




Chapter 4 

stress the importance of easiness of navigation, especially while designing portal 
sites. 

We have found that the joint probability distribution of the variables in the 
customer e-loyalty phenomenon can be best represented (is more likely) with a 
probabilistic dependency structure in which visitor's sociodemographic profile is 
not relevant with any other variable. The findings suggest that age and gender 
are determinants of position in the household, which is, on theoretical grounds, 
a plausible result. We argue that it does not make sense to segment visitors 
according to these attributes in other customer e-loyalty studies. 

Furthermore, we have found that, unsurprisingly, visitor opinions matter to a 
great extent. From the three opinions on website characteristics that we 
considered, visitor opinion about the ease of navigation seems to be the most 
important one. 

4.5.3. Limitations 

Apart from the contributions discussed above the approach proposed here is 
based on a set of assumptions that should be taken into account when 
interpreting and implementing the results. 

One of the main limitations is a requirement of a prior ordering of variables. 
The specification of the prior ordering can influence the results to a large extent. 
The results of a study by Chickering et al. (1995] suggest that the greedy 
algorithm that we applied is sensitive to variable ordering. Of course, we can re
validate the results by allowing for other models starting with different search 
orders. Then, from among all the resulting models, the best model can be chosen 
on the basis of its posterior probability. We haven't performed experiments with 
another initial orders of variables, because based on existing theory we were 
quite confident in the class of models that the order initially taken implied. There 
are various approaches to circumvent this limitation. For instance, we could use 
the more time-costly edge-reversal search procedure that does not require an 
ordering. Other efforts are directed at the selection of the ordering, for instance, 
Larranaga et al. (1994] use genetic algorithms to obtain the best ordering of the 
variables. This issue can be a topic for further research. 

From the perspective of the e-loyalty theory, we agree that t he concept of e
loyalty operationalized by stickiness and intention to return can have some 
drawbacks. Namely, the behavioural aspect might not be well accounted for by 
our conceptualisation. Stickiness might not be an objective measure of 
behavioural e-loyalty, since according to our operational definition it implies that 
a user that has visited the site only once for a long time, is more loyal than a 
user that visits regularly but shorter on average. Furthermore, it might be 
dependent on the Internet connection speed (bandwidth) and other factors; 
therefore the model we developed has a limited theoretical significance, as many 
important concepts are left out. 
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The predictive power of the models in this study was tested only for one 
particular variable, i.e., Attitude. We acknowledge that the capability of the 
theoretical models to predict should be ideally tested for more variables in order 
to obtain more reliable judgment in this respect. Nevertheless, the results that 
we present here for predictions of only one variable seem reasonably promising. 
Moreover, the comparison that we have made between the BN approach and the 
discriminant analysis is not fully appropriate, since we should use the leave-one
out validation for both approaches. 

A potential threat to validity of our results, especially for the fact that all 
four data sets yield very similar theoretical relationships is that the data sets 
have many missing values. For example, the dataset that describes visitors of Ilse 
reports as much as 49.3% of missing data on Navigation. This could potentially 
have a negative effect on the value of the used Bayesian score and missing data 
handling of Ramoni and Sebastiani [1997] in the sense that variables with many 
missing values could be given more Likelihood as parents. Although at t he first 
sight, this effect is quite likely given our results and should be taken into 
consideration, we haven't found any convincing evidence that this effect is 
significant; moreover, the method is believed to be robust with respect to 
missing values [Ramoni and Sebastiani, 1997]. 

For the sake of clarity, it must be noted that any Bayesian network model 
that is validated on data should be viewed as explanatory for the theory it 
models in the extent that it explains the data, and not the process or 
phenomenon under focus. 

Last, but not least, we have considered a scenario in which all variables were 
operationalized with one item scale. In theoretical studies such a scenario is 
rather atypical, but is quite usual in commercial studies given the Limitations on 
the questionnaire length. We acknowledge that an approach should be able to 
deal with multiple item scales to account for complex latent constructs. Multi
item operationalizations are also needed to determine internal consistency 
reliability and construct validity [e.g., Campbell, 1969]. 

4.5.4. Future research 

Considerations in this chapter suggest a number of topics to be addressed in 
future research. 

One of the most urgent limitations of the work in this study that should be 
addressed in future work is a method that makes the specification of the prior 
ordering of variables not necessary. Some potential methods in this respect 
include genetic algorithm-based search for the best ordering [Larranaga et al., 
1996; Hsu et al., 2002]. 

Another topic for further work is to analyse the impact of different schemes 
of category aggregation on the results of structural learning, in terms of 
favouring the existence of Links between constructs or the lack thereof. Similarly, 
studies of its impact on the strength and the character of these relationships 
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should also be undertaken. Especially, the issues of applying t he equal frequency 
binning principle and of the optimal reduction scheme are of significant 
importance in this respect. 

The approach contained in this study could be viewed not as a fu lly eligible 
second generation technique, since the measurement model is not an explicit 
part of the model. Therefore, extending the presented approach by the possibi lity 
of handling latent constructs and measurement model should be in future 
undertaken. This problem is actually examined as one of the main topics in the 
following case study. 
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5. Case study 2: The Bayesian network approach in 
deductive CS&L research 

5.1. Introduction 

In the previous chapter we presented an illustration of the inductivist approach 
in the CS&L research. In the case study in this chapter, we will take another 
perspective on development of marketing theories, one that resembles more the 
deductive resea rch. In the deductivist approach, we start by making speculations 
about a theory, forming assumptions and advancing hypotheses; next, we 
proceed by proposing a hypothetical model, that can be empirically tested; and 
ultimately, we can deduce generalizations [Hunt, 1991]. As we argue in Chapter 
1, in order for a theory to be empirica lly testable, it must also allow for making 
observations and measurements [Kaplan, 1964]. 

In this case study, we introduce the issue of latent constructs and the 
measurement model in the CS&L research deliberately into the modelling task. 
The motivation for this task is that there are various practical and philosophical 
principles 

The theoretical constructs studied in the marketing research, such as 
attitudes, customer satisfaction, are typically abstract identity. The nature of the 
constructs is typically complex, they have many facets, are intangible. As such, 
they do not lend themselves to direct measurement. Furthermore, any single 
indicator captures only a portion of the underlying concept that it is intended to 
measure; it is imperfect because it cannot capture the full theoretical meaning of 
the underlying construct [e.g., Steenkamp and Baumgartner, 2000]. Instead, 
multiple-item measurement instruments ought to necessary be used to capture 
the entire character of the construct indirectly [idem]. The multiple 
operationalization doctrine is based on the partial interpretation philosophy that 
states that though specific measures are individually imperfect, collectively they 
are reliable and valid measure of the underlying construct. 

The imperfect nature of the measurement of individual indicators is t he 
consequence of the measurement error. Nowadays, it is a standard procedure in 
marketing modelling to account for the measurement error in modelling. For 
instance, Steenkamp and Baumgartner [2000] argue that the correspondence 
between constructs and their measures should be the explicit component of 
marketing models [idem]. 

Using multiple items scales, gives also possibility to assess the validity of the 
construct. It must be remembered that we must also evaluate the reliability of 
the measurement scale. 

The last issue that we address here is finding the dimensionality (cardinality) 
of latent constructs, i .e., the number of states the construct takes. We assume 
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that the latent constructs are at ordinal level of measurement. From the 
modelling perspective, this is an important issue, since it can have significant 
effect on the performance of the model and on its complexity [Elidan and 
Friedman, 2001]. More importantly even, it is an important matter from the point 
of view of the theory and practice of Customer Satisfaction and Loya lty. 

In a Bayesian network model, observed indicator variables are treated as any 
other node in the network, whereas the construct variables are handled as hidden 
nodes. The term "latent construct", or "latent variable" is used especially in the 
social sciences; when we however approach the mode lli ng of the CS&L 
phenomenon with Bayesian networks, the term "hidden node" is more 
appropriate and natural. For clarity, we will use here both terms interchangeably. 

A natural question that arises in the situation when some nodes are treated 
as latent in a Bayesian network model is how to evaluate goodness of fit, and 
how to parameterise such models. We will review the details of the developments 
and their implications in this context. Our discussion is exemplified and tested in 
the context of the theoretical CS&L research. Again, we stress that our 
considerations relating to the theory of CS&L are meant merely as an illustration 
of our procedure, and it is not or aim to gain extensive insight into the CS&L 
phenomenon. 

5.1.1. Objectives 

The case study in this chapter is the second one that aims at investigating the 
research question no. 1, namely, how marketing theories can be discovered by 
means of the Bayesian network approach. 

In particular, this chapter has the following goals and sub-goals: 

1. How can marketing theories be discovered by means of BNs? Specifically, 
a. we evaluate Bayesian networks in terms of the deductive CS&L 

research, 
b. we propose and evaluate new methods for: 

1. handling of latent constructs and accounting for the 
measurement model in BN modelling, 

ii. latent construct validation in BN modelling, 
iii. finding the dimensionality of latent constructs in BN models, 

2. With regard to the added value of modelling marketing problems with 
Bayesian networks, we show and illustrate the potential of combination of 
prior knowledge with data at hand. 

3. Furthermore, we pinpoint what are the strengths and weaknesses of Bayesian 
networks in terms of specific statistical and modelling issues, such as data 
distributional assumptions, missing data handling, etc 
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First, we evaluate Bayesian networks in the deductive CS&L research. As shown in 
Figure 1.3.1, developing a theory in the deductive route consists in making 
speculations, discussing assumptions, forming hypothetical model(s), testing 
them and deducing generalizations. Our speculations about the CS&L 
phenomenon can be seen as part of the Literature overview presented in Section 
3.1, therefore we focus on the remaining steps in the process: we advance 
possible competing hypotheses of absence or presence of direct relationships 
between concepts, form models and compare them with each other by means of 
the posterior probability measure. 

Second, we propose and evaluate new methods that bring Bayesian networks 
closer to "good science" [Dillon et al., 1997], as it is the case in second 
generation techniques, by enhancing the Bayesian network approach with the 
potentials of accounting for latent constructs and measurement models. As the 
first topic in this regard, we propose and evaluate a specific method for the 
handling of Latent constructs and structural model, as well as for the accounting 
for the measurement model in Bayesian network modelling. More specifically, our 
idea of incorporating latent constructs explicitly within the measurement model 
consists in using a special kind of Bayesian network models, known as Nai"ve 
Bayes structures [Duda and Hurt, 1973]. To this end, we consider the use of 
reflective indicators. Furthermore, we show how a hidden network model can be 
parameterised, and evaluated in terms of its posterior probability. In order to 
assess the goodness of fit of the Latent construct model, we apply and examine a 
novel method to calculate the effective dimension. Whether our approach can be 
deemed successful, we will judge on the basis of theoretical outcomes of the 
most li kely model, Like the nature and strengths of relationships between 
constructs in the structural model and by examining the relationships in the 
measurement models. Furthermore, we will compare our approach with the 
approach applied today, which is based on taking the arithmetic mean of the 
indicator variables and using this value as observed variab le; this comparison will 
be based mainly on using the models as classification systems. 

As the next issue in measurement modelling, we propose and examine a 
method of latent construct validation within the Bayesian network technology. 
The construct validation approach taken in this study can be seen as the extent 
to which an operationalization measures the concept it is supposed to measure 
[e.g., Cook and Campbel, 1979]. In our implementation of this definition of 
construct validation, we assess whether the indicator variables relate either to 
only one potential Latent construct or to more potential different latent 
constructs. 

Furthermore, another sub-goal of this study is to propose and evaluate a 
method for finding the dimensionality of Latent constructs in Bayesian network 
models. Here, dimensionality is understood as the most likely number of states 
that a latent construct takes on. The assumption that underlies this objective is 
therefore that a concept under consideration does not involve a continuum of 
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values, i.e., it is rather discrete ordinal variable with only several potential 
values. We determine the dimensionality based on its most likely measurement 
model. 

Next we show and illustrate the potential of combination of prior knowledge 
with data at hand within the Bayesian network modelling. More precisely, we 
consider a scenario, likely to occur in practice, in which a researcher's intention 
is to make use of existing theory by bringing it in the empirical validation of the 
model. The presumed prior knowledge in the presented example concerns values 
of prior conditional probabilities distributions that define relationships between 
a construct and its antecedents. We investigate further what is the impact of 
different prior knowledge on the resulting marginal likelihood of the model. 

Finally, in the course of discussion, we note and collect what are the 
strengths and weaknesses of Bayesian networks in terms of specific statistical 
and modelling issues, such as data distributional assumptions, missing data 
handling, etc. 

All the proposed methods are applied in a theoretical CS&L study set in t he 
service industry. Since we use an existing secondary data set we fe ll back on the 
contents of the questionnaire and operationalization of the constructs. Upon the 
consultation of the questionnaire and available dataset we have decided to 
include four constructs in this study: Customer Satisfaction, Involvement Trust 
and Loyalty. 

The organisation of this chapter is as follows. In Section 5.2 we describe the 
collection of data, contents of the questionnaire and operationalization of 
constructs. In Section 5.3 we give an account of specification of assumptions and 
possible hypotheses. Handling of latent constructs and accounting for the 
measurement model in the Bayesian network framework are addresses in Section 
5.4. Section 5.5 contains the discussion of the proposed construct validation 
procedure. In Section 5.6, we focus on determining dimensionality of latent 
constructs, and the results of the comparison between t he competing 
hypothetical models are addressed in Section 5.7. Details on the implications of 
the most likely model in terms of the marginal probabilities for variables and 
strengths of relationships between constructs are the topic of Section 5.8. Our 
approach of handling latent constructs is compared with a standard approach in 
Section 5.9. We close this chapter with conclusions and implications in Section 
5.10. 

5.2. Data issues 

5.2.1. Collection 
The data being used in this study come from a telephone customer satisfaction 
survey among clients of a service company in Belgium (due to the legal issues, 
we cannot give a precise information on the name of this company and the type 
of service it offers). The study was aimed to investigate the extent to which the 
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products and services offered by the company fulfil the expectations of its 
customers. The survey was performed via a market research company specialized 
in customer satisfaction and loyalty studies in October 2002. The questioning of 
clients ended up with a collection of 477 respondents in the dataset. 
Unfortunately, we do not have access to the information about the response rate, 
and the business profile of the respondents. 

5.2.2. Questionnaire 
The questionnaire contained questions of several types, including enquiries over 
the performance of service attributes, merchandising profile, and loyalty. For the 
analysis in this study we have selected constructs that on the basis of the 
literature overview presented in Chapter 3 can be regarded most relevant to 
customer loyalty, namely, customer involvement, satisfaction, trust, and loyalty. 

Construct Variable Items 

Trust Trl ... shows appreciation for me as customer. 

Tr2 I have trust in ... 

Tr3 ... helps me always to solve possible problems. 

Tr4 ... provides me with needful suggestions to use the 
products in the best manner. 

Involvement Invl I feel involved with ... 

(Inv) Inv2 I stick up for .. . with my friends and the public. 

Inv3 I feel proud to be a customer of ... 

Inv4 I feel part of the success of ... in the market. 

Inv5 I share the same values as ... 

Loyalty Loy I will remain buying from ... also in the future. 

Satisfaction Sat How satisfied are you in general with the products and 
services offered by .. . ? 

Table 5.2.1 Operationallsation of the constructs included in the study. 
Two out of four variables in this study were measured with more than one item. 
We present the formulation of the measurement items in Table 5.2.1. 
Involvement and Trust were operationalized by five and four items, respectively. 
Trust was operationalized in terms of confidence in customer-orientation of the 
supplier (item Tr1), or belief that the supplier can improve the situation of the 
customer (Tr3 and Tr4). Items Tr1, Tr3, and Tr4 could be interpreted as related to 
the actual behaviour of the company, however they should rather be seen as a 
respondent's projection of the company's behaviour, and, consequently, as the 
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