’s respon-
sibilities and responsive processes. 

The factor analytical breadth refers to the extent to which firms uti-
lize and disseminate SMI across divisions. “In our firm, any employee has 
access to data and insights gathered from social media intelligence.”21 This 
quote illustrates how firms install processes by which personnel in any divi-
sion has access to social insights for strategic decision-making. In fact, en-
hanced market orientation through SMI can help firms to improve producti-
vity along the entire value chain (Chui et al. 2012). Furthermore, according 
to Peters et al. (2013) and Weinberg et al. (2013), firms should establish pro-
cesses to disseminate gathered intelligence not only to the marketing and 
communications division but also to, e.g., service, information technology, 
human resources, finance, and legal. Thus, analytical breadth is important 
since any employee in any division in a firm can potentially contribute to the 
creation of value for consumers (Porter 1985). 

Concerning Jaworski and Kohli's (1993) antecedent of interdepart-
mental connectedness, the factor KPI linkage was included in the model as-
sessing to what extent SMI insights are linked to brand performance data. To 
gain business advantage, firms need to examine the impact of SMI insights on 
brand performance metrics (He, Zha, and Li 2013). Hence, firms that are ca-
pable of fusing social insights with traditional marketing analytics and brand 
                                                        
21  This quote was recorded during an interview (in preparation of study 3) with the senior 

project manager of strategy and analysis of a major commerce firm. 
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performance data are found to make better strategic choices and improve 
brand recommendations (Xu, Frankwick, and Ramirez 2015). A large textile 
and fashion firm, for instance, mentioned that they “aggregate social KPIs with 
other KPIs in order to provide an integrated story, starting in social media and 
ending in sales. Thereby, we don’t believe in dashboards but in the interaction 
between various functions.”22 

Finally, market orientation is included as a factor to measure to what 
extent processes have been installed to utilize SMI in responding to market 
dynamics. Jaworski and Kohli (1993) distinguish between the generation, 
dissemination, and responsiveness of market intelligence. Since the genera-
tion of intelligence is already covered in analytical breadth, it is not consi-
dered in the model. Both dissemination and responsiveness consist of man-
agement processes with respect to market-oriented systems. Therefore, they 
were combined into one factor, called market orientation. Besides the chal-
lenges deriving from increased eWOM, firms can also use eWOM platforms 
to react faster to consumer needs and potentially influence brand talk (Erdem 
et al. 2016). However, it requires operational excellence and structures that 
enable SMI to become an integral part of firm processes (Malthouse et al. 
2013). Dell, for instance, established management processes that provide 
clear rules on how social insights are disseminated across divisions and 
guidelines concerning the responsiveness (Weinberg et al. 2013). This allows 
Dell’s customer service, e.g., to capture product issues from consumers, to 
share these insights with engineering, and to react with an improved product, 
which has resulted in increased consumer satisfaction. In fact, a media and 
publishing firm is planning “to implement a customer advisory board that 
should help us to progress customer-centric strategies.”23 It exemplifies a 
firm progressing in strategic decision-making based on the emphasis of cre-
ating value for unmet consumer needs. 

                                                        
22  This quote was recorded during an interview (in preparation of study 3) with the senior 

director of consumer analytics of a major textile and fashion firm. 
23  This quote was recorded during an interview (in preparation of study 3) with the di-

rector of social media of a media and publishing firm. 
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Overall, SMI can help firms to deploy market-oriented organiza-
tional resources by capturing, processing, and integrating eWOM into strate-
gic decision-making (Smith 2015). Respectively, based on the concept of 
market orientation, we expect firms that are more mature in SMI and hence 
better in reacting on market dynamics will ultimately have better perfor-
mance results (Slater and Narver 2000). 

Besides the ten identified dimensions, additional descriptive vari-
ables such as firm, respondent, and industry characteristics are included. 
These variables will be used to describe the segmented maturity levels since 
differences across industries and firms are being expected. Although it was 
found that analytical capabilities influence a variety of industries, it will be 
interesting to find out which industries are more mature in terms of SMI com-
pared to other industries. Another relevant finding would be how B2C vs. 
B2B firms differ in SMI maturity. eWOM is expected to influence brand 
awareness (Gensler et al. 2013), but previous studies found that B2C findings 
concerning the effect of brand awareness cannot be easily applied to a B2B 
context since it depends on organizational buying behavior and situational 
industry characteristics (Homburg, Klarmann, and Schmitt 2010). Moreover, 
Grinstein (2008) investigated that the link between market orientation and 
innovation consequences is stronger for service firms than for manufacturing 
firms. As mentioned, the additional control variables will help to describe 
different stages of SMI maturity. 

5.3. Study Design  

To collect the necessary data for analysis, an online firm survey using Qualtrics 
Software was conducted (see Appendix K). The unit of analysis is a strategic 
business unit (SBU) within a firm and its best-selling brand. In case a firm had 
no specific SBUs, respondents had to refer to the entire firm. The respondents 
were asked to consider the German market only. To achieve a representative 
sample of brands from multiple industries, a list of 1257 brands from a broad 
range of industries operating in the German market was developed based on a 
listing of the market research firm YouGov24. Since SMI is a very specific field 
                                                        
24  YouGov (2017) is an international market research firm conducting the BrandIndex 

for more than 1000 brands across a large variety of industries on a regular basis.  
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of firm operations, the respondents had to be pre-identified as key informants, 
suitable to answer the questions. Therefore, through extensive field research on 
firm websites and professional networks (i.e., XING and LinkedIn), key inform-
ants were identified per brand using key words for suitable positions such as 
‘head of online marketing’, ‘head of digital marketing’, ‘head of online com-
munications’, ‘head of social media’, and ‘chief marketing officer’. In total, 735 
key informants with accessible contact information were identified and con-
tacted via e-mail, telephone, and private messages through professional net-
works. The first contact aimed at finding out whether the right key informant 
had been identified, explaining the study, and sending the online survey. From 
the identified list, 106 surveys were completed, representing a response rate of 
14.42%. Another 53 respondents could be added by appointing a market re-
search firm specialized in acquiring firm respondents. From the completed sur-
veys, participants from marketing agencies were excluded since they deploy 
SMI for their clients and not for themselves. Furthermore, doublings and in-
complete responses were deleted. As a result, the final sample size consisted 
of 153 respondents. Considering the specific target group of employees being 
involved in SMI operations, this sample is highly unique. 

5.3.1. Data 

The sales focus of participating firms is almost equal concerning B2C vs. 
B2B. However, firms mainly sell products (78%) than services (22%). 
Mainly medium-sized firms participated in the study, with 35% ranging be-
tween 500 and 2.499 employees. 28% stated to have an annual turnover of 
more than 1.000 million Euros. With 18%, industry and engineering firms 
are represented the most, followed by commerce (9%), consumer goods, and 
tourism and gastronomy (both 8%). Most of the respondents are employed in 
the marketing division (50%), followed by public relations (18%), and digital 
marketing (8%). On average, respondents rated their knowledge of SMI at 
5.41 (on a 7-point Likert scale from 1= I do not have knowledge at all, to 7= I 
have excellent knowledge). Table 5-1 gives a detailed description of the sam-
ple. 
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Question   Percentage 

Sales focus B2B 48 

  B2C 52 

  Service 22 

  Product 78 

Number of employees below 50 5 

  50 to 199 6 

  200 to 499 17 

  500 to 2.499 35 

  2.500 to 9.999 18 

  10.000 to 49.999 8 

  50.000 to 100.000 10 

Annual firm turnover below 25 million EUR 16 

  25 to 49 million EUR 4 

  50 to 99 million EUR 9 

  100 to 199 million EUR 15 

  200 to 499 million EUR 10 

  500 to 999 million EUR 8 

  1.000 to 2.000 million EUR 10 

  over 2.000 million EUR 18 

Industries Industry and Engineering 18 

  Commerce 9 

  Consumer Goods 8 

  Tourism and Gastronomy 8 

  Finance 7 

  
Chemistry, Pharmaceutical- and Medical 
Technology 6 

  Energy and Water Supply 6 

  Media and Publishing 6 

  Textile and Fashion 6 

  Internet and Online Media 6 

  Service and Information Technology 5 

  Technology and Electronics 4 

  Telecommunication 4 
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Question   Percentage 

  Transport and Logistics 3 

  Insurance 3 

  Automotive 2 

Division of respondents Marketing 50 

  PR 18 

  Digital Marketing 8 

  E-Commerce 3 

  Market Research 3 

  Social Media 3 

  Strategy 3 

  Brand Management 2 

  CRM 1 

  Other 9 

Note: n=153 

Table 5-1: Sample description (study 3) 

Further descriptive results are being illustrated in Table 5-2, regar-
ding the usage of SMI at participating firms. 59% use a tool to capture social 
insights and predominantly analyze the data internally (67%). However, only 
51% of participants derive actual strategic implications from the data. As ex-
pected, mostly the marketing division (40%) is responsible for SMI within 
firms, followed by public relations (21%) and digital marketing (8%). Fi-
nally, most firms (76%) spend less than 5% of their marketing budget to-
wards SMI and employ one to three SMI employees (78%). 

Question   Percentage 

Do you use an SMI tool? Yes 59 

  No 41 

Where do you analyze your SMI data? Externally 8 

  Internally 67 

  Both internally and externally 25 
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Question   Percentage 

Do you derive strategic implications 
from SMI? Yes 51 

  No 49 

Which division is responsible for SMI? Marketing 40 

  PR 21 

  Digital Marketing 8 

  Business Intelligence 5 

  Social Media 5 

  Sales 4 

  Customer Service 3 

  HRM 3 

  CRM 2 

  Brand Management 2 

  IT 2 

  E-Commerce 2 

  Other 4 
What is your SMI budget relative to 
marketing budget? below 5% 76 

  5 to 9% 7 

  10 to 24% 1 

  I don’t know 16 

Number of SMI employees none 7 

  1 32 

  2 to 3 46 

  4 to 5 7 

  6 to 10 3 

  over 10 5 

Note: n=153 

Table 5-2: Descriptive results concerning the usage of SMI (study 3) 

Concerning the scale development process of the SMI maturity di-
mensions, the methodology following Homburg and Pflesser (2000) was per-
formed. Before conducting the quantitative scale development, two stages of 
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qualitative research were executed: content analysis and field interviews. 
Starting with the content analysis, first, a systematic analysis of topic-related 
academic publications as well as management magazines was conducted to 
identify most relevant factors that influence SMI maturity. Next, the re-
searched set of factors was reviewed during multiple internal research collo-
quiums at the university and practice workshops with industry experts of 
Deloitte Digital. As a result, a first model was drafted. In the next step, 13 
field interviews were conducted to 1) validate the structure of the drafted 
model, 2) validate and supplement the findings of the content analysis, 3) get 
a richer understanding of relevant SMI dimensions, and 4) generate specific 
items for the subsequent scale development process. The interviews took 
place between March and April 2016 with SMI experts at higher management 
levels from medium-sized and multinational German firms. The firms ranged 
from different industries (textile and fashion, media and publishing, telecom-
munication, energy and water supply, transport and logistics, market re-
search, finance, commerce, consumer goods, service and information tech-
nology, internet and online media) to allow for representative feedback loops. 
In between, a survey was developed and pre-tested during the field inter-
views. Multiple revisions took place as the survey was constantly reviewed 
after field interviews and in additional research colloquiums. Finally, the sur-
vey was completed, and the maturity model consisted of constructs with ac-
ademically established as well as newly generated items (see Table 5-3). 

Besides the multi-item constructs shown in Table 5-3, three maturity 
dimensions were measured on single items. With regard to analytical depth, 
from a list of 18 possible SMI activities, respondents were asked how many 
they perform. We standardized the individual count from the 18-point scale 
to a 7-point Likert scale (by dividing it by 2.57) to allow for comparisons 
with the multi-item constructs. Moreover, analytical breadth was measured 
by asking respondents to what extent which divisions in their SBU (or re-
spectively firm) utilize SMI on a 7-point Likert scale (1= no use, 7= extensive 
use). From a list of 14 divisions, divisions were counted if respondents had 
answered a two (since from two onwards, firms use SMI in their division) and 
higher. After all, we again standardized the individual count from the 14-point 
scale to a 7-point Likert scale (by dividing it by 2). Finally, from a list of 12 
possible social platforms, social channel activity was measured by asking how 
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many they use to present their brand. Again, the individual count was stand-
ardized from the 12-point scale to a 7-point Likert scale (by dividing it by 
1.71). The variable brand performance was measured with seven items in-
spired by Homburg and Pflesser (2000). Respondents were asked how their 
most successful brand performed in the last financial year relative to key 
competitors (on a scale from -3= considerably worse, +3= considerably bet-
ter) with respect to 1) attaining desired turnover, 2) attaining desired growth, 
3) securing desired market share, 4) successful new product introductions, 
5) achieving customer satisfaction, 6) achieving customer loyalty, and 7) in-
creasing service quality. 

In addition to those mentioned in Table 5-1 and Table 5-2, we also 
included some descriptive variables in the survey to describe the SMI ma-
turity stages and the sample overall. Tool name refers to the name of SMI 
tools firms use. Place strategic implications was measured on nominal scale, 
asking where strategic implications are being drawn based on your SMI ana-
lysis (internal, external, or both). Amount mentions was measured as the ap-
proximate number of consumer product mentions on social media concerning 
the most high-selling brand. Which data linkage refers to the type of perfor-
mance data firms link to SMI data and was measured on nominal scale. SMI 
decisions, a newly developed construct based on qualitative research, was 
measured with four items referring to the extent to which SMI insights have 
regularly played a role in the preparation of business decisions (on a 7-point 
Likert scale, 1= do not agree at all, 7= fully agree). Finally, level of leadership 
refers to the position of the respondents measured on nominal scale ranging 
from none to upper management responsibility. 

 



 

Dimension Construct Author 
(year) Items Item 

mean 
Cronbach's 

Alpha 
Construct 

mean 

Analytical 
quality 

Adapted from ‘mar-
keting performance 
measurement quality’  

Menon et 
al. (1999)  

Our SMI is very timely. 4.14     
Our SMI is extremely accurate. 4.07     
We can rely on the information from our SMI. 4.67     

Newly developed item 
(based on qualitative 
research) 

N/A The information from our SMI forms a very good 
basis for further analysis. 

4.28     

Our SMI data are representative of our core target 
groups (also outside of social media). 

3.74 0.93 4.18 

KPI 
linkage 

Adapted from ‘infor-
mation system inte-
gration’ 

Nelson, 
Todd, and 
Wixom 
(2005) 

We combine SMI data with performance data 
from other departments. 

2.79     

We collect corporate performance data and SMI 
data and compile them. 

3.01     

We regularly link SMI data to corporate perfor-
mance data. 

2.65 0.92 2.81 

Analytical 
culture 

Adapted from ‘cul-
tural artefacts’ and 
‘market-related re-
sponsibility of the em-
ployees’ 

Stock, 
Six, and 
Zacharias 
(2013) 
Homburg 
and Pfles-
ser (2000) 

We communicate internal best practices for cus-
tomer-centric behavior through the use of SMI. 

3.31     

We exchange ideas in informal conversations 
about SMI. 

4.19     

Via social media, we regularly provide opportuni-
ties for opinion leaders to discuss new product in-
novations with us. 

2.70     

  



 

Dimension Construct Author 
(year) Items Item 

mean 
Cronbach's 

Alpha 
Construct 

mean  
Newly developed item 
(based on qualitative 
research) 

N/A In our firm, social media metrics (i.e. product re-
views, number of followers, sentiment barometer) 
are being regularly visualized in offices and con-
ference rooms. 

2.84 0.79 3.26 

Top man-
agement 
support 

Adapted from ‘top 
management emphasis’ 

Jaworski 
and Kohli 
(1993) 

Our top management continually stresses that the 
observation of trends and market with the help of 
SMI is the basis of our competitiveness. 

2.62     

Our top management stresses that we need to put 
more focus on SMI to predict and meet customer 
needs. 

2.82     

According to our top management, customer ser-
vice via social media is an important service 
channel of our firm. 

3.40     

Newly developed item 
(based on qualitative 
research) 

N/A The top management regularly calls for SMI re-
ports. 

3.17 0.90 3.00 

Roadmap 
agenda 

Newly developed con-
struct (based on quali-
tative research) 

N/A We have a clearly defined SMI roadmap. 3.06     
We established a structure that supports the im-
plementation of the SMI roadmap. 

3.10     

We formulated clearly defined KPIs to monitor 
the progress of the SMI roadmap. 

3.04 0.96 3.07 



 

Dimension Construct Author 
(year) Items Item 

mean 
Cronbach's 

Alpha 
Construct 

mean 

Market 
orienta-
tion (intel-
ligence 
dissemi-
nation) 

Adapted from ‘market 
orientation (intelli-
gence dissemination)’  

Jaworski 
and Kohli 
(1993) 
 

We have regular meetings between departments 
to discuss market trends and developments based 
on SMI. 

2.85     

We circulate documents (i.e. reports, newsletters) 
regularly between departments that provide infor-
mation about our customers on the basis of SMI. 

3.24     

When identifying problems online with a large 
number of customers, the responsible department 
knows about it within short time. 

4.77a 0.69 3.62 

Market 
orienta-
tion (mar-
ket re-
sponsive-
ness) 

Adapted from ‘market 
orientation (response 
design)’ and ‘market 
orientation (response 
implementation)’ 

Jaworski 
and Kohli 
(1993) 

We regularly review our product development 
based on SMI to ensure that it is in line with cus-
tomer needs. 

2.57     

Several departments meet regularly to react on mar-
ket changes that have been identified via SMI. 

2.35     

We respond quickly to significant changes in our 
market that have been discussed on social media 
platforms. 

4.19     

Newly developed item 
(based on qualitative 
research) 

N/A We have clearly defined roles in our departments 
to respond to events on social media effectively. 

3.74 0.81 3.21 

  



 

Dimension Construct Author 
(year) Items Item 

mean 
Cronbach's 

Alpha 
Construct 

mean 

Analytical 
skills 

Adapted from ‘mar-
keting analytics skills’ 

Germann, 
Lilien, 
and Ran-
gaswamy 
(2013) 

Our staff in our department is highly experienced 
in the use of SMI. 

4.42     

Our staff can be described as SMI experts. 3.91     

Newly developed item 
(based on qualitative 
research) 
  

N/A 
  

We regularly receive trainings and workshops 
that teach us the latest trends and developments in 
the field of SMI. 

3.05c     

The analytical capabilities of our staff regarding 
SMI have low priority, as we rely on the expertise 
of external service providers.b  

3.70c 0.51 3.77 

Notes: All items were measured on a 7-point Likert scale from 1=totally disagree, to 7=totally agree. 
Construct reliability was performed with the original sample size of 159 respondents. 
a= if items deleted, the constructs’ Cronbach’s Alpha would be 0.678 (M=3.044).  
b=  reversed items values. 
c=  if items deleted, the constructs’ Cronbach’s Alpha would be 0.940 (M=4.160). 

Table 5-3: Construct reliability (study 3) 
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To evaluate whether the multi-item constructs have an adequate inter-
nal consistency, construct reliability by means of Cronbach’s Alpha was tested 
(see Table 5-3). On average, the multi-item constructs had a Cronbach’s Alpha 
of .87, which is above the critical threshold of .7 (Hair et al. 2010). Only two 
constructs (intelligence dissemination and analytical skills) were below the 
critical threshold (.69 and .51 respectively). When deleting the third item from 
intelligence dissemination, the Cronbach’s Alpha would not increase but de-
crease. Regarding the construct analytical skills, the exclusion of the third and 
fourth items would lead to an increase of Cronbach’s Alpha to .940. Further-
more, both mentioned constructs and market responsiveness have highly vary-
ing item means and should therefore be reviewed again if item deletion is ne-
cessary, when conducting the validity of constructs. 

Regarding the construct validity, we conducted an exploratory factor 
analysis (EFA) (Hair et al. 2010). First, the Kaiser-Meyer-Olkin (KMO) cri-
terion has to be inspected to judge whether the data are appropriate for an 
EFA (Backhaus et al. 2006, and hereafter). With a KMO of .931, the critical 
threshold of .5 has been exceeded, confirming the quality of the correlation 
matrix and thus appropriateness of an EFA. Another important criterion for 
the suitability of an EFA is the Bartlett’s test of sphericity, which assesses 
the null hypothesis, whether the variables in the correlation matrix are unre-
lated. Since it is significant (p=.000), it can be concluded that the variables 
are correlated and thus suitable. To derive the number of factors, the Kaiser 
(latent root) criterion has to be inspected. Factors with an eigenvalue smaller 
than one, explain less variance than a single variable, and should thus not be 
extracted. As from a six-factor solution downwards, the eigenvalues are 
larger than one, six factors should be extracted. Next, the percentage of va-
riance criterion should be assessed to ensure practical significance for the 
derived factors. They should explain at least 60 percent of total variance, 
which was the case from three factors upwards. Looking at the Varimax ro-
tated principal component analysis (see Appendix L) not all items load per-
fectly on construct factors. Also, the number of extracted components (six) 
is lower than the number of theoretically derived constructs (eight). Only two 
items from analytical culture load on one factor (six). Since those two item 
means highly differed from the other construct items and one item was newly 
developed, these two items will be deleted to test whether the factor alloca-
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tion improves. On the same factor (six), items from intelligence dissemina-
tion and market responsiveness load as well. All items from roadmap agenda 
have cross loadings (>.4). Items from intelligence dissemination and market 
responsiveness load on multiple factors without clear construct allocation. 
These items also highly differ in item means. Therefore, it is decided to ex-
clude the newly generated items and those with higher item means, to see 
whether the factor allocation improves. Since the items from both intelli-
gence dissemination and market responsiveness are conceptually similar, it 
might be possible that they load on one single factor. Finally, regarding ana-
lytical skills, only the first two out of four items load on one factor. Since the 
reliability analysis illustrated that the exclusion of items three and four would 
increase Cronbach’s Alpha, we decided to delete them. Considering the nu-
merous item exclusions, EFA will be run again. 

The second EFA (see Appendix M) was run with a forced seven-
factor solution, to see whether it would load on one (market orientation) fac-
tor, and hence match the actual number of anticipated constructs. Similar re-
sults with respect to the KMO (.916) and Bartlett’s test of sphericity (p=.000) 
were found. According to the eigenvalues, four factors should be extracted. 
The percentage total variance suggests two factors. Except for two cross load-
ings (.432 and .450), now, all remaining items load on the constructs factors, 
confirming the previous decisions for exclusion. Intelligence dissemination 
and market responsiveness also load on one factor and are therefore merged 
into one construct market orientation for further analysis. The items from 
roadmap agenda now also load perfectly on one factor. Moreover, the two 
remaining items from analytical culture can also be clearly allocated to one 
factor. Although the forced factor solution deviates from the suggested num-
ber of factors according to eigenvalues and percentage total variance, the 
overall allocation of items clearly improved. Therefore, the constructs are 
valid and were calculated by averaging the scores on the appropriate items 
(Rosbergen, Pieters, and Wedel 1997). Given the changes in items, construct 
reliability was performed again (see Table 5-4).  

However, since we amended the set of items and constructs, we did 
another robustness check when running the cluster analysis in section 5.4.  

 



 

Construct Items Item 
mean 

Cronbach’s 
Alpha 

Construct 
mean 

Analytical 
quality 

Our SMI is very timely. 4.14 
  

Our SMI is extremely accurate. 4.07 
  

We can rely on the information from our SMI. 4.67 
  

The information from our SMI form a very good basis for further analysis. 4.28 
  

Our SMI data are representative of our core target groups. 3.74 0.93 4.18 
KPI linkage We combine SMI data with performance data from other departments. 2.79 

  

  We collect corporate performance data and SMI data and compile them. 3.01 
  

  We regularly link SMI data to corporate performance data. 2.65 0.92 2.81 
Analytical 
culture 

We communicate internal best practices for customer-centric behavior through 
the use of SMI. 

3.31 
  

  We exchange ideas in informal conversations about SMI. 4.19 0.75 3.75 
Top manage-
ment support 

Our top management continually stresses that the observation of trends and 
market with the help of SMI is the basis of our competitiveness. 

2.62 
  

  Our top management stresses that we need to put more focus on SMI to predict 
and meet customer needs. 

2.82 
  

  According to our top management, customer service via social media is an im-
portant service channel of our firm. 

3.40 
  

  The top management regularly calls for SMI reports. 3.17 0.90 3.00 

  



 

Construct Items Item 
mean 

Cronbach’s 
Alpha 

Construct 
mean 

Roadmap 
agenda 

We have a clearly defined SMI roadmap. 3.06 
  

We established a structure that supports the implementation of the SMI 
roadmap. 

3.10 
  

We formulated clearly defined KPIs to monitor the progress of the SMI 
roadmap. 

3.04 0.96 3.07 

Market  
orientation 

We have regular meetings between departments to discuss market trends and 
developments based on SMI. 

2.85 
  

  We regularly review our product development based on SMI to ensure that it is 
in line with customer needs. 

2.57 
  

  Several departments meet regularly to react on market changes that have been 
identified via SMI. 

2.35 0.85 2.59 

 Our staff can be described as SMI experts. 3.91 0.94 4.16 
Analytical 
skills 

Our staff in our department is highly experienced in the use of SMI. 4.42   

Notes:  All items were measured on a 7 point Likert scale from 1=totally disagree, to 7=totally agree. 
Construct reliability was performed with the original sample size of 159 resondents. 

Table 5-4: New multi-item construct means (study 3) 
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5.3.2. Methodology 

For the segmentation procedure of SMI maturity, we performed a hierar-
chical cluster analysis. Following the implementation sequence of Hair et al. 
(2010), first, the single-linkage algorithm using Euclidean distance measure 
was applied for outlier detection (Backhaus et al. 2006). However, elimina-
tion of observations was not necessary. Nevertheless, extreme response be-
havior might also represent under-sampled target groups and should not be 
extinguished (Hair et al. 2010). Second, Ward’s method was conducted (us-
ing squared Euclidean distance measure) to define the number of clusters, as 
it was found to be suitable for the identification of the veritable underlying 
groups (Backhaus et al. 2006, and hereafter). Since all clustering variables 
were measured on the same scale, standardization of values was not neces-
sary. According to the agglomeration schedule (see Table 5-5), a substantial 
increase in coefficients happened in the stage from four to three and three to 
two clusters, suggesting a four- or a three-cluster solution. Based on the per-
cental change of heterogeneity in coefficients, the first change occurred be-
tween five and four and four and three clusters. The largest first increase, 
however, happened between three and two clusters, suggesting a three-clus-
ter solution. Another criterion is the inspection of the dendrogram (see Ap-
pendix N), where heterogeneity is displayed. It suggests a five-, four- or a 
three-cluster solution. Taken together, yet, no clear recommendation regar-
ding the cluster solution can be given. To progress, different cluster solu-
tions (five, four, and three) should be tested, validated, and interpreted to 
decide on a final solution. Therefore, in the next step, the partitioning pro-
cedure k-means was used to run multiple cluster solutions, and finally, to 
define the final assignment of observations into the clusters. It iteratively 
reassigns observations to the clusters until maximum homogeneity within 
the clusters is achieved (Hair et al. 2010). 
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Stage Cluster combined Coefficients Percentage change 

in coefficients 
Number of 

clusters   Cluster 1 Cluster 2 
 

144 5 7 1587.311 4.35 9 

145 2 50 1656.313 4.49 8 

146 3 6 1730.705 4.44 7 

147 5 8 1807.467 4.90 6 

148 2 28 1896.092 7.62 5 

149 2 14 2040.608 9.58 4 

150 1 3 2236.113 28.01 3 

151 1 2 2862.471 49.41 2 

152 1 5 4276.901 
 

1 

Note: n=153 

Table 5-5: Agglomeration schedule (study 3) 

5.4. Results 

Following the partitioning procedure k-means, the different cluster results 
can be interpreted and compared. With a five-cluster solution, the cluster 
sizes highly differ with two small clusters (n=7 and n=12) and a relatively 
large cluster with n=66. Also, clusters one and two do not really differ in 
terms of the maturity means across all dimensions (M=3.75 and M=3.46). 
Therefore, distinct interpretational differences among clusters are difficult, 
so a five-cluster solution is not recommended. With a three-cluster solution, 
the cluster sizes are relatively balanced (n=57, n=26, and n=70). However, 
the overall mean across all dimensions for the most mature cluster is rela-
tively low (M=5.04), followed by the medium mature cluster (M=3.61) and 
lowest mature cluster (M=2.00). It suggests that it might cover both high ma-
ture firms close to six and medium mature firms close to four. The most mature 
cluster in a four-cluster solution, on the other hand, has an overall mean of 5.58, 
followed by the lower mature clusters (M=4.2, M=3.49, and M=1.96). It there-
fore allows for more interpretable differences among clusters. Although the 
cluster sizes of a four-cluster solution are more unbalanced (n=47, n=67, 
n=27, n=12), it does not seem unrealistic considering that firms from 16 dif-
ferent industries with varying firm sizes participated in this study. Hence, 
niche segments with a distinct SMI maturity level can be expected. Overall, 
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we decided to suggest a four-cluster solution, which will be further analyzed 
in the following section. 

Referring back to the robustness check of the amended set of items 
and constructs for analytical culture, intelligence dissemination, market re-
sponsiveness, and analytical skills, we run a hierarchical cluster analysis for 
the original set of clustering variables and compared the results with the new 
set. We found that the number of significantly differing clusters is also four. 
Moreover, the cluster sizes as well as the final cluster means are very similar. 
Therefore, we conclude that amending the set of items and constructs, as ar-
gued in section 5.3.1, seems to be the right choice. 

In Table 5-6, the means of SMI dimensions and F-values per cluster 
and clustering variables are shown. The significant F-values indicate that the 
cluster solution exhibits significant distinctive characteristics differentiating 
the clusters. According to the size of the F-values, top management support 
seems to contribute the most to the cluster solution, followed by market ori-
entation, and analytical culture. Looking at the cluster means, the clusters 
differ in SMI maturity across almost all dimensions. Thus, different maturity 
levels can be allocated to the clusters. Cluster 2 has the lowest means and can 
be labeled as low mature. Cluster 1 has higher means and can be labeled as 
moderate mature. Cluster 3 follows in terms of SMI maturity and can be la-
beled as high mature. Finally, firms in cluster 4 have highest dimension 
means and can thus be labeled as most mature. The accuracy of the classifi-
cation was validated conducting a discriminant analysis. In fact, 98.7% of the 
observations were correctly classified (see Appendix O). 
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Cluster variables Cluster F Sig. 

1 
n=47 

moderate  
mature 

2 
n=67 

low  
mature 

3 
n=27 

high 
mature 

4 
n=12 

most 
mature 

Analytical quality 5.05 2.85 5.19 6.00 69.292 0.000 

KPI linkage 2.71 1.72 4.31 6.03 57.639 0.000 

Analytical culture 4.36 2.28 5.19 6.21 78.965 0.000 

Top management support 3.16 1.72 4.60 5.94 88.689 0.000 

Roadmap agenda 3.54 1.69 4.28 6.31 54.710 0.000 

Market orientation 2.71 1.51 3.78 5.61 87.447 0.000 

Analytical skills 5.05 2.75 4.98 6.67 60.416 0.000 

Analytical breadth 1.52 1.27 4.15 4.50 64.384 0.000 

Analytical depth 3.31 1.75 3.37 4.47 26.594 0.000 

Social channel activity 3.46 2.03 2.40 4.09 20.906 0.000 

       

Mean across all variables 3.49 1.96 4.22 5.58   

Note: n=153 

Table 5-6: Means of final cluster centers (study 3) 

To find out whether the clusters differ significantly in terms of brand 
performance, ANOVAs were performed (see Table 5-7). The only significant 
describing performance variable with a p-value smaller than .05 is new pro-
duct introductions (p=.036). Following a Scheffe test, it was found that clus-
ter 4 (‘most mature’), has a significant higher mean (M=5.67) concerning 
new product introductions compared to cluster 2 (‘low mature’; M=4.69). 
Moreover, the performance variable market share and growth are almost sig-
nificant describing variables (p=.065 and p=.072), with highest perfor-
mance means in cluster 4. But according to the Scheffe test, the clusters do 
not significantly differ from each other. 
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Performance variable  F Sig. Cluster Mean 

Turnover 1.653 0.180 1 4.94   
2 5.00   
3 4.65 

  
  

4 5.58 
Growth 2.375 0.072 1 5.11   

2 4.84   
3 4.58 

  
  

4 5.50 
Market share 2.457 0.065 1 5.13   

2 4.78   
3 4.62 

  
  

4 5.42 
New product introductions 2.921 0.036 1 4.79   

2 4.69   
3 4.62 

  
  

4 5.67 
Customer satisfaction 1.610 0.190 1 5.06   

2 4.76   
3 5.00 

  
  

4 5.42 
Customer loyalty 0.522 0.668 1 5.09   

2 4.85   
3 4.96 

  
  

4 5.17 
Service quality 2.144 0.097 1 5.13   

2 4.79   
3 4.92 

  
  

4 5.58 

Note: n=153 

Table 5-7: ANOVA table with brand performance variables 
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Further control variables have been statistically tested, whether they 
describe the clusters. Using ANOVA tests for the metric variables, it was 
found that SMI decisions are significantly (p=.000) describing the four clus-
ters. According to the Scheffe test, the mean of SMI decisions in cluster 4 is 
3.802 higher (p=.000) compared to cluster 2, followed by 2.550 higher 
(p=.000) than cluster 1, and 2.107 higher (p=.000) than cluster 3. It is not unex-
pected that the more mature firms are in terms of SMI, the more regularly they 
involve SMI insights in the preparation of business decisions. In addition, Chi-
Square tests were performed for nominal variables (see Table 5-8). It was found 
that more mature firms also significantly use SMI tools to capture social in-
sights (p=.000). In cluster 4, 100% of firms use an SMI tool, compared to 
cluster 3 (59%), cluster 1 (83%), and cluster 2 (34%). Also, clusters differ in 
terms of strategic implications being drawn from SMI insights. In cluster 4, 
83% derive strategic implications, compared to cluster 3 (66%), cluster 1 
(68%), and cluster 2 (26%). Furthermore, more mature firms employ signi-
ficantly more SMI employees to utilize SMI. In cluster 4, 58% employ more 
than four SMI employees, followed by cluster 3 (25%), cluster 1 (12%), and 
cluster 2 (4%). Finally, firms in cluster 4 are predominantly (91%) B2C 
firms, followed by cluster 3 (66%), cluster 1 (51%), and cluster 2 (38%). 

Control variables Cluster 

1 2 3 4 

Use an SMI tool 83 34 59 100 

Derive strategic implications from SMI insights 68 26 66 83 

Employ more than 4 employees for SMI 12 4 25 58 

B2C firms 51 38 66 91 

Note: n=153 
 Percentages are rounded off 

Table 5-8: Control variables differing in percentage (study 3) 

The overall aggregated SMI maturity mean across all dimensions 
and industries is rather low with M=3.117, given the scale from 1 (no ma-
turity) to 7 (highest maturity). Thus, it seems that German firms are still at 
the beginning of exploiting the potential of social data. In Figure 5-3, the 
aggregated maturity means for each dimension and overall SMI capabilities 
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are illustrated. It shows that firms have built up medium mature SMI person-
nel capabilities but lack maturity in SMI technological and especially orga-
nizational capabilities. From the ten SMI maturity dimensions, analytical 
breadth, followed by market orientation and KPI linkage, are least advanced 
in the German economy. 

 
Note: n=153 

Figure 5-3: Sample means of SMI maturity dimensions 

However, when increasing analytical breadth, firms would also have 
significantly higher overall firm turnover (see Figure 5-4). Similarly, when 
increasing the linkage of SMI data with brand performance data, firms have 
significantly more successful new product introductions (see Figure 5-5). 
Concerning industry differences, it was found that firms in the insurance- and 
telecommunication industries are most mature (see Figure 5-6). Firms in in-
dustries such as commerce, chemistry/pharmaceutical/medical technology, 
and industry and engineering, are least mature. 
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Note: n=153 
On a 7-point Likert scale from 1=much worse than competition, to 7=much 
better than competition. 

Figure 5-4: Left: Does the quantity of divisions using social media intelligence lead 
to higher overall firm turnover?  

Figure 5-5: Right: Does the quantity of linking brand performance data to SMI 
data lead to successful new product introductions? 

Note: n=153 

Figure 5-6: Aggregated SMI maturity levels per industry and across all dimensions 
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We also built manual SMI maturity groups by calculating overall 
SMI maturity means across all dimensions and per respondent. Since the 
scale for each dimension was on a 7-point Likert scale, we divided the scale 
into four SMI maturity groups: with group 1<1.75 (lowest mature), group 
2<3.5 (moderate mature), group 3<5.25 (high mature), and group 4≤7 (most 
mature). We then allocated each participant to one of four SMI maturity 
groups according to its overall SMI maturity mean. Compared to our hierar-
chical cluster solution, the manual SMI maturity groups differed more in 
terms of brand performance metrics. Thereby, besides successful new pro-
duct introductions, turnover and service quality also significantly differed 
across groups. The most mature group scored highest on these three metrics. 

To explain these differences between the two methods, we looked at 
the maturity allocation in more detail. The low mature cluster comprises 67 
participants, whereas the low mature group comprises only 21. It seems that 
due to the aggregated maturity mean of manual grouping, more firms have a 
mean larger than 1.75 and were thus allocated to the moderate mature group. 
With hierarchical cluster analysis, however, the means for all dimensions are 
considered individually. Thereby, participants are merged into clusters so 
that heterogeneity within each cluster is minimized. On the other hand, the 
aggregation of SMI maturity when doing manual grouping might disentangle 
individual differences across dimensions. Hence, with manual grouping, par-
ticipants with the same overall mean but highly different dimension perfor-
mances might still be merged into the same group. Therefore, since we 
wanted to analyze dimension performances on a disaggregated level, we de-
cided to build our study results on the hierarchical cluster solution and not on 
manual grouping. 

5.5. Discussion and Managerial Implications 

The aim of this study was to investigate how mature firms are in terms of 
SMI and how they should manage eWOM to gain competitive advantage. 
First, a multidimensional model to measure SMI maturity was developed and 
thoroughly discussed. Then, using uniquely gathered firm survey data consisting 
of 153 respondents, firms were clustered based on their SMI maturity. In the next 
step, it was empirically investigated whether firms in more mature clusters also 
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have higher brand performance. Finally, firms were described with firm- and in-
dustry-specific characteristics. Current literature has therefore been advanced 
with a very unique dataset, shedding light on the following previously identified 
research gaps and providing managerial implications. 

First, firms require guidance on how to manage a significant struc-
tural transformation to become market oriented through SMI (Weinberg et 
al. 2013). Research lacks insights into the establishment of required firm pro-
cesses and transformative dimensions to disseminate gathered intelligence 
(Peters et al. 2013; Weinberg et al. 2013). These dimensions have been con-
ceptually derived based on academic and qualitative research. Following the 
adaptation of the resource-based view, complementary dynamic market-ori-
ented capabilities, and the transfer to the context of SMI, SMI technological 
capabilities, SMI personnel capabilities, and SMI organizational capabilities 
have been chosen to constitute the primary overall capabilities of a firm’s 
SMI maturity (inspired by Erevelles, Fukawa, and Swayne 2016, Kim, Shin, 
and Kwon 2012, and Wamba et al. 2017). We are the first to research the 
typology of SMI maturity within a framework on which SMI’s business value 
research can be expanded (Kim, Shin, and Kwon 2012). It was found that 
overall, most firms have low SMI maturity, predominantly lacking SMI or-
ganizational capabilities. In fact, the dimensions that fall under organiza-
tional capabilities, such as top management support, market orientation and 
analytical culture, contribute to the cluster solution the most. 

Second, it has not been empirically investigated whether firms that 
are more mature in SMI also have higher brand performance than (those of) 
the competition. Based on the cluster analysis, four clusters were found, sig-
nificantly differentiating in SMI maturity. Firms in the most mature cluster, 
perform better than the competition in terms of successful new product intro-
ductions. Thus, firms having implemented market-oriented processes in-
crease product innovativeness and new product performance, as they empha-
size greater SMI information use across multiple divisions to continuously 
meet customer needs (Kirca, Jayachandran, and Bearden 2005). 

Third, research lacks knowledge of whether the influence of SMI 
maturity on brand performance only holds true in a particular organizational 
and/or industry context (Weinberg et al. 2013). Indeed, the study reveals that 
B2C firms are more mature than B2B firms. It thereby provides theoretical 
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insights concerning another top current critical issue in marketing research, 
i.e., “how B2B and B2C firms differ in the potential to leverage social media 
for marketing and customer support” (Marketing Science Institute 2016). 
Concerning industry effects, it was found that firms in the insurance and tele-
communication industry are most mature, whereas firms in the commerce, 
chemistry/pharmaceutical/medical, and engineering industries are least ma-
ture. Moreover, firms in the most mature cluster significantly use an SMI 
tool, derive strategic implications from SMI insights, and employ more than 
four employees for the purpose of SMI, compared to firms in lower mature 
clusters. 

Many of the findings provide guidance for managers and consultants 
who are engaged in implementing SMI in firms and managing eWOM. In 
particular, firms need models to assess their path in becoming more market 
oriented (Vorhies and Morgan 2005). The illustrated multidimensional ma-
turity model thereby allows firms to perform industry-specific benchmarks 
and helps to identify gaps that are needed to fully utilize the potential of SMI. 
Firms in general mainly focus on technological and personnel elements as  
relevant SMI capabilities, and lack organizational capabilities (Kim, Shin, and 
Kwon 2012). However, the study results show that SMI organizational capa-
bilities are integral elements of SMI maturity and that these capabilities are 
least mature. Hence, German firms are still at the beginning of exploiting the 
potential of social data and should thus take their eWOM management to the 
next level by starting to integrate leveraged eWOM insights in firm processes 
to become more market oriented. Specifically, the dimensions analytical 
breadth, followed by market orientation and KPI linkage are least mature, all 
linked to interdepartmental connectedness. Firms should thus implement ef-
fective response processes that allow cross-divisional intelligence dissemina-
tion with clear role responsibilities along the entire value chain and the use of 
complementary performance KPIs to evaluate progress. As a result, the more 
individuals across divisions are directly connected, the more they are likely to 
exchange and respond to transferred intelligence (Kohli and Jaworski 1990). 
These organizational transformations might increase SMI maturity and con-
sequently enhance a firm’s overall competitive advantage concerning brand 
performance (Wamba et al. 2017). 
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Moreover, compared to less mature firms, high mature firms also 
predominantly use an SMI tool, derive strategic implications from SMI, and 
employ more SMI staff. Firms should therefore implement tools that capture 
relevant social insights and consequently use those insights in strategic deci-
sion-making. To utilize SMI’s full potential, firms must install personnel re-
sources to handle the dissemination across divisions. Furthermore, yet, B2B 
firms are less mature than B2C firms, which might result from that fact that 
B2B brands are being discussed less online. But as eWOM’s importance to-
wards product decision-making increases, firms should carefully investigate 
where their business buyers are looking for information in the future. If the 
role of eWOM would also gain relevance in a B2B context, B2B firms that 
implement SMI earlier than their competitors might benefit from it. 

It is believed that the model is sound and firmly grounded in theory 
and that it was tested with reliable survey constructs and data (Wamba et al. 
2017). Nevertheless, some limitations and unanswered questions must be ad-
dressed. First, eWOM is the input for SMI, but it does not represent all WOM 
and also not all consumers (Malthouse et al. 2013). According to Professor 
Jonah Berger from Wharton School of the University of Pennsylvania (eMar-
keter 2016c), most WOM is still happening offline. Offline conversations, how-
ever, are difficult to measure and utilize for market intelligence. Therefore, SMI 
should rather be a complementary source of online market intelligence. Given 
the aforementioned increase of eWOM’s influence on consumers’ decision-
making process, eWOM as a source for market orientation is expected to be-
come more and more important in the future. Future research could extend the 
model by combining market orientation input sources from SMI and offline 
market intelligence (e.g., consumer feedback from call centers, NPS, and in-
store sales person and consumer interaction) and test their individual effects on 
brand performance metrics (e.g., growth, turnover, market share, etc.). Second, 
it must be clarified that SMI is not the only driver of brand performance, hence 
the relatively low performance differences across clusters. SMI’s impact was 
also found to be more closely related to product innovation performance than 
to overall financial performance metrics. Hence, firms can use SMI as relevant 
performance metrics to access reactions to active firm engagement and to as-
sess social media marketing activities but less as a direct indicator for sales or 
stock returns (Homburg, Ehm, and Artz 2015). Third, the study was conducted 
in a very specific domain of market intelligence and in a particular social media 
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context. Replications of the derived conceptual model in other contexts would 
increase the generalizability (Wamba et al. 2017). Fourth, with our cluster ana-
lysis, we are the first to provide insights into the measurement of SMI maturity 
and we show that brand performance differs depending on the level of maturity. 
However, due to the relatively low number of observations and highly corre-
lated SMI dimensions, we were not able to calculate causal relationships be-
tween SMI dimensions and performance metrics. Future research should 
amend our model and increase the sample size to be able to test causal relation-
ships. Fifth, the study included subjective perceptual performance measures 
relative to competition to assess whether more mature firms are also more suc-
cessful. External objective measures might present a more realistic picture of 
SMI’s impact on brand performance. Sixth, although several industry-specific 
variables were included, the impact of SMI on brand performance might likely 
be moderated by further factors such as competition intensity, market dynam-
ics, and the prevalence of SMI use within the industry (Germann, Lilien, and 
Rangaswamy 2013).



6 General Discussion 

The emergence of electronic word-of-mouth (eWOM) has a fundamental in-
fluence on both consumers and firms. As a consumer, eWOM changes how 
we search for information, how we shop and how we interact with firms 
(King, Racherla, and Bush 2014). They can either share their purchase expe-
riences (e.g., a restaurant visit, or a digital camera) and therefore potentially 
influence others, or consume eWOM, and thus be potentially influenced by 
others. Nevertheless, eWOM can influence each consumers’ path to purchase 
individually, as consumers pursue heterogeneous information search strate-
gies, consuming firm- and consumer-initiated product information differ-
ently (Ratchford 2015). Yet, empirical evidence on consumers’ individual 
online search and decision-making strategies, or more precisely, how con-
sumers consume eWOM, is scarce (Ratchford 2015). 

As a firm, the uncontrollable influence of eWOM dramatically chal-
lenges how brands are managed. Since consumers become both important pub-
lishers and consumers of stories around firms’ brands and products (Gensler et 
al. 2013), firms should measure eWOM to know what consumers say about 
their brands. With this generated intelligence, firms can enrich managerial de-
cision-making (Lee and BradLow 2011; Peters et al. 2013) and improve firm 
productivity along the value chain (Chui et al. 2012). However, research lacks 
knowledge into the development of such measure, considering multiple 
eWOM platforms and platform heterogeneity (King, Racherla, and Bush 2014; 
Schweidel and Moe 2014), competitive effects (Babić et al. 2016), and quali-
tative aspects of eWOM (Mudambi and Schuff 2010). Besides eWOM mea-
surement, firms should manage eWOM and disseminate that intelligence 
throughout the firm (Moe and Schweidel 2014) to increase brand performance 
(Homburg, Ehm, and Artz 2015). However, firms need broader organizational 
changes towards an analytical culture, skilled employees, operational excel-
lence as well as data-driven structures, processes, leadership, and trainings 
(Weinberg et al. 2013). Yet, empirical research is missing, which firm pro-
cesses need to be established to disseminate SMI cross-functionally (Leeflang 
et al. 2014; Peters et al. 2013; Weinberg et al. 2013) and whether firms that are 
better in managing eWOM also have higher brand performance (Babić et al. 
2016; Corstjens and Umblijs 2012; King, Racherla, and Bush 2014). Therefore, 
this dissertation is aimed at providing novel insights into the impact of eWOM 
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on both consumers and firms, and how firms can benefit from using our find-
ings in their daily business. 

The flow of this final dissertation chapter is as follows: First, we will 
summarize our major contributions and elaborate on the links between the 
chapters. Next, we will provide an overview of our major research findings 
of each of the studies. Finally, we will critically reflect these findings and 
discuss an outlook for future research. 

6.1. Contributions and Links Between Chapters 

Figure 6-1 provides a visual overview of the dissertation chapters, how they 
are linked, and how eWOM impacts both consumers and firms. 
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Figure 6-1:  Outline of dissertation 

We started with an extensive literature review on eWOM in chapter 2, 
with a predominant focus on the outcomes of published eWOM meta-analyses. 
In addition, we complemented those findings with theoretical foundations and 
definitions, an elaboration concerning the measurement and management of 
eWOM, followed by the impact of eWOM on consumers’ decision-making 
and brand performance. Finally, we concluded the literature review chapter 
with a summary of major identified research gaps for each subsequent study. 
We addressed these research gaps in three studies, examining the impact of 
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eWOM from different perspectives (consumers and firms), one conceptually 
and two empirically with unique datasets. 

In study 1, we give answers to the research question: What are con-
sumers’ most common decision-making strategies based on eWOM and 
product information? We thereby make contributions to research as we pro-
vide empirical insights into consumers’ information search behavior based 
on unique behavioral eye-tracking data with 95 participants in a real-life ex-
periment setting. Using eye-tracking technology in information research is 
rare and with a sample size of 95 we are above average. Furthermore, we 
include different decision-making stages, both qualitative review and product 
information, and attach numerous consumer psychographics, thereby con-
tributing to current research. 

Knowing which decision-making strategies consumers pursue online 
is important for firms if they want to measure eWOM. This is the focus of study 
2, where we conceptually answer the research question: How can firms mea-
sure eWOM to generate market insights? In study 1, we learned that textual 
eWOM elements play an important role in consumers’ decision-making strat-
egies, hence, it should be considered in eWOM measurement tools. We thereby 
contribute to current research since most studies focus nearly exclusively on 
quantitative elements of eWOM. Moreover, we do not reduce eWOM meas-
urement to specific platforms, consider platform heterogeneity, and include 
competitive effects, which most research studies lack. 

In study 3, we build up on study 2 and focus on, How can firms manage 
eWOM to gain competitive advantage? Firms have built up competences in 
measuring eWOM but lack guidance on how to utilize and disseminate SMI 
throughout the entire firm to enhance market-oriented processes. Thereby, we 
contribute to current research, as we developed a multidimensional SMI ma-
turity model, providing insights into the identification of multidimensional fac-
tors firms need to consider when maturing in SMI, to respond to market changes 
and consumer needs. We are the first to test such model by means of a unique 
firm survey dataset with 153 participants resulting from a German-wide indus-
try study. Eventually, we investigate whether more mature firms in SMI also 
have higher brand performance. 
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6.2. Summary of Dissertation Projects 

6.2.1. Segmenting Consumer’s Decision-Making Strategies 
Based on eWOM and Product Information 

eWOM increasingly influences consumer decision-making processes. Thus, 
understanding consumers’ online shopping paths has aroused great interest, 
as this is important for both e-retailers (i.e., shop layout optimization) as well 
as for companies selling online (i.e., marketing communications and product 
information placement). Yet, empirical evidence on consumers’ individual 
online search and decision-making strategies, or more precisely, how con-
sumers consume eWOM is scarce. The aim of this study is to investigate 
which product and review-specific information is being looked at by con-
sumers when shopping online, using eye-tracking technology. In an experi-
ment, we asked the participants to purchase a digital compact camera on   
Amazon, having access to the actual real-life product sites on amazon.com. 
Our aggregated results show that the choice set formation requires more 
search intensity than the final choice. E-retailers should visualize most help-
ful positive reviews from the beginning of a product search. In case a con-
sumer is about to purchase, key product specifications, bestseller information 
and price are very important and should be highlighted. In addition, this in-
formation should be highlighted in, e.g., mouse navigation-based pop up 
screens, to increase consumer learning and consequently sales. Following the 
individual level results, in the choice set formation stage, we found three 
strategies: 1) eWOM and product description text readers, 2) specification 
skimmers, and 3) design-oriented consumers. Finally, in the choice stage, we 
distinguish among four clusters: 1) most helpful review readers, 2) focused 
most helpful review readers, 3) design-oriented specification skimmers, and 
4) product heading-focused consumers. When identifying a certain cluster 
based on navigation behavior, e-retailers could extend their recommender 
system to ‘next recommended review to read’. Contradicting to our proposi-
tions, in both stages, most consumer characteristics do not describe strat-
egies. Consumers seem to have similar search strategies irrespective of pro-
duct-specific and personality-specific psychographics, thus, e-retailers can 
identify search strategies based on click behavior. 
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6.2.2. Development of an Electronic Word-of-Mouth 
Measurement Tool 

eWOM has enabled consumers to become much more active in influencing 
and altering the nature of brand conversations. Firms should thus measure 
and act on what is said about their brands and products and may benefit from 
integrating eWOM to ensure a brand’s success in the marketplace. However, 
most organizations struggle to get the consumer insights they need due to a 
lack of suitable approaches. Besides, existing academic marketing work has 
only partly met relevant measurement criteria needed to build such a tool. 
Therefore, we aimed at proposing the conceptualization of an eWOM mea-
surement tool that captures textual (valence) and numerical (volume) ele-
ments of eWOM across multiple eWOM platforms. In addition, it considers 
venue importance and provides actionable insights compared to key compe-
titors. The process of our measurement system, how it mimics consumers’ 
information search strategies, has been extensively outlined and grounded in 
the information processing theory. Moreover, we explained the algorithm of 
how brand sentiment is calculated, step by step. Managers can use it as a 
guideline when developing such measure for their own purposes. Further-
more, we provide practical examples of how our tool can influence various 
organizational areas with respect to cultural, strategic and operational, inno-
vative and implementable, and financial aspects. 

6.2.3. Social Media Intelligence – Implications for Firms in 
Managing Electronic Word-of-Mouth 

The role that eWOM plays in managing brands is one of the most prevailing 
challenges firms currently perceive. However, firms can also benefit from 
eWOM by collecting richer information about markets and consumers and 
become more market oriented overall. To utilize SMI effectively, collabora-
tion across departments, information dissemination, and responsive market 
engagement are essential. Yet, consensus is to be found on organizational 
areas such as resource allocation, governance, and changes regarding struc-
tures, processes, leadership, skill development, and culture, to disseminate 
SMI throughout the entire firm. Therefore, the aim of this study is to measure 
the SMI maturity of German firms by means of a multidimensional model 
and to empirically investigate whether higher maturity leads to higher brand 
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performance. We segmented firms based on their SMI maturity and described 
those segments with firm- and industry-specific characteristics. As a result 
of an extensive literature review and field interviews, we developed a multi-
dimensional maturity model, which we derived from the resource-based 
view, dynamic capabilities theory, and the concept of market orientation. It 
includes the following dimensions: 1) SMI technological capabilities, such 
as analytical depth (quantitative vs. qualitative eWOM metrics), analytical 
quality (reliable and timely), and social channel activity (online brand show-
case), 2) SMI personnel capabilities, such as analytical skills (SMI experi-
ence) and 3) SMI organizational capabilities, such as analytical breadth 
(across multiple departments), analytical culture (fact-based decision-mak-
ing), top management support (C-level buy-in), market orientation (respon-
sive processes and intelligence dissemination), roadmap agenda (strategic 
SMI process), and KPI linkage (matching SMI with firm KPIs). Our results 
show that overall, German firms are still at the beginning of exploiting the 
potential of social data. Firms have built up medium mature SMI personnel 
capabilities but lack maturity in SMI technological and especially organiza-
tional capabilities. B2C firms (vs. B2B) in the insurance and telecommuni-
cation industry are more mature than firms in other industries. Overall, we 
found four clusters, varying in SMI maturity. Firms in the most mature clus-
ter perform better than the competition in terms of successful new product 
introductions. Compared to less mature clusters, they also predominantly use 
an SMI tool, derive strategic implications from SMI, employ more SMI staff, 
and are more B2C-oriented. 

6.3. Summary of Research Gaps, Major Results, 
and Managerial Implications 

As a final summary on the three dissertation projects, the following (Table 6-1) 
provides an overview of each research question’s gaps, major results, and re-
spective managerial implications.



 

Research questions Identified research gaps Main results Managerial implications 

1) What are con-
sumers’ most 
common deci-
sion-making 
strategies based 
on eWOM and 
product infor-
mation? 

Overall, research lacks 
knowledge of how con-
sumers consume and pro-
cess eWOM during the 
decision-making process, 
especially regarding: 
 qualitative aspects of 

eWOM 
 consumers’ individual 

information search 
strategies using actual 
accessed information 

 differences between 
decision stages 

 influence of con-
sumer-specific  
psychographics 

 Compared to final choice, the 
choice set formation requires more 
search intensity and positive most 
helpful review content is more im-
portant. 
o We found three clusters:  

1) eWOM and product descrip-
tion text readers,  
2) specification skimmers, and  
3) design-oriented consumers. 

 In the choice stage, product specifi-
cations, bestseller, and price infor-
mation are more important. 
o We found four clusters:  

1) most helpful review readers, 
2) focused most helpful review 
readers, 3) design-oriented speci-
fication skimmers, and 4) prod-
uct heading-focused consumers. 

 Most psychographics do not de-
scribe search strategy. 

 Most helpful positive reviews 
should be shown from the beginning 
of a product search. 

 In case a consumer is about to pur-
chase, key product specifications, 
bestseller information and price are 
very important and should be high-
lighted. 

 E-retailers can identify strategies 
based on click behavior and should 
highlight prioritized information ac-
cording to each strategy in, e.g., 
mouse navigation-based pop up 
screens, and extend their recom-
mender system to ‘next recom-
mended review to read’. 

 Based on the early-stage exploita-
tion of heterogeneity in search pre-
ferences, e-retailers could improve 
individual targeting and cross-sell-
ing of higher valued products. 

  



 

Research questions Identified research gaps Main results Managerial implications 

2) How can firms 
measure eWOM 
to generate mar-
ket insights? 

Overall, research lacks a 
generalizable eWOM 
measurement that: 
 considers multiple 

eWOM platforms 
and controls for plat-
form importance  

 evaluates relative to 
competition 

 is easily implement-
able  

 considers qualitative 
aspects of eWOM  

 includes various me-
tric level information 

 Managers can break it down to an 
aggregated sentiment score as well 
as insightful individual compo-
nents (e.g., volume, recommenda-
tions, venue coverage and impor-
tance, and consumer trends/topics). 

 One-period lagged sentiment posi-
tively correlates with sales. 

 Managers, who want to develop 
eWOM measures for their own pur-
poses, can use our conceptualization 
as a guideline. 

 Our measure can influence cultural, 
strategic and operational, innovative, 
and financial organizational aspects. 

 The measure can be used by mana-
gers to identify the potential of link-
ing brand sentiment to firm perfor-
mance. 

 The tool assists firms in monitoring 
their own and competitive online 
brand performance and using it for 
strategic customer-centric decision-
making. 

  



 

Research questions Identified research gaps Main results Managerial implications 

3) How can firms 
manage eWOM 
to gain competi-
tive advantage? 

Overall, research lacks 
understanding of how to 
manage eWOM in terms 
of:  
 establishing firm pro-

cesses to disseminate 
SMI cross-function-
ally 

 which transformative 
dimensions require 
most priority to in-
crease firm perfor-
mance 

 the effect of overall 
higher SMI maturity 
on brand perfor-
mance 

 B2C firms (vs. B2B) in the insur-
ance and telecommunication indus-
try are more mature. 

 Four clusters were found that differ 
in SMI maturity. The most mature 
cluster has more successful new 
product introductions than the 
competition. 

 Overall, firms are predominantly 
low mature, mostly lacking in or-
ganizational capabilities. 

 Top management support, fol-
lowed by market orientation and 
analytical culture contribute to the 
cluster solution the most. 

 Our multidimensional maturity 
model allows firms to perform indus-
try-specific benchmarks and helps to 
identify gaps that are needed to fully 
utilize the potential of SMI. 

 German firms should take their SMI 
to the next level by starting to inte-
grate leveraged eWOM insights in 
firm processes to become more mar-
ket oriented. 

 Managers should implement effec-
tive response processes that allow 
cross-divisional intelligence dissemi-
nation with clear role responsibilities 
along the entire value chain. 

 Firms should implement tools that cap-
ture relevant eWOM and consequently 
use the insights for decision-making. 

 To utilize SMI’s full potential, firms 
should install analytical staff to handle 
the dissemination across divisions. 

Table 6-1: Summary of Research Gaps, Major Results, and Managerial Implications



The Impact of Electronic Word-of-Mouth on Consumers and Firms 193 

6.4. Outlook to the Future 

This dissertation provided research insights into the impact of eWOM on 
consumers and firms. Following an extensive literature review, we conducted 
three studies to shed light on both the consumer and firm perspective. Yet, 
numerous research gaps still exist, which we will highlight in the following 
section. 

On the consumer side, in a pre-study, we did not find search- and 
experience goods to have a different influence on eWOM usage and thus did 
not consider it in our eye-tracking experiment. However, we do not know 
whether our findings also hold true for other product categories (e.g., non-
durable goods, or hedonic vs. utilitarian goods). Furthermore, we used Ama-
zon for our real-life experiment setup since it is one of the most frequently 
used online shops in Germany. What we still do not know is what kind of 
information sources consumers gather in addition to browsing through Ama-
zon. Although highly challenging in eye-tracking setups, it would be very in-
teresting for managers to know, what consumers’ entire purchase funnel 
would look like, including both offline and online sources. Moreover, in what 
sequence are information sources looked at? How can managers combine in-
sights from consumer behavior research (e.g., our eye-tracking study) with 
actual online browsing data to complete consumers’ decision-making pro-
cess? How can managers identify consumers’ decision stages as they navigate 
through online shops, in order for e-retailers to be able to present the right 
information according to each stage? 

On the firm’s side, in chapter 4, questions remain unanswered with 
respect to the measurement of eWOM. We provided conceptual guidelines 
and potential for managerial implications of brand sentiment measure but did 
not manage to validate its impact on brand performance yet. Although we 
found a significant positive correlation between overall brand sentiment and 
sales, it is not very meaningful yet due to limited observations for both brand 
sentiment and performance data. Once the necessary data are available, it 
would be interesting to find out if our brand sentiment measure is able to 
predict sales. Moreover, future research could investigate how numerical val-
ues, extracted from publicly available data (e.g., review ratings), can be inte-
grated in the algorithm and how it should be weighted compared to brand 
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sentiment extracted from textual elements. Finally, consumers increasingly 
share their experiences about brands online in formats other than text. How 
can we extract insights from eWOM captured in images or videos and inte-
grate that unstructured data in eWOM measurement systems? 

Furthermore, in chapter 5, we believe that our multidimensional SMI 
maturity model is sound and firmly grounded in theory and tested with reli-
able survey constructs and data. Nevertheless, due to the relatively low num-
ber of observations and highly correlated SMI dimensions, we were not able 
to calculate causal relationships between SMI dimensions and performance 
metrics. Future research should amend our model and increase the sample 
size to be able to test causal relationships. Then, managers would know 
which dimensions are most important to address. Moreover, we know that 
eWOM is not the only source for intelligence generation for firms that want 
to become more market oriented. How can firms combine insights from SMI 
with offline market intelligence (e.g., consumer feedback from call centers, 
NPS, and instore sales person and consumer interaction) and test their indi-
vidual effects on brand performance metrics (e.g., growth, turnover, market 
share, etc.)? Which performance metrics should firms use when evaluating 
their SMI engagement? We also found that B2B firms still have not utilized 
SMI’s potential to becoming more market oriented. How can we measure 
that firms operating in markets with less brand talk and consumer contact can 
also benefit from maturing in SMI? Does the impact of SMI on brand perfor-
mance also depend on factors such as competition intensity, market dyna-
mics, and the prevalence of SMI use within the industry?



7 Appendix 

Appendix A: Pre-studies on product differences (experience goods vs. 
search goods) 

In section 2.5, various product types were outlined, which, according to de Matos 
and Rossi (2008), Babić et al. (2016), Floyd et al. (2014), Purnawirawan et al. 
(2015), and You et al. (2015), were found to moderate the effect of eWOM. Dif-
ferences between experience goods vs. search goods – where the influence of 
review valence and volume was stronger for experience goods than for search 
goods (Purnawirawan et al. 2015; You, Vadakkepatt, and Joshi 2015) – were 
used most frequently in eWOM literature (e.g., Jiménez and Mendoza 2013; Pan 
and Chiou 2011; Purnawirawan et al. 2015). However, the line between the two 
types is not black nor white, since most goods involve bundles of both search- 
and experience attributes (Alba et al. 1997; Lynch and Ariely 2000). In fact, 
eWOM is likely to change the traditional classification, since consumers can ‘ex-
perience’ products before purchase by reading countless product reviews, which 
strongly influences the classification of experience goods (Klein 1998). 

As mentioned in the aforementioned research gaps, besides common 
quantitative review elements, such as valence, volume, and variance, most 
eWOM studies did not consider textual aspects of reviews. Since it is con-
sidered one of the core contributions of this study, textual eWOM elements 
will be included in pre-study 1 relative to quantitative eWOM elements. 
Overall, the purpose of pre-study 1 is to find out if consumers’ information 
search strategies differ between experience goods vs. search goods. In pre-
study 2, it will be tested whether eWOM has an influence on Nelson's (1970) 
original classification of experience goods and search goods. 

Pre-study 1 

The aim of this pre-study is to investigate whether consumers can be 
segmented based on the importance they attach towards review elements of 
valence, volume, variance, and text, and whether the results differ between 
experience goods and search goods (see Figure A-1). A cluster analysis based 
on online-survey data will be performed to empirically test information 
search strategies and product differences. 
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Figure A-1: Conceptual framework pre-study 1 

After having reviewed product type usage in recent eWOM litera-
ture, the products for the manipulation were chosen based on the following 
conditions: 1) sold on Amazon (for identical review information), 2) falling 
into the same price range between 90 to 100 euro (to eliminate price effects), 
3) considered as unisex, and 4) familiar (to prevent gender and expertise ef-
fects). In a preceding pre-test with 30 respondents, the products were tested 
regarding suitability for the cluster analysis. For search goods, a compact 
camera was chosen, as it is one of the most frequently analyzed search goods 
in eWOM literature, accurately fulfilling the criteria of Nelson (1970). Also, 
the complexity of product attributes suggests that consumers will involve re-
view information in their decision-making (Park, Lee, and Han 2007). For 
experience goods, several examples from literature (e.g., movies, hotels, 
CDs) did not meet the aforementioned criteria. Hence, the choice was nar-
rowed down to a wristwatch, perfume (Park and Park 2013), and sport shoes 
(Huang et al. 2013), which were classified as experience goods in the litera-
ture and meet the criteria in terms of Amazon availability, price range, unisex 
use, and familiarity. In the pre-test, next to a gender question, product-related 
covariates (involvement, perceived risk, and knowledge) were asked to ensure 

Strategy to select information  
from product reviews 

Search 
goods 

Experience 
goods 

Importance of product  
review elements 

- Valence 
- Volume 
- Variance 
- Text 
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comparability of products. For manipulation check purposes – finding out 
whether participants classify the products according to the predefined type – 
the scales of Park and Park (2013) and Bae and Lee (2011) concerning the 
variable perceived product type were used. Since the original items from Park 
and Park (2013) aim at testing whether the products are perceived as experi-
ence goods, the item values were reversed into search good items. Hence, 
construct values for perceived product type higher than four mean that the 
product is perceived as a search good item. The operationalization of used 
constructs is listed in Table A-1. Concerning construct reliability, all scales 
exceed the critical threshold of .7. Hence, summated scales were computed 
for each construct (Hair et al. 2010). Paired sample t-tests were conducted, 
confirming that the compact camera, having the highest mean of the variable 
perceived product type (M=4.64, SD=.98), is perceived as a search good 
item. It is not significantly different from the wristwatch (t=.320, p=.751), 
which was surprisingly perceived as a search good item, too (M=4.56, 
SD=1.12). As expected, the perfume was perceived as an experience good 
item (M=1.78, SD=.611) and significantly differs from the compact camera 
(t=13.310, p=.000). The sport shoes obtained a medium mean (M=4.03, 
SD=1.17) and are significantly different from the compact camera (t=2.100, 
p=.045). Concerning the product-related variables, three things can be sum-
marized. First, perceived risk is higher for perfume, which can be explained 
by the characteristics of an experience good item (Zhu and Zhang 2010). 
Second, product knowledge was found to be higher for sport shoes compared 
to the compact camera, which may be attributed to the much higher product 
complexity of technical products (Sethuraman and Tellis 1991). Third, the 
wristwatch is different compared to all other products, except for the involve-
ment level, which is not significantly different from the compact camera. 
Considering that the wristwatch was also perceived as a search good item, in 
contrast to research findings, it will be removed for further analysis. 

 



 

Construct Source Items 

Perceived 
product type 

(Park and Park 2013) It was difficult to evaluate the target product prior usage experience.a 
Product description provided insufficient information for evaluating the target product.a 

It was difficult to predict the performance of the target product.a 
  (Bae and Lee 2011) Do you think you can get enough information about the dominant attributes of this product 

before purchasing? 

  Do you think that online information search gives sufficient information for you to evalu-
ate this product before purchasing? 

Product in-
volvement 

(Schneider and Rodgers 
1996) 

I attach great importance to selecting this product. 
Choosing this product takes a lot of careful thought. 
Decisions about selecting this product are serious, important decisions.  

  (Zaichkowsky 1985) I would be interested in reading information about how the product is made. 

Perceived 
(financial) 
risk  

(Biswas and Biswas 2004) How risky (financially) do you feel it would be to purchase this new product from this seller? 

  Given the expense involved with purchasing this dress shirt, how much is the risk involved 
in purchasing this product from X online? 

  Considering the amount of money associated with purchasing this new product from this 
seller, how risky is the purchase? 

    
How much financial risk is involved while purchasing this product from this seller? 

  



 

Construct Source Items 

Product 
knowledge 

(Smith and Park 1992) I feel very knowledgeable about this product.  

If I had to purchase this product today, I would need to gather very little information in or-
der to make a wise decision. 

I feel very confident about my ability to tell the difference in quality among different 
brands of this product. 

(Chang 2004) I usually pay a lot of attention to information about this product. 

Note: All items were measured on seven-point Likert scales, ranging from (1) strongly disagree to (7) strongly agree, or (1) not much 
to (7) very much. 
a= item values were reversed into search good items, since the original items aim at testing whether the product is perceived 

as an experience good item. 

Table A-1: Operationalization of constructs (pre-test of pre-study 1)
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The pre-study is set up as follows: A between-subjects design was 
chosen with three different product scenarios (as determined in the pre-test) to 
which participants were randomly assigned to guarantee even distribution and 
internal validity (Iacobucci and Churchill 2010). Concerning the scenarios: Re-
spondents were asked to imagine that they are on vacation and realize that they 
forgot about their aunt’s fiftieth birthday, which will be a few days after their 
return. They were further told that they suspect that their aunt would appreciate 
a compact camera (or perfume) as a birthday present, but they did not know 
which exact product. As on-time arrival of the present is essential, respondents 
were asked to imagine visiting the Amazon website, and having to choose from 
ten pre-selected products (similar in price, functionality, and size). The sce-
nario for the sport shoes differed in a way that respondents had to imagine 
needing new ones for a relay, which takes place shortly after arrival. With re-
gard to the importance measurement of review elements, constant sum scaling 
was chosen. It comprises the latitude respondents receive and the high be-
tween-group differentiation (Chrzan and Golovashkina 2006) and can be 
treated as metric (Green 1984), specifically suiting this research setting. To 
sample the importance of the review elements, a survey was established in-
cluding three purchase scenarios, manipulation checks (see Table A-1 for per-
ceived product type), and psychographic as well as demographic covariates. 
The covariates will not be discussed further, since they are not relevant consi-
dering the main aim of finding out whether the results differ between search- 
and experience goods. 

Overall, 323 out of 448 respondents completed the survey (dropout 
rate of 27.9%). 15 respondents were excluded, since they did not comply with 
the following criteria: 1) online purchase experience (Schlosser, White, and 
Lloyd 2006), and 2) minimum and maximum duration for completion (Hair 
et al. 2010). Hence, the final sample consisted of 308 respondents with ap-
proximately equal group sizes (compact camera=100, perfume=114, sport 
shoes=94). For the nominal covariates, chi-square tests were performed, and 
for the metric variables, ANOVAs were run. The demographic covariates did 
not exhibit significant differences between the groups. Furthermore, the 
products were chosen with only minimal differences regarding product in-
volvement and perceived risk. Also, the manipulation based on perceived 
product type worked well and confirmed the results from the pre-test. Hence, 
overall, the effect of the product types can be exposed in the cluster analysis. 
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Finally, a hierarchical cluster analysis was performed to propose a con-
sumer segmentation based on the importance respondents attribute to the diffe-
rent review elements and to find out whether importance differs between prod-
uct types. First, the single-linkage algorithm using Euclidean distance measure 
was applied for outlier detection (Backhaus et al. 2006). However, elimination 
of observations was not necessary. Nevertheless, extreme response behavior 
might also represent under-sampled target groups and should not be extin-
guished (Hair et al. 2010). Subsequently, Ward’s method was conducted (using 
squared Euclidean distance measure) to define the number of clusters, as it was 
found to be suitable for the identification of the veritable underlying groups 
(Backhaus et al. 2006). According to the agglomeration schedule, a substantial 
increase in sum of squares can be observed in the stage from a four- to a three-
cluster solution. Also, based on the percental change in heterogeneity in sum of 
squares, the first substantial change occurred between four and three clusters. 
Therefore, a four-cluster solution is appropriate. In the next step, the portioning 
procedure k-means was used to define the final assignment of observations 
to the four clusters. It iteratively reassigns observations to the clusters until 
maximum homogeneity within the clusters is achieved (Hair et al. 2010). 

The sizes of the clusters are as follows: cluster 1=121, cluster 2=35, 
cluster 3=81, cluster 4=71. In Table A-2, the means of review elements per 
cluster are shown. The significant F-values indicate that the cluster solution 
exhibits significant distinctive characteristics differentiating the clusters. Re-
spondents in cluster 1 are clearly focusing on the valence of reviews, unlike 
cluster 2, which is significantly volume driven. Respondents assigned to clus-
ter 3 set their focus on the share of positive vs. negative reviews and thus 
concentrate on the variance. Respondents in cluster 4 are text-focused and 
find it important to read the review text for product decision-making. Con-
cerning the product type differences across clusters, a chi-square test showed 
that there is no significant difference for the manipulation-group membership 
in the clusters. Hence, the importance of review elements does not change 
for experience goods vs. search goods. It seems that the identified infor-
mation search strategies are not specific to a particular product category. 
Consumers seem to rely on eWOM irrespective of the product they want to 
buy, since eWOM has gained much importance for decision-making (Weber 
and Shandwick 2012; You, Vadakkepatt, and Joshi 2015). 
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Review elements Cluster 1 Cluster 2 Cluster 3 Cluster 4 F-value Sig. 

Valence 46.60 24.37 22.51 18.70 164.603 .000 

Volume 19.22 47.74 21.67 15.72 102.293 .000 

Variance 13.52 12.37 31.94 13.46 87.811 .000 

Text 20.65 15.51 23.89 52.11 201.143 .000 

Table A-2: Means of a four-cluster solution (pre-study 1) 

Pre-study 2 

Compared to experience goods, acquiring information about search 
goods is easier concerning the balance between the cost and utility of search 
(Klein 1998). However, eWOM can have a significant influence on the in-
formation acquisition of experience goods, which could potentially lead to a 
change of the product classification proposed by Nelson (1970) (see Table 
A-3). One of the more recent classifications is from Weathers and Makienko 
(2006), in which a few products were already reclassified due to eWOM in-
fluences. Since Nelson’s (1970) classification is the most cited one, it will 
also be the focus in this pre-study. Therefore, the purpose of pre-study 2 is to 
investigate whether consumers still perceive experience goods vs. search 
goods they were originally classified and how that result can be explained by 
the influence of eWOM. T-tests and correlations based on online-survey data 
will be performed to empirically test the proposition. 

Search goods Experience goods 

Clothing Wristwatch 

Camera Car 

Furniture Book 

Jewelry TV 

Shoes Body-care products 

Sport equipment Music instruments 

 Perfume 

 Wine 

Table A-3: Original classification of experience goods and search goods 

Source: Adapted from Nelson (1970) 
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24 products were selected for the data acquisition through an online 
survey, which are going to be classified. The products were selected twofold: 
1) from Nelson’s (1970) original classification table, and 2) the list was com-
plemented with products most frequently sold online25 to ensure the rele-
vance of the online context. Six heterogeneous groups with four products 
each were formed to which respondents were randomly assigned to guarantee 
even distribution and internal validity (Iacobucci and Churchill 2010). Each 
respondent answered the survey for one group to reduce time and effort per 
survey and therefore the overall number of respondents. To classify products, 
subjective self-assessment criteria were used following the approach from 
Nelson (1970) and succeeding research studies (e.g., Klein 1998). Therefore, 
the construct perceived product type from Bae and Lee (2011) and Park and 
Park (2013) (see Table A-1) was used. After recoding, construct values for 
perceived product type higher than four mean that the product is perceived 
as a search good item. For classification procedures, a one-sample t-test was 
performed with the test value ‘4’, since that value constitutes indifference for 
either experience goods or search goods. Hence, a distinct product classifi-
cation could be achieved if the mean for perceived product type significantly 
differed (p<.05), such that products with a test value above four were classi-
fied as search goods, and products with a test value below four as experience 
goods. In addition to perceived product type, respondents were asked about 
the perceived helpfulness of different information channels (‘How helpful 
are the following information sources when searching for product infor-
mation?’ A 0-10 point scale was used, ranging from 0=not helpful at all to 
10=extremely helpful). Furthermore, the constructs search skill (‘I am ex-
tremely experienced in searching for information online’ on a 1-7 Likert 
scale, with 1=totally disagree and 7=totally agree) from Mathwick and 
Rigdon (2004) and product knowledge from Smith and Park (1992) and 
Chang (2004) (see Table A-1) were used to test whether differences in clas-
sifications can be explained by search and/or product acquaintance. Concern-
ing construct reliability, the scales for both perceived product type and pro-
duct knowledge exceed the critical threshold of .7. Hence, summated scales 
were computed for each construct (Hair et al. 2010). 

                                                        
25  According to the Statistic Brain Research Institute (2015). 
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Overall, 736 respondents completed the survey with 121 to 124 re-
spondents per product group. 16 out of 24 products differ significantly from 
the indifferent value of four and can be classified as either experience goods or 
search goods (see Table A-4). Eight products were classified differently com-
pared to Nelson (1970). Product knowledge and perceived product type are 
correlated significantly positive with a medium effect26 based on the Pearson 
correlation coefficient for laptops, perfume, smartphones, software, sport 
equipment, shoes, and video games. Hence, the more knowledge consumers 
have of those products, the more they perceive them as search goods. Con-
cerning search skill and perceived product type, only video games and wash-
ing machines are correlated significantly positive with a medium effect. 
Klein's (1998) theory concerning the influence of eWOM on perceived pro-
duct type is clearly confirmed with respect to wristwatches, laptops, films, 
and music albums. These products were reclassified from experience goods 
to search goods compared to both Nelson (1970) and Weathers and Makienko 
(2006). It could be attributed to the fact that those products have sufficient 
digitizable attributes, which enable indirect online experiences such as audio 
samples or movie trailers (Nakayama, Sutcliffe, and Wan 2010). Wrist-
watches and laptops are highly functional in nature and are mainly character-
rized by objective, easily comparable characteristics that are possible to eva-
luate before purchase (Girard and Dion 2010). For cars, music instruments, 
body-care products, perfume, and wine, the classification has not changed. It 
is obvious that for these experience goods a direct experience before purchase 
is not possible (Girard and Dion 2010). Overall, the increased classification 
from experience goods into search goods can be explained by the simplified 
access to product information through eWOM and augmented digitizable 
product attributes (Nakayama, Sutcliffe, and Wan 2010). Thus, the reclassi-
fication from experience goods to search goods depends on the type of experi-
ence goods concerning the digitalization of attributes, effort of information 
search, and sensual character (Phau and Meng Poon 2000). 

  

                                                        
26  According to Cohen (1992) the effect of the Pearson correlation coefficient is small~0.1, 

medium~0.3, and large~0.5.  
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Search goods Mean SD Experience goods Mean SD 

Booka,b 4.67* 1.51 Perfumea 2.58* 1.11 

Wristwatcha,b,c 4.47* 1.28 Winea 2.73* 0.98 

Office supplies 4.36* 1.16 Music instrumentsa 3.18* 0.93 

Cameraa 4.36* 1.36 Body-care productsa 3.27* 0.99 

Music albumc 4.29* 1.42 Cara 3.29* 1.14 

Filmc 4.26* 1.22 Clothinga,b 3.50* 1.07 

Laptopc 4.25* 1.26 Jewelrya,b 3.63* 1.08 

Smartphone 4.14 1.12 Furniturea,b 3.71* 1.14 

Flowers 4.14 1.54 Shoesa,b 3.74* 1.12 

Software 4.13 1.16 Sport equipmenta,b 3.87 1.03 

TVa,b 4.07 1.15 Video games 3.89 1.30 

Printer 4.03 1.21       

Washing machinea 4.03 1.15       

Note: *= significantly different from neutral value ‘4’ (α= 0.05) 
 a= identically classified as Nelson's (1970) 
 b= reclassified compared to Nelson (1970) 
 c= reclassified compared to (Weathers and Makienko 2006) 

Table A-4: Re-classification of experience goods vs. search goods (pre-study 2) 

Participants rated expert reviews and customer reviews as well as 
offline sources such as social contact and salesperson contact as most helpful 
product information sources across all products, except for films and music 
albums (as shown in Table A-5). Films and music albums rather seem to be 
researched on social networks and photo/video platforms. 

 



 

Classification Social  
networks 

Blogs/ 
Micro-

blogs 

Photo/ 
Video  

platforms 

Expert  
reviews 

Customer 
reviews 

Firm  
websites 

Social 
contacts 

Salesperson 
contact 

Search goods 

Wristwatch 2.25 2.51 3.55 7.86 7.93 5.98 7.56 6.26 

Book 3.46 2.80 2.59 6.60 8.08 3.33 8.23 6.10 

Office supplies 1.60 1.55 1.76 6.06 7.11 4.93 5.41 5.06 

Film 5.63 3.39 6.60 4.85 6.59 2.52 8.26 3.21 

Camera 2.12 3.03 4.35 8.78 8.50 5.80 7.14 6.72 

Laptop 2.04 2.61 3.17 8.64 7.98 5.73 7.50 5.95 
Music album 5.90 3.73 7.32 3.27 4.94 2.62 7.39 2.94 

Experience goods 

Car 2.09 1.95 2.51 8.36 7.35 6.02 7.32 7.25 

Body-care products 2.09 2.34 2.75 7.01 6.79 3.59 7.44 5.10 

Clothing 2.48 2.35 2.54 5.19 7.40 4.80 7.14 5.94 

Furniture 1.64 1.92 1.98 6.38 7.33 5.38 6.77 7.24 

Musical instrument 1.91 2.19 2.90 7.27 7.31 5.04 6.47 7.01 

Perfume 2.06 1.98 1.97 3.97 5.46 2.37 6.99 5.98 

Jewelry 2.49 2.51 2.90 5.50 6.73 4.39 7.17 6.98 

Shoes 2.80 2.63 2.80 6.85 7.13 4.72 6.85 6.90 

Wine 1.66 2.02 1.56 5.96 6.46 3.31 7.31 6.63 
  



 

Note: Values marked in grey are higher than the indifferent value of 5 (with 0=not helpful at all, and 10=extremely helpful). 
 Only significantly classified products are shown (see Table). 

Table A-5: Information source utilities for experience goods and search goods (pre-study 2) 
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Appendix B:  Online survey pre-questions (study 1) 
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Appendix C:  Online survey post-questions (study 1) 
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Appendix D: Exploratory factor analysis V1 (study 1) 
 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

AttitOCR_1 0.882                           
AttitOCR_2 0.779                           
AttitOCR_3 0.876                           
AttitOCR_4 0.835                           
Risk_2     0.853                       
Risk_3     0.907                       
Risk_4     0.895                       
LoyaPro_1   0.830                         
LoyaPro_2   0.796                         
LoyaPro_3   0.882                         
LoyaPro_4   0.863                         
ShopExpe1_1                      0.672     
ShopExpe2_1                       0.836     
ShopEnjo_2               0.805             
ShopEnjo_3               0.886             
ShopEnjo_4               0.795             
NFC_1                         0.752   
NFC_2                         0.827   
NFC_3                         0.676   
Priceconsc_1                   0.430       0.662 



 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 
Priceconsc_2                          0.710 
Priceconsc_3                           0.854 
Mavenism_1       0.822                     
Mavenism_2       0.762                     
Mavenism_3       0.656                     
Mavenism_4       0.817                     
Regret1_1                   0.781         
Regret2_1                   0.760         
Regret3_1                   0.776         
Brandloyal_1                     0.806       
Brandloyal_2                    0.799       
Brandloyal_3                   0.585       
SelfConf_1                 0.756           
SelfConf_2         0.498      0.430           
SelfConf_3         0,487       0,518           
SelfConf_4                 0,826           
ManipCh1_1     -0,417      0,400               
ManipCh1_2     -0,420       0,550         0,404     
Ma-
nipCh2_1_rev 

            0,739               
Ma-
nipCh2_2_rev 

            0,738               
Ma-
nipCh2_3_rev 

            0.820               



 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 
Knowledge_1         0.795                   
Knowledge_2         0.680                   
Knowledge_3         0.646                   
Knowledge_4         0.593 0.419                 
Involvemen_1           0.829                 
Involvemen_2           0.773                 
Involvemen_3          0.763                 

Note: Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization. 

 Only factor loadings > |0.4| are displayed. 

  



 

Appendix E: Exploratory factor analysis V2 (study 1) 
 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

AttitOCR_1 0.883                           
AttitOCR_2 0.778                           
AttitOCR_3 0.874                           
AttitOCR_4 0.837                           
Risk_2     0.852                       
Risk_3     0.906                       
Risk_4     0.893                       
LoyaPro_1   0.828                         
LoyaPro_2   0.805                         
LoyaPro_3   0.885                         
LoyaPro_4   0.859                         
ShopExpe1_1                       0.688     
ShopExpe2_1                       0.871     
ShopEnjo_2             0.822               
ShopEnjo_3             0.876               
ShopEnjo_4             0.792               
NFC_1                           0.766 
NFC_2                           0.822 
NFC_3                           0.677 
               



 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 
Priceconsc_1               0.434         0.649   
Priceconsc_2                         0.720   
Priceconsc_3                         0.854   
Mavenism_1       0.826                     
Mavenism_2       0.769                     
Mavenism_3       0.666                     
Mavenism_4       0.817                     
Regret1_1               0.780             
Regret2_1               0.770             
Regret3_1               0.777             
Brandloyal_1                   0.807         
Brandloyal_2                   0.807         
Brandloyal_3                   0.568         
SelfConf_1                     0.770       
SelfConf_4                     0.845       
ManipCh1_1     -0.428     0.411                 
ManipCh1_2     -0.433     0.575                 
Ma-
nipCh2_1_rev 

          0.749                 
Ma-
nipCh2_2_rev 

          0.746                 
Ma-
nipCh2_3_rev 

          0.811                 
               



 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 
Knowledge_1                 0.782           
Knowledge_2                 0.699           
Knowledge_3                 0.641           
Knowledge_4         0.436       0.596           
Involvemen_1         0.827                   
Involvemen_2         0.791                   
Involvemen_3         0.764                   

Note: Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization. 

 Only factor loadings > |0.4| are displayed. 
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Appendix F. Dendrogram: choice set formation stage (study 1) 

Appendix G. Dendrogram: choice stage (study 1) 
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Appendix H: Discriminant analysis of elements and clusters: choice 
set formation stage (study 1) 

Classification resultsa,c 

Cluster Number of Case Predicted Group Membership Total 

 1 2 3 
Original Count 1 34 0 0 34 

2 0 31 0 31 
3 0 0 30 30 

% 1 100.0 0.0 0.0 100.0 
2 0.0 100.0 0.0 100.0 
3 0.0 0.0 100.0 100.0 

Cross-validatedb Count 1 32 0 2 34 
2 1 29 1 31 
3 2 1 27 30 

% 1 94.1 0.0 5.9 100.0 
2 3.2 93.5 3.2 100.0 
3 6.7 3.3 90.0 100.0 

Note: a= 100.0% of original grouped cases correctly classified. 
b= Cross validation is done only for those cases in the analysis. In cross 

validation, each case is classified by the functions derived from all 
cases other than that case. 

c= 92.6% of cross-validated grouped cases correctly classified. 
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Appendix I: Discriminant analysis of elements and clusters: choice 
stage (study 1) 

Classification resultsa,c 

Cluster Number of Case   Predicted Group Membership Total 

      1 2 3 4   

Original 
 

Count 
 

1 21 0 0 0 21 

2 0 8 0 0 8 

3 0 0 55 0 55 

4 0 0 1 10 11 

% 
 

1 100.0 0.0 0.0 0.0 100.0 

2 0.0 100.0 0.0 0.0 100.0 

3 0.0 0.0 100.0 0.0 100.0 

4 0.0 0.0 9.1 90.9 100.0 
Cross-validatedb 
 

Count 
 

1 20 0 1 0 21 

2 1 7 0 0 8 

3 0 0 55 0 55 

4 0 0 1 10 11 

% 
 

1 95.2 0.0 4.8 0.0 100.0 

2 12.5 87.5 0.0 0.0 100.0 

3 0.0 0.0 100.0 0.0 100.0 

4 0.0 0.0 9.1 90.9 100.0 

Note: a= 98.9% of original grouped cases correctly classified. 
b= Cross validation is done only for those cases in the analysis. In cross 

validation, each case is classified by the functions derived from all 
cases other than that case. 

c= 96.8% of cross-validated grouped cases correctly classified. 
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Appendix J: Implications for e-retailers (study 1) 

Note: Most helpful positive reviews should be shown from the beginning of a 
product search. 

Note: In the final stage, key product specifications, bestseller information and price 
are very important for product decision-making and should be highlighted. 
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Appendix K: Online survey (study 3)   
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Appendix L:  Exploratory factor analysis V1 (study 3) 

  1 2 3 4 5 6 
Q17_SMM_Quality_4   0.758         
Q17_SMM_Quality_5   0.813         
Q17_SMM_Quality_6   0.790         
Q17_SMM_Quality_7   0.804         
Q17_SMM_Quality_8   0.752         
Q18_SMM_Linkage_23       0.826     
Q18_SMM_Linkage_24       0.825     
Q18_SMM_Linkage_25       0.795     
Q20_SMM_culture_13             
Q20_SMM_culture_14         0.430   
Q20_SMM_culture_15           0.772 
Q20_SMM_culture_16           0.564 
Q21_SMM_Top_Managem_14 0.820           
Q21_SMM_Top_Managem_15 0.815           
Q21_SMM_Top_Managem_16 0.701           
Q21_SMM_Top_Managem_17 0.709           
Q22_SMM_Roadmap_Agen_20 0.445       0.739   
Q22_SMM_Roadmap_Agen_21 0.403       0.695   
Q22_SMM_Roadmap_Agen_22 0.409       0.711   
Q23_SMM_Disseminatio_27 0.570         0.475 
Q23_SMM_Disseminatio_28             
Q23_SMM_Disseminatio_29     0.614       
Q24_SMM_Processes_30       0.440   0.430 
Q24_SMM_Processes_31 0.527         0.499 
Q24_SMM_Processes_32     0.719       
Q24_SMM_Processes_33     0.580     0.486 
Q25_SMM_skills_34   0.467 0.712       
Q25_SMM_skills_35   0.425 0.652       
Q25_SMM_skills_36 0.457           
Q25_SMM_skills_37         -0.657   

Notes: Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization. 

 Only factor loadings > |0.4| are displayed.  
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Appendix M: Exploratory factor analysis V2 (study 3) 

  1 2 3 4 5 6 7 

Q17_SMM_Quality_4 0,714 
      

Q17_SMM_Quality_5 0,806 
      

Q17_SMM_Quality_6 0,819 
      

Q17_SMM_Quality_7 0,798 
      

Q17_SMM_Quality_8 0,807 
      

Q18_SMM_Linkage_23 
   

0,837 
   

Q18_SMM_Linkage_24 
   

0,839 
   

Q18_SMM_Linkage_25 
   

0,798 
   

Q20_SMM_culture_15 
    

0,827 
  

Q20_SMM_culture_16 
    

0,673 
  

Q21_SMM_Top_Managem_14 
 

0,796 
     

Q21_SMM_Top_Managem_15 
 

0,763 
     

Q21_SMM_Top_Managem_16 
 

0,773 
     

Q21_SMM_Top_Managem_17 
 

0,717 
     

Q22_SMM_Roadmap_Agen_20 
  

0,863 
    

Q22_SMM_Roadmap_Agen_21 
  

0,834 
    

Q22_SMM_Roadmap_Agen_22 
  

0,809 
    

Q23_SMM_Disseminatio_27 
 

0,432 
    

0,558 

Q24_SMM_Processes_30 
      

0,618 

Q24_SMM_Processes_31 
      

0,576 

Q25_SMM_skills_34 0,450 
    

0,756 
 

Q25_SMM_skills_35 
     

0,746 
 

Notes: Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization. 

 Only factor loadings > |0.4| are displayed. 
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Appendix N: Dendrogram (study 3) 

 

  



248 The Impact of Electronic Word-of-Mouth on Consumers and Firms 

Appendix O: Discriminant analysis of elements and clusters (study 3) 

Classification resultsa,c 

Cluster number of case 
Predicted Group Membership 

Total 
1 2 3 4 

Original Count 1 47 0 0 0 47 
2 0 67 0 0 67 

3 2 0 25 0 27 

4 0 0 0 12 12 

% 1 100 0 0 0 100 

2 0 100 0 0 100 

3 7 0 93 0 100 

4 0 0 0 100 100 

Cross-validatedb Count 1 45 2 0 0 47 

2 2 65 0 0 67 

3 2 0 25 0 27 

4 0 0 1 11 12 

% 1 96 4 0 0 100 

2 3 97 0 0 100 

3 7 0 93 0 100 

4 0 0 8 92 100 

Notes: a= 98.7% of original grouped cases correctly classified. 
b= Cross validation is done only for those cases in the analysis. In cross 

validation, each case is classified by the functions derived from all 
cases other than that case. 

c= 95.4% of cross-validated grouped cases correctly classified. 
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Simon Monske investigates the influence of electronic word-of-mouth 
(eWOM) on consumers’ information search strategies as well as how 
firms can measure and strategically utilize eWOM. Based on pre-stu-
dies and an eye-tracking online experiment, the author empirically 
shows that consumers focus on product reviews in the beginning of 
information search and target product specifications before purchase 
decision. Moreover, Simon Monske evaluates a comprehensive firm 
survey and demonstrates that German firms would derive a competi-
tive advantage by pro-foundly analyzing eWOM data but lack organi-
zational processes to strategically utilize the gained insights.
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