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Abstract

Bayesian networks are limited in differentiating between causal and spurious relationships among decision factors.
Decision making without differentiating the two relationships cannot be effective. To overcome this limitation of Bayesian
networks, this study proposes linking Bayesian networks to structural equation modeling (SEM), which has an advantage
in testing causal relationships between factors. The capability of SEM in empirical validation combined with the prediction
and diagnosis capabilities of Bayesian modeling facilitates effective decision making from identification of causal relation-
ships to decision support. This study applies the proposed integrated approach to decision support for customer retention
in a virtual community. The application results provide insights for practitioners on how to retain their customers. This
research benefits Bayesian researchers by providing the application of modeling causal relationships at latent variable level,
and helps SEM researchers in extending their models for managerial prediction and diagnosis.
� 2007 Elsevier B.V. All rights reserved.
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1. Introduction

Structural equation modeling (SEM) is a causal
modeling approach that combines cause–effect infor-
mation with statistical data to provide a quantitative
assessment of relationships among the studied vari-
ables. If the relationships are significant, the theoret-
ical construction is considered valid and can be used
to provide guidelines for the application of the
model in practice. Although SEM is good for empir-

ical validation of theoretically based causal relation-
ships and to some extent for prediction also, it is not
suitable for diagnosis of the situation and thus has
limitations in managerial decision support. More-
over, SEM mainly models linear relationships. If
the relationships are non-linear, the potential effect
of independent variables in explaining the variance
in dependent variables would not be accurately
known, resulting in poor prediction and diagnosis.

These limitations of SEM can be overcome by
using Bayesian networks. Bayesian networks are
especially suited for prediction and diagnosis and
can be trained on the same structure with new data.
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Moreover, Bayesian networks are suitable for mod-
eling non-linear relationships. They are, therefore,
useful for assessing the impact of changes in the
modeled situation. Bayesian networks, however,
have certain limitations in causal modeling from
the viewpoint of social science research. To establish
causality, three criteria, namely temporal order,
association and elimination of plausible alternatives
must be fulfilled. In Bayesian modeling, the rela-
tionships are based on association (conditional
independence), and to some extent temporal order,
but the third criterion of elimination of plausible
alternatives is not fulfilled. The result is that Bayes-
ian networks do not differentiate between a causal
and a spurious relationship because causal relation-
ships cannot be ascertained from statistical data
alone (Pearl, 1998). Although the theoretically valid
structural model can be forced as a Bayesian net,
the Bayesian networks are not as capable as SEM
for theoretical explanations (Anderson et al.,
2004). Another limitation of Bayesian networks
from the social science research perspective is that
they do not differentiate between a latent construct
and its measures (observed variables).

These limitations of Bayesian networks can be
overcome by using a theoretically based and empir-
ically validated model (which is possible by using
SEM) and developing the Bayesian model at the
hypothetical variable level. Therefore, this study
aims to propose a causal modeling approach for
management decision support by linking SEM to
Bayesian modeling. This study then applies the inte-
grated approach to decision support regarding cus-
tomer retention in a virtual community (VC).
Customer retention is an important issue in VC man-
agement, as successful virtual communities thrive on
increased traffic and participation among customers.
Customer retention is therefore critical to a VC’s
success (Efraim and King, 2003). By applying the
integrated approach, this study examines what fac-
tors have causal effects on customer retention and
how to support decision making regarding customer
retention with prediction and diagnosis. The appli-
cation results should provide insights for practitio-
ners regarding how to retain their customers.

2. Linking SEM to Bayesian networks

SEM and Bayesian networks are different from
each other in numerous ways (Anderson and Vas-
tag, 2004). First, SEM is a causal modeling
approach based on reasoning by cause and effect,

whereas Bayesian networks are based on probabilis-
tic causation (occurrence of a cause increasing the
probability of an effect). Second, SEM is suitable
for empirical validation of a theoretical construc-
tion at the latent variable level, whereas Bayesian
networks are especially suited for prediction and
diagnosis of any situation at the individual items
(observed variables) level. Third, while Bayesian
networks can be trained further on the same struc-
ture with new data, SEM is not suitable for model-
ing with new data as the structure may change.
Moreover, unlike Bayesian networks, SEM does
not support diagnosis. Despite their numerous other
differences (Anderson and Vastag, 2004), the two
approaches may be combined on the basis that
Bayesian networks can represent causality under
certain conditions, as explained later in this section.

2.1. Causal modeling and probabilistic causation

Causal modeling is an interdisciplinary field
devoted to the study of methods of causal inference.
According to Hume (1969), causation can be char-
acterized as regularity of constantly conjoined pairs
of events [effect = f(cause)] under conditions of tem-
poral priority (a cause must precede the effect) and
contiguity (a cause is temporally adjacent to an
effect). Hume (1969), however, does not account
for imperfect regularities and also does not
distinguish between a genuine causal relation and
a spurious association (Anderson and Vastag,
2004). This gives rise to probabilistic causation,
which characterizes the relationship between cause
and effect using the tools of probability theory
(Hitchcock, 2002) and is a paradigm switch from
the absolute determination of an effect due to the
occurrence of a cause to the occurrence of a cause
increasing the probability of an effect (Borgelt and
Kruse, 2002). The underlying assumption is that
incomplete knowledge of causes results in uncertain
cause–effect relationships. Probabilistic causation
implies that the effect is produced by specified
causes (direct or known causes) and unspecified
causes (indirect causes such as errors and unknown
causes) (Anderson and Vastag, 2004). In other
words, effect =f (specified causes, unspecified causes).
This is the basis for SEM. This idea can be
represented by conditional probability as
p(effect j cause) = p(effect \ cause)/p(cause), which
forms the basis for Bayesian modeling. The use of
unspecified causes is consistent with the literature
on causality (Pearl, 2001). Halpern and Pearl
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(2001), for example, argue for the importance of
considering the context (unspecified causes) in
which a cause is related to an effect. For example,
lightening may be a cause of forest fire provided
the wood is dry and there is sufficient oxygen (Halp-
ern and Pearl, 2001). The context appears to act as
catalyst for cause to produce an effect.

SEM and Bayesian networks are viewed as causal
models when they satisfy the conditions of causal
sufficiency, causal Markov and faithfulness condi-
tions, and independence of specified and unspecified
causes (Anderson and Vastag, 2004). The principle
of common cause states that if two variables in a
population are associated and neither is a cause of
the other, they must share a common cause (Rei-
chenbach, 1956). For example, if variables X and
Y are related, but not causally, then they must share
some (a set of) common cause(s), say Z. The justifi-
cation of the causal Markov condition states that
every effect variable, conditional on its direct causes,
is independent of all variables that are not its causes
(Borgelt and Kruse, 2002; Spirtes et al., 1993; Pearl,
1998). This means if X does not cause Y, then pfX j
Y &ParentsðX Þg ¼ pfX=ParentsðX Þg. The faithful-
ness condition states that probabilistic independen-
cies are a stable result of the causal structure and
not due to happenstance or specific parameter val-
ues (Anderson and Vastag, 2004). Therefore, the
joint population probability distribution over a
defined variable set is assumed to be stable or faith-
ful to the underlying causal structure. A model is
said to be causally sufficient if the variable set
includes all relevant common causes.

A causal model may be expressed as M ¼
fS;Hsg, where S is the structure of the causal asser-
tion of the variable set V portrayed by a directed
acyclic graph (DAG) and Hs is a set of parameters
compatible with S (Anderson and Vastag, 2004;
Borgelt and Kruse, 2002; Pearl, 1998). With the
encoded structure characterized as directed (two-
headed arrows depicting non-causal association
are not allowed) and acyclic (feedback loops such
as ‘‘A! B! A’’ are not allowed), a DAG can be
translated into a set of recursive structural equa-
tions with independent errors, which satisfies the
causal Markov condition (Pearl, 1998; Tian and
Pearl, 2002). A discrete Bayesian network is a spe-
cialization of a causal model M ¼ fS;Hsg, where
the structure S implies a set of conditional probabil-
ity distributions and Hs ¼ ½pfV 1 j ParentsðV 1Þ;
h1g; pfV 2 j ParentsðV 2Þ; h2g; . . . ; pfV m j ParentsðV mÞ;
hmg� (Pearl, 1998).

Each variable has ci discrete values or states, and
each hi is assumed to be a collection of multinomial
distributions, one for each parent configuration.
The associated joint probability distribution of the
network is the product of the conditional probabil-
ities in Hs, pðv1; . . . ; vmÞ ¼

Q
mpfV i j ParentsðV iÞ; hig

(Heckerman, 1999).

2.2. Linking SEM to Bayesian networks

SEM provides an empirically validated model
based on theoretical construction and is suited for
latent variable modeling. The linking of SEM to
Bayesian networks can be facilitated if we can deter-
mine the scores of the latent factors used in SEM.
These latent scores can then serve as raw data for
Bayesian Modeling at the hypothetical construct
(latent variable) level.

2.3. Issue of factor indeterminacy

One of the widely debated problems in determin-
ing latent variable (factor) scores is factor score inde-
terminacy (Steiger, 1996; Maraun, 1996). Let us
consider a simple example for understanding the
problem of factor indeterminacy (adapted from Stei-
ger and Schönemann, 1978). Suppose that it is
known that for a certain variable T, individual i
has one and only one value Xi, and this value satisfies
X 2

i � 100X i þ 99 ¼ 0. The values for Xi could be
either 99 or 1. Thus, the statement of the problems
leaves the actual value indeterminate as there are
too many solutions. If we take an average solution,
i.e., 50, it would lead to erroneous results. This
example illustrates in a simple manner the problem
of factor indeterminacy. Therefore, although there
may be many ways to arrive at factor scores (such
as weighted average), the problem of indeterminacy
remains unsolved. There has been a 70-year-long
debate on the issue of factor indeterminacy and it
has come up at intervals in academic circles. Accord-
ing to Steiger (1996), factor indeterminacy represents
an unwelcome challenge to factor analysis technique
and has been shunted aside to establish an academic
empire with factor analysis as its foundation.

Although the problem of factor score indetermi-
nacy has not yet been resolved, several measures
has been suggested by researchers (e.g., Acito and
Anderson, 1986) to alleviate this problem. Acito
and Anderson (1986) conducted a computer simula-
tion study to investigate indeterminacy of factor
scores (the correlation between the true and derived
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common factor scores). It is difficult to conduct a
simulation study with the real data as true factor
scores are not known. Simulation studies can start
with well-defined known parameters, thereby allow-
ing one to assess the relative accuracy of techniques
under different data conditions. Acito and Anderson
(1986) considered five data conditions mentioned
below so that factor score recovery could be mea-
sured in some typical, yet non-ideal situation.

• Number of variables per factor: On the assump-
tion that increasing the number of observed vari-
ables would increase the reliability of the factor
score measurement. The variables per factor were
varied from 3 to 5.

• Factoring method: Three methods were com-
pared, iterative principal axis, Harris image anal-
ysis, and truncated principal component analysis.

• Communality: The amount of unique variance
estimated by the common factor model deter-
mines the values of the squared multiple correla-
tions (SMCs) (Harman, 1976). The departure of
SMC from unity is due to increased unique vari-
ance or, conversely, to decreased communality.
Three communality levels were formalized – high
(0.4–0.6), wide (0.1–0.4), low (0.1–0.2) – to reflect
typically published factor loadings.

• Number of factors: To reflect a simplest multiple
factor situation, two common factors were used
in the simulation experiment.

• Sample size: Two levels of sample size, 100 and
250, were used in the simulation, as sampling
error can affect the accuracy of factor recovery.

The results of the simulation experiment showed
that the most critical design aspect is the commu-
nality of each observed measure, or equivalently,
the size of the factor loading. If measures are
selected that have strong relationships with the
latent factors, factor score indeterminacy can be
reduced. Also, using more variables per factor
will decrease indeterminacy. There was not much
difference in factor score indeterminacy with sample
size and factoring method. If these factors are taken
into account, factor score indeterminacy could be
reduced significantly although not completely.

2.3.1. Determination of factor scores

Joreskog (2000) provides a detailed description
of computing latent scores in the LISREL model.
Because these latent scores are used for SEM, if
we use the same latent scores as raw data for Bayes-

ian modeling, the conclusion from the two modeling
approaches should not differ (due to lack of factor
determinacy). Here we provide a brief description
of computation method of latent variable scores as
done in LISREL (Joreskog, 2000). We avoid the
complex mathematical treatment of the latent scores
so as to avoid distracting the readers from the main
theme of the paper.

The measurement model in SEM can be given as:

x ¼ Kxnþ d

for exogenous or independent variables;

where x represents the individual items for indepen-
dent variables, n is the latent variable corresponding
to item x, Kx is the standardized coefficient of rela-
tionship between x and n, and d is the measurement
error for item x.

Once the coefficients of Kx are estimated they can
be treated as fixed and the latent scores n can be
computed for each observation in the sample by
minimizing:

XN

i¼1

ðxi � KxniÞTH�1
d ðxi � KxniÞ;

subject to the constraint : ð1=NÞ
XN

i¼1

nin
T
i ¼ U

where N is the sample size, ‘i’ is the subscript for
each observation, Hd is the covariance matrix of
the residual errors, / is the covariance matrix of la-
tent variables, and the superscript ‘T’ denotes trans-
pose of the computed matrix.

LISREL 8.54 (SEM software) facilitates compu-
tation of latent variable scores for the latent vari-
ables of the model being tested. One of the
possible uses of latent variable scores is to estimate
non-linear relationships among latent variables
(Joreskog, 2000). As the functional form of a Bayes-
ian network is non-linear, latent scores can be used
for latent variable modeling in Bayesian networks
based on the assumptions under which Bayesian
networks represent causality. Based on the validated
causal model resulting from SEM testing and the
latent variable scores, Bayesian modeling can facili-
tate management decision support such as diagnosis
and prediction of a business situation.

3. Causal factors of customer retention

This study applies the proposed integrated
approach to decision support regarding customer

S. Gupta, H.W. Kim / European Journal of Operational Research 190 (2008) 818–833 821



Author's personal copy

retention in a virtual community. Customer reten-
tion is an important issue in management because
of the potential benefits of lowered costs and higher
profits from repeat business. The first step is to iden-
tify causal factors and examine causal relationships
regarding customer retention using SEM.

3.1. The research model

A virtual community (VC) of committed mem-
bers is of great strategic value to online firms and
vendors owing to its ability to attract and retain
members. However, online firms and vendors find
it difficult to foster loyalty among their VC mem-
bers. Based on the theory of reasoned action
(TRA) (Fishbein and Ajzen, 1975). Gupta and
Kim (2007) developed a research model (Fig. 1)
for examining customer commitment formation in
a relationship-cum-interest based VC. By under-
standing the mechanism of customer commitment
formation in a VC, online firms and vendors can
employ strategies to build commitment and retain
more of their customers.

TRA is a widely-studied model from social psy-
chology, which is concerned with the determinants
of consciously intended behaviors (Fishbein and
Ajzen, 1975). TRA links beliefs, attitudes, intentions
and behaviors. Beliefs influence one’s overall atti-
tude about an object. This, in turn, guides the indi-
vidual’s intentions, which influence behaviors
regarding the subject. TRA can provide the basic
framework for understanding the members’ com-
mitment to a VC.

As commitment is not the intended behavior of
customer participation, but rather an outcome of

customer participation in the VC, Gupta and Kim
(2007) proposed the direct link from attitude to
behavior (commitment) instead of commitment
intention. This modification is supported by atti-
tude-behavior theory (e.g., Fazio et al., 1989).
According to Fazio et al. (1989), the influence of
attitude on behavior is strong if the attitude is based
on direct experience, or it is readily accessible from
memory if based on past experience. As VC mem-
bers already have direct experience of participation,
the likely outcome of their positive attitude toward
participation in the VC would be commitment to
the VC.

According to TRA, customers’ attitudes toward
the attitude object are influenced by their beliefs
about the attitude object. The commonly used
beliefs in IS studies are perceived usefulness and
perceived ease of use (Davis, 1989). Gupta and
Kim (2007) used these beliefs in studying members’
attitudes toward participation in the VC. Usefulness
of a VC refers to the degree to which an individual
believes that interaction in a VC is useful for fulfill-
ing his/her purposes. Usefulness of a VC can be of
two types, namely, functional usefulness and social
usefulness. Functional usefulness refers to the bene-
fits related to functional, utilitarian, or physical per-
formance of a product or a service. In the case of a
VC, such functional benefits would be sharing infor-
mation, sharing interests, and/or knowledge. Social
usefulness refers to the benefits related to the social
standing one obtains in being a part of the VC, such
as recognition and social approval from other VC
members. Ease of use refers to the degree to which
an individual believes that using a particular system
would be free of physical and mental effort. Gupta

Functional 
Usefulness

Arousal

Attitude 
toward VC

Commitment 
to VC

Social 
Usefulness

System 
Quality

Pleasure

Affect

Cognition

Functional 
Usefulness

Arousal

Attitude 
toward VC

Commitment 
to VC

Social 
Usefulness

System 
Quality

Pleasure

Affect

Cognition

Fig. 1. A theoretical model for customer retention in a VC.
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and Kim (2007) used system quality to represent the
ease of using a VC (see McKinney et al., 2002). Sys-
tem quality is the basic component of any informa-
tion system and represents the effort a member
needs to expend for participating in the VC.

Usefulness and ease of use represent the cognitive
aspect of human decision making. Studies in con-
sumer behavior (e.g., Batra and Ahtola, 1991) and
social psychology (Zajonc, 1980) also consider the
affective aspects of human decision making in atti-
tude formation, which represent the ‘‘feelings’’ side
of consciousness (Oliver, 1997). From the affective
perspective, Gupta and Kim (2007) considered plea-
sure and arousal. Pleasure and arousal allow for a
greater range of positive emotions as compared to
joy, happiness and interest in other emotion models
(Oliver, 1997). As members experience enjoyment in
interacting with other members of the VC (Hiltz and
Wellman, 1997; Rheingold, 1993), affect can repre-
sent the emotional experience of a member from
such interaction in the VC.

3.2. Data collection and results

This model was then subjected to empirical
examination using SEM. The survey instrument
(see Gupta and Kim, 2007) was developed so as to
have at least 3–4 variables per factor to reduce fac-
tor indeterminacy (Acito and Anderson, 1986). The
data for the empirical examination was collected
from the website of Urii.com – a relationship cum
interest based VC – for two weeks. The reason for
choosing a relationship-cum-interest based VC is
that most of the VCs that are successful in terms
of instilling commitment among members are either
relationship-based, interest-based, or a mixture of
the two. The factor loadings were in the range of

0.68–0.92, which is an indication that factors are
determined to a great extent. The composite factor
reliabilities (CFR) and average variance extracted
(AVE) were greater than 0.7 and 0.5, respectively
(Table 1), thus showing better chances of factor
determinacy.

The survey results show that almost all (97.45%)
the members in Urii.com are women (mostly house-
wives). The mean age of the members of Urii.com is
30.43 years and the mean VC usage experience is
1.27 years. The fit indices (Normed v2 = 1.82,
GFI = 0.89, AGFI = 0.86, NFI = 0.96, NNFI =
0.97, CFI = 0.98, RMSEA = 0.055, Standard
RMR = 0.066) suggest an excellent fit (Gefen
et al., 2000). The data were then subject to empirical
testing using SEM. The outcome of SEM testing is
shown in Table 2.

The hypothesis testing results indicate that func-
tional usefulness, system quality and pleasure signif-
icantly influence attitude toward a VC (R2 = 55%)
and functional usefulness, pleasure and attitude sig-
nificantly influence customer commitment to a VC
(R2 = 32%). The results support the significant role
of affect in predicting attitude toward behavior. The
effect of functional usefulness and system quality on
attitude is significant and is consistent with the

Table 1
Factor determinacy results

CFR AVE

Functional usefulness 0.82 0.61
Social usefulness 0.89 0.72
System quality 0.89 0.68
Pleasure 0.86 0.68
Arousal 0.76 0.51
Attitude 0.89 0.68
Commitment 0.85 0.66

Table 2
Results of hypothesis testing using LISREL (SEM)

Dependent variable Independent variable Standard b R2

Commitment to VC Attitude 0.28** 0.32
Functional usefulness 0.22**

Social usefulness ns
System quality –
Pleasure 0.21*

Arousal –

Attitude toward VC Functional usefulness 0.27*** 0.55
Social usefulness ns
System quality 0.13*

Pleasure 0.42***

Arousal ns
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TAM model. The effect of pleasure is significant in
predicting attitude and is consistent with the previ-
ous studies (e.g., Batra and Ahtola, 1991) that inves-
tigated the role of affect in predicting attitude. Now,
we will subject this model to further examination
using Bayesian modeling. The model basically
shows that attitude toward participation in a VC
is determined mainly by functional usefulness, sys-
tem quality and pleasure, and the attitude toward
commitment to a VC is determined by attitude
toward the VC, functional usefulness and pleasure.
Since the effect of system quality on commitment
is insignificant, for the sake of simplicity, we will
drop system quality in Bayesian networks.

4. Bayesian network for customer retention

After identifying causal factors and causal rela-
tionships regarding customer retention, the next
step is to support decision making using Bayesian
networks.

4.1. Developing a Bayesian model

The two steps in developing a Bayesian model are
structure learning and prior conditional probability
estimation (Heckerman, 1999). The empirically val-
idated model using LISREL forms the structure
that is applied to the data for estimating conditional
probabilities. The latent variable scores obtained
from LISREL are used as data for learning the con-
ditional probabilities of the latent variables in the
structure obtained from LISREL. As depicted ear-
lier the latent scores are computed by minimizing
(Joreskog, 2000):

XN

i¼1

ðxi � KxniÞTH�1
d ðxi � KxniÞ;

subject to the constraint : ð1=NÞ
XN

i¼1

nin
T
i ¼ U:

The matrices for the above computation are:

x ¼

FUSE1

FUSE2

FUSE3

PLEA1

PLEA2

PLEA3

PLEA4

0
BBBBBBBBBBB@

1
CCCCCCCCCCCA

; Ax ¼

kFUSE1 0

kFUSE2 0

kFUSE3 0

0 kPLEA1

0 kPLEA2

0 kPLEA3

0 kPLEA4

0
BBBBBBBBBBB@

1
CCCCCCCCCCCA

;

n ¼
FUSE

PLEA

� �
; d ¼

dFUSE1

dFUSE2

dFUSE3

dPLEA1

dPLEA2

dPLEA3

dPLEA4

0
BBBBBBBBBBB@

1
CCCCCCCCCCCA

;

U ¼
1

UFUSE-PLEA 1

� �
:

Similarly, computations may be done for endoge-
nous variables, namely, attitude and commitment

in this research.

4.1.1. Bayesian network structure learning

Structure learning refers to the specification of the
structure and the parameters of conditional proba-
bility distribution of each node. Bayesian networks
can be generated by learning the structure from the
data or a structure can be forced or applied, in which
case the conditional probability of each node can be
estimated either from the observed data or from
experience. In learning the structure from the
observed data, there are chances of spurious rela-
tionships. Hence, we apply a theoretically validated
framework on the data for estimating conditional
probabilities. The set of model variables for Bayes-
ian network application can be defined as V =
{Functional usefulness, Pleasure, Attitude and
Commitment} and U ¼ fu1; u2; u3; u4g. The com-
plete structure of a Bayesian network (Fig. 2) implies
the following equations:

(i) Functional usefulness = f1(u1),
(ii) Pleasure = f2(u2),

(iii) Attitude = f3(Functional usefulness, Pleasure,
u3), and

(iv) Commitment = f4(Functional usefulness,
Pleasure, Attitude, u4).

Functional 
Usefulness

Pleasure

Attitude

Commitment

u1

u2

u3

u4

Functional 
Usefulness

Pleasure

Attitude

Commitment

u1

u2

u3

u4

Fig. 2. A Bayesian network of customer retention in an online
store using a VC. PLEA: pleasure, FUSE: functional usefulness,
ATTI: attitude, COMM: commitment.
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4.1.2. Prior conditional probability estimation

Prior conditional probabilities are estimated
from the latent scores obtained from SEM (LIS-
REL). Latent scores cannot be estimated in prac-
tice, but they can be computed (Joreskog, 2000).
The knowledge discoverer program (Sebastiani and
Ramoni, 2000) was used to estimate prior condi-
tional probabilities. Each variable is first discretized
into three states (named as low, medium and high).
Any number of states could be chosen, but it is bet-
ter to use fewer states to identify a variable as this
prevents complexities in judging the results. The
conditional probability of these states is estimated
on the basis of frequency. This means that the data
range is divided into three equal parts, and the fre-
quency of each part in the data is calculated. The
prior conditional probabilities obtained using the
knowledge discoverer program (Sebastiani and
Ramoni, 2000) are shown in Table 3.

Based on the prior conditional probabilities, con-
ditional probability distribution (CPD) for the
dependent variables is calculated using the knowl-

edge discoverer program (Sebastiani and Ramoni,

2000). The CPD is shown in Fig. 3. Once the struc-
ture is learned, it can be used to further train the
network if more data are available, in which case,
the conditional probabilities (Table 3) of the nodes
in the network will change. The dynamic modeling
does not change the theoretical structure unlike
SEM, where new data may imply change in the
model structure.

4.2. Model evaluations

Pearl (2004) introduced the notion of robustness

of a causal claim. A causal claim is robust when it

Table 3
Prior conditional probabilities

State Variables

FUSE PLEA ATTI COMM

Low 0.02 0.01 0.01 0.01
Medium 0.26 0.55 0.39 0.54
High 0.72 0.44 0.60 0.45

ATTI: attitude, FUSE: functional usefulness, COMM: commit-
ment, PLEA: pleasure.

Functional 
Usefulness

Attitude

CommitmentPleasure

Functional Usefulness

0.720.260.02

p(High)p(Med)p(Low)

Functional Usefulness

0.720.260.02

p(High)p(Med)p(Low)

Pleasure

0.440.550.01

p(High)p(Med)p(Low)

Pleasure

0.440.550.01

p(High)p(Med)p(Low)

p (Low) p (Med) p (High) p (Low) p (Med) p (High)
Low Low 0.99 0.00 0.00 Low Low Low 0.00 1.00 0.00
Low Med 0.00 0.67 0.33 Low Low Med 0.33 0.33 0.33
Low High 0.00 0.99 0.00 Low Low High 0.33 0.33 0.33
Med Low 0.33 0.33 0.33 Low Med Low 0.33 0.33 0.33
Med Med 0.00 0.79 0.21 Low Med Med 0.00 1.00 0.00
Med High 0.00 0.40 0.60 Low Med High 1.00 0.00 0.00
High Low 0.99 0.00 0.00 Low High Low 0.33 0.33 0.33
High Med 0.00 0.47 0.53 Low High Med 0.00 1.00 0.00
High High 0.00 0.09 0.91 Low High High 0.33 0.33 0.33

Med Low Low 0.33 0.33 0.33
Med Low Med 0.33 0.33 0.33
Med Low High 0.33 0.33 0.33
Med Med Low 0.33 0.33 0.33
Med Med Med 0.00 0.98 0.02
Med Med High 0.00 0.83 0.17
Med High Low 0.33 0.33 0.33
Med High Med 0.00 0.33 0.67
Med High High 0.00 0.44 0.56
High Low Low 1.00 0.00 0.00
High Low Med 0.33 0.33 0.33
High Low High 0.33 0.33 0.33
High Med Low 0.33 0.33 0.33
High Med Med 0.00 0.84 0.16
High Med High 0.00 0.71 0.29
High High Low 0.33 0.33 0.33
High High Med 0.00 0.40 0.60
High High High 0.00 0.10 0.90

FUSEFUSE PLEA
Attitude Commitment

PLEA ATTI

- FUSE: Functional Usefulness, PLEA: Pleasure ATTI: Attitude 

Fig. 3. A Bayesian network showing conditional probability distributions. FUSE: functional usefulness, PLEA: pleasure, ATTI: attitude.

S. Gupta, H.W. Kim / European Journal of Operational Research 190 (2008) 818–833 825



Author's personal copy

is insensitive to violations of some of the causal
assumptions embodied in the model (Pearl, 2004).
Here, we attempt to measure the robustness of cau-
sal claims using marginal log-likelihood approach.

4.2.1. Parsimonious model based on marginal

log-likelihood

The Bayesian network gives marginal log-likeli-
hood estimates for the network. Marginal log-likeli-
hood is a comparative measure proportional to
posterior probability of the model and is used to
assess the goodness of fit of the model. It is a good
enough measure for identifying the best model but it
does not say how better a model is compared to
another. Our interest here is to assess the match
between the Bayesian scores of the model and the
theoretically validated model obtained from SEM.
We compare various models in terms of their mar-
ginal log-likelihood value. The values for marginal
log-likelihood are obtained from the knowledge dis-
coverer program. Since the marginal log-likelihood
is minimized, the lesser its magnitude, the closer
the predicted model is to the original one.

From the comparison we found that full model
has a marginal log-likelihood value of �1507.76.
In the group of four variables, the best model
includes functional usefulness, system quality, plea-

sure and arousal as dependent variables, and the
marginal log likelihood for this model is �1181.19.
In the group of three variables, the best model has
functional usefulness, pleasure and arousal as depen-
dent variables and the marginal log-likelihood for
this model is �929.36. In the group of two variables,
the best model has functional usefulness and pleasure

as dependent variables, and the marginal log-likeli-
hood for this model is �709.65. From SEM, we
obtain the best model with functional usefulness

and pleasure as significant indicators. This is also
confirmed using Bayesian modeling, which shows
that the best model has functional usefulness and
pleasure as independent variables (�709.65).

4.2.2. Network validation

Network validation tests the predictive accuracy
of a model. A cross-validation procedure assesses
the internal consistency of the adopted Bayesian
model (Stone, 1977; Anderson et al., 2004). The
method starts by dividing the database into ‘n’
parts. Then, for each part, the technique predicts
the values of a set of variables by estimating the
conditional probabilities of the network from the
remaining parts. In our current model, we choose

five parts as the data set has only 275 points. The
procedure selects 55 cases as the response set and
uses the remaining 220 cases to predict the response.
This procedure is repeated five times, with each case
being included in a response set over the course of
the cross-validation. Table 4 shows the results of
cross-validation (using the knowledge discoverer pro-

gram) for the four constructs. The prediction accu-
racy of individual variables and the overall model
is quite high and within three standard deviations.

4.3. Application of Bayesian networks to decision

support for customer retention

4.3.1. Prediction (forward inference)

When the variable set as evidence node allows
inference from cause to effect, the process of infer-
ence is called prediction or forward inference. For
example, if a person joins a VC having a low func-
tional usefulness perception, then this information
can be fed to the network as evidence that the prob-
ability of functional usefulness being low is 1.0. The
revised conditional probability of the consequent
nodes (attitude and commitment) is then calculated
by the Bayesian network for the three states,
namely, low, medium and high (using the knowledge

discoverer program). From Table 5 (state = low), it

Table 4
Network validation results

Response variable Accuracy

Percentage SD

Attitude 85.38 2.13
Commitment 92.87 1.55
Functional usefulness 73.82 2.65
Pleasure 89.53 1.85
Overall 85.40 2.13

SD, standard deviation.

Table 5
Forward inference due to change in different states of functional
usefulness

State Variables

FUSE ATTI COMM

PCP NCP PCP NCP PCP NCP

Low 0.02 1.00 0.01 0.01 0.01 0.18
Medium 0.26 0.00 0.39 0.81 0.54 0.81
High 0.72 0.00 0.60 0.18 0.45 0.00

ATTI: attitude, FUSE: functional usefulness, COMM: commit-
ment, PCP: prior conditional probability, NCP: new conditional
probability.
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is clear that the conditional probability of his atti-

tude and commitment being low or medium is
increasing while the conditional probability of his
attitude and commitment being high is decreasing.
This is known as prediction. Two applications of
prediction in VC – modeling customer retention
and modeling impact of changes – are discussed
below.

4.3.1.1. Customer retention. A customer is consid-
ered retained if he has high commitment to the
VC, a necessary but not sufficient condition for
which is a positive attitude toward interaction in
the VC. So, we need to model both attitude and
commitment for modeling customer retention.

The expected changes in attitude due to changes
in functional usefulness and pleasure are shown in
Fig. 4. From Fig. 4 it can be noted that as functional

usefulness changes from low to medium to high, the
high state of attitude shows an increasing trend, the
medium state of attitude shows a decreasing trend
and the low state of attitude shows a constant trend.
It also can be noted that as pleasure changes from
low to medium to high, the high state of attitude

shows an increasing trend, the medium state of atti-

tude shows a mixed trend and the low state of atti-

tude shows a decreasing trend. An increasing trend
in the high state means an increase in attitude; an
increasing trend in the medium state means moder-
ate attitude; an increasing trend in the low state

means a decrease in attitude. The results therefore
imply a positive relationship between functional use-

fulness and attitude as well as pleasure and attitude.
This is the same as the results obtained from SEM.
For fostering a positive attitude of customers
toward interaction in the VC, a VC vendor would
aim to enhance the high state, and possibly the med-
ium state, and lower the low state of attitude. A VC
vendor should therefore make efforts to enhance
customers’ functional usefulness and pleasure in the
VC, so that their overall attitude toward the VC
increases. Fig. 4 also depicts that even when func-
tional usefulness is low, the probability of attitude

being low is low (which means attitude is high).
Meanwhile, when pleasure is low, the probability
of attitude being low is high (which means low atti-

tude). This means pleasure has a stronger relation-
ship with attitude; hence, to increase the attitude

of customers, it is more important to enhance their
perceived pleasure than to enhance functional
usefulness.

The effect of functional usefulness, pleasure and
attitude on commitment is modeled as shown in
Fig. 5. There is an increase in the high state of com-

mitment with the increase in functional usefulness,
pleasure and attitude from low to high. The medium
state of commitment shows a mixed trend with an
increase in pleasure and attitude from low to high,
and a decreasing trend with an increase in functional

usefulness from low to high. The results are the same

0.01 0.00 0.01

0.82

0.00 0.00

0.81

0.61

0.30

0.09

0.56

0.190.18
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0.44
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0.60
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- ATTI: Attitude, FUSE: Functional Usefulness, PLEA: Pleasure 

Fig. 4. Separate influence of changes in functional usefulness and pleasure on attitude. ATTI: attitude, FUSE: functional usefulness,
PLEA: pleasure.
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as obtained from SEM. The medium state of com-

mitment is high even when functional usefulness is
low. This implies that there is some commitment

among customers, even when the functional useful-

ness of the site is low. On the other hand, when
the pleasure and attitude are low, the medium state
of commitment is low. This implies that there is a
strong direct relationship between pleasure and com-

mitment as well as attitude and commitment. In other
words, pleasure and attitude are more important
predictors of a customer’s commitment to the VC.

Prediction can also be accomplished using SEM
and the relative predictive power of the dependent
variable, based on each independent variable tested
using constrained test. However, Bayesian modeling
offers some advantages over SEM. First, while,
SEM gives the prediction output in terms of mean
and standard deviation at a particular data-point,
the Bayesian output is in terms of probability distri-
bution of various states of the dependent variable at
the given state of the independent variable, which is
more accurate. The number of states can be
increased and thus the right probability distribution
can be obtained. Second, the Bayesian networks can
be trained with new data on the same structure very
easily, which is not the case with SEM. Third, SEM
assumes linear relationships among variables, while
a Bayesian network can model non-linear relation-
ships among variables as the output in terms of
probability of various states. In such a case, SEM

may avoid some crucial variables by rendering them
insignificant if the relationship is non-linear. The
Bayesian network would capture this effect. Fourth,
SEM can model only one Y-variable at a time,
whereas a Bayesian network can show the impact
of any number of Y- and X-variables at a time.

4.3.1.2. Impact of incorporating changes in a VC. A
Bayesian network can also be used to measure the
likely impact of incorporating changes in a VC.
Let us consider the scenario of a real VC, which
faced a problem of decreasing attitude of customers
due to an attempt to sell goods to the VC members
(the names are changed for privacy).

A few years ago ABC.com was owned by the on-
line retailer XYZ.com. XYZ hoped to sell its
goods (which included wristwatches) to the com-
munity. They had little success, and many in the
community were alienated by their cynical
approach. In 2001, XYZ sold its VC to the cur-
rent owner, who is an avid wristwatch collector.
For him, ABC is essentially a hobby, and he is
very much concerned about the community’s
happiness, and their attitudes toward the site.
To overcome the community’s hostility to the
prior ‘‘commercial’’ owner, the new owner has
gone to great lengths to avoid any perception
that ABC seeks to profit directly from the
community.
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Fig. 5. Separate influence of changes on commitment. FUSE: functional usefulness, PLEA: pleasure, ATTI: attitude, COMM:
commitment.
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The above scenario requires that the impact of
such changes in the VC be ascertained beforehand
to avoid the problems in the future, which may lead
to closure of the VC. To model this scenario, let us
consider a hypothetical case in which a vendor
introduces a new forum in the VC, for discussion
about products sold at the VC web site. In an
attempt to understand the impact on customers’
attitude and commitment to the VC, the vendor
takes the input of the VC customers on their likely
functional usefulness and pleasure after the introduc-
tion of such a forum on the scale of low, medium
and high.

Let us assume that 100 customers took part in
the survey, and the frequency (Column a in Table
6) for various combinations of functional usefulness

and pleasure is as shown in Table 5. Column b and
Column c are the probabilities of various states of
attitude and commitment for various combinations
of functional usefulness and pleasure as obtained
from the conditional probability table (Fig. 3).
These values are then multiplied by the frequency
and their total is calculated for each state of attitude

and commitment (Row d). The current state (Row e)
is obtained from prior conditional probabilities as
shown in Table 3. The total value (Row d) is then
compared with the current state (Row e). The result
(as shown in Row f) implies that there is an increase
in the low and medium states of attitude and a
decrease in the high state of attitude, thus implying
an overall decrease of attitude among customers.
Similarly, there is an increase in the low state of
commitment and a decrease in the medium and high
states of commitment, which implies an overall
decrease of customer commitment toward the VC.
The survey results thus indicate that introduction
of the forum in the VC may result in overall
decrease of customers’ attitude and commitment to
the VC. The vendor therefore needs to take steps
to enhance the image of the product forum in the
minds of the customers before introducing the
forum. Similarly, the impact of other changes can
be measured. The Bayesian model can help the ven-
dor evaluate his decision in terms of customers’
overall attitude and commitment toward the VC.

4.3.2. Diagnostic (backward inference)

When the variable that serves as an evidence
node allows inference from effect to causes, the pro-
cess of inference is called diagnostic or backward
inference. In this, the child nodes (attitude and com-

mitment) are given evidence. Let us assume that the T
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evidence given is that the customer’s attitude toward
the VC is high. This evidence is fed to the network
by setting the probability of the high state of atti-

tude as 1.00 and observing the changes in the parent
variables (functional usefulness and pleasure). From
Table 7, we can see that the probability of the high
state of pleasure and functional usefulness is increas-
ing, while the probability of the low and medium
states of pleasure and functional usefulness is
decreasing. This implies that increased attitude
toward interaction in a VC is because of a person’s
increased perception of pleasure and functional use-

fulness in the VC. Two applications of diagnosis to
decreasing customer commitment and modeling con-
tradictory behavior of customers are discussed next.

4.3.2.1. Decreasing customers’ commitment to VC.

Suppose the online vendor observes decreasing com-

mitment toward participation among its customers,
he can then give evidence to the network that the
probability of commitment is low and see the effect
on parent variables (attitude, functional usefulness

and pleasure). From Table 8, it can be noted that
there is an increase in the low state of attitude, func-

tional usefulness and pleasure, and a decrease in the
medium and high states of attitude, functional use-

fulness and pleasure. Functional usefulness and atti-

tude are slightly higher than pleasure, as is evident
from Table 8 (the probability of a high state of plea-

sure is zero, while there is positive probability in a
high state of attitude and functional usefulness). A
vendor, therefore, needs to take corrective action
to enhance customers’ pleasure aspect in the VC to
improve customers’ commitment toward the VC.
Table 8 seems to give a static picture of commitment

and attitude toward the VC. As the customers of the
VC are changing, the vendor needs to train the
Bayesian structure with new data and obtain the
conditional probabilities. The modeling then
becomes dynamic and gives proper feedback as to
the aspect needed to be improved for gaining cus-
tomers’ commitment to the VC.

4.3.2.2. Modeling contradictory behavior of custom-

ers. Customers’ apparent contradictory behavior
can be modeled using diagnosis with more than
one variable. For example, some customers interact
in the VC to seek information from the VC but do
not participate in VC activities. Such customers
can be characterized as persons with high attitude

and low commitment. The Bayesian tool can provide
an answer to the reasons behind such behavior. The
probability of a high state of attitude and a low state
of commitment is set as 1.00. The resulting change in
probabilities, as obtained from the knowledge dis-

coverer program (Sebastiani and Ramoni, 2000), of
various states of functional usefulness and pleasure

is as shown in Table 9. From Table 9 it can be noted
that the conditional probability of the high and
medium states of functional usefulness is decreasing
and that of the low state is increasing. Also, the con-
ditional probability of the high state of pleasure is
decreasing and that of the medium and low states
of pleasure is increasing. This implies that functional

usefulness is low and pleasure is medium. In other
words, customers interact primarily because of

Table 7
Backward inference due to change in attitude

State Variables

ATTI FUSE PLEA

PCP NCP PCP NCP PCP NCP

Low 0.01 0.00 0.02 0.01 0.01 0.00
Medium 0.39 0.00 0.26 0.17 0.55 0.40
High 0.60 1.00 0.72 0.83 0.44 0.60

ATTI: attitude, FUSE: functional usefulness, PLEA: pleasure,
PCP: prior conditional probability, NCP: new conditional
probability.

Table 8
Backward inference of low commitment on three variables

State Variables

COMM ATTI FUSE PLEA

PCP NCP PCP NCP PCP NCP PCP NCP

Low 0.01 1.00 0.01 0.59 0.02 0.36 0.01 0.64
Medium 0.54 0.00 0.39 0.02 0.26 0.07 0.55 0.36
High 0.45 0.00 0.60 0.39 0.72 0.57 0.44 0.00

COMM: commitment, ATTI: attitude, FUSE: functional usefulness, PLEA: pleasure, PCP: prior conditional probability, NCP: new
conditional probability.
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fun, and they do not perceive the VC to be suffi-
ciently useful for them to commit to it.

5. Discussion

The validation results of the Bayesian model con-
firm that the model obtained from SEM is parsimo-
nious and better than other models; this is apparent
from the lowest marginal log-likelihood (�709.65)
of the model. However, it is difficult to conclude
from the marginal log-likelihood why other models
cannot be chosen. Therefore, the use of SEM for
empirical validation of the theoretical model is nec-
essary and complements Bayesian modeling. The
prediction accuracy of the Bayesian model is quite
high, ranging from 73.82% to 92.87%.

The linking of SEM to Bayesian networks is in
essence a two-step approach. Both SEM and Bayes-
ian networks complement each other. The latent
scores obtained from SEM have been used as data
for Bayesian networks. The marginal log-likelihood
results confirm that the results obtained from Bayes-
ian modeling using latent scores give results similar
to SEM (as the most parsimonious model predicted
by both techniques is the same).

The prior conditional probabilities shown in
Table 3 represent the current state of the model,
according to which attitude is more on the high side
and commitment is more on the medium side. The
results in Fig. 3 show the conditional probability
distribution for various combinations of states of
functional usefulness, pleasure and attitude. The
results for many combinations are a little abrupt
(e.g., ‘med, low’ for attitude; ‘med, low, low’ for
commitment). This is because the data set used in
the research is small. As Bayesian networks work
well with large data, it is better to obtain a large
data set so that probabilities of all the states and
combinations can be observed and set optimally.

However, there are several limitations to this
study. First, this study applied the linkage of SEM

to Bayesian networks to the case of a VC. For gen-
eralizability, the Bayesian model needs to be vali-
dated across diverse contexts. Bayesian networks
also can be used with continuous data. However,
we have adopted the discretization method to pre-
vent mathematical complexity and to retain the
managerial usefulness of the Bayesian model. The
data set used in this research is a little too small
to give an overall probability distribution for a
Bayesian network. Large data would give better
results. Bayesian networks can be used with new
data to train the current model, which is not possi-
ble with SEM. However, due to the limited scope of
this paper, we have not explored this possibility. It
can be explored in future research.

6. Conclusion and implications

In this study, we propose how to link SEM and
Bayesian networks by considering the process from
identification of causal relationships to decision
support, examined what factors have causal effects
on customer retention in a VC, and examined how
to support decision making regarding customer
retention with prediction and diagnosis. Three
major characteristics of our research are: First, it
is related to decision support, because it explains
how to identify causal relationships and then sup-
port decision making based on the identified causal
relationships using Bayesian networks. Second, it is
related to the application of operations research, as
it examines how to make decisions for retaining cus-
tomers in a virtual community based on the applica-
tions of SEM and Bayesian networks. Third it
interfaces with other disciplines because it examines
how to link SEM with Bayesian networks. SEM is a
typical modeling approach in social science while
Bayesian networks are useful for decision support.

Our research makes three major contributions.
Regarding the first contribution, Anderson and
Vastag (2004) compared and contrasted the

Table 9
Diagnostic of functional usefulness and pleasure from attitude and commitment

State Variables

ATTI COMM FUSE PLEA

PCP NCP PCP NCP PCP NCP PCP NCP

Low 0.01 0.00 0.01 1.00 0.02 0.94 0.01 0.06
Medium 0.39 0.00 0.54 0.00 0.26 0.06 0.55 0.94
High 0.60 1.00 0.45 0.00 0.72 0.00 0.44 0.00

ATTI: attitude, COMM: commitment, FUSE: functional usefulness, PLEA: pleasure, PCP: prior conditional probability, NCP: new
conditional probability.
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Bayesian network and SEM approaches. Going
beyond Anderson and Vastag (2004) work, this
study proposed the linkage of SEM and Bayesian
networks, which facilitates identifying and examin-
ing causal relationships among factors of interest
and aids decision support with prediction and diag-
nostics based on the identified causal relationships
among factors.

SEM researchers can benefit from the proposed
integrated approach by extending their empirically
validated models to managerial decision support
using prediction and diagnosis. Bayesian researchers
can also benefit by understanding how latent vari-
able modeling can be used with Bayesian networks.
Better theoretical explanation in SEM can comple-
ment Bayesian networks. In particular, the use of
SEM facilitates differentiating between spurious
relationships and causal relationships among fac-
tors. Decision making without differentiating
between spurious relationships and causal relation-
ships cannot facilitate effective decision making.
Bayesian modeling of latent variables thus gives a
better understanding of reality and helps to uncover
the underlying mechanism of the system.

Second, we identified and examined causal fac-
tors leading to customer retention in a VC. As dis-
cussed before, customer retention is an important
decision issue in management. This study identified
three factors (attitude, functional usefulness, and
pleasure) that have significant causal effects on cus-
tomer retention (commitment). This study also
identified another three factors (functional useful-
ness, system quality, and pleasure) that have signif-
icant causal effects on attitude, one of key factors
leading to customer retention.

Third contribution is the application of the inte-
grated SEM-Bayesian model to decision support
(prediction and diagnosis) in a VC. Regarding pre-
diction (forward inference) we modeled customer
retention. We found pleasure and functional
usefulness as important predictors of a customer’s
attitude and commitment to a VC, thus supporting
the results of SEM. Of the two, we found that plea-
sure was a stronger predictor of customer commit-
ment to a VC. We also used Bayesian networks to
model the influence of changes in the VC, which
would be difficult to ascertain using SEM alone.
In the case of introducing a new forum to discuss
products sold in the online store, we found that
the introduction of new forum would result in an
overall decrease of customers’ attitude and commit-
ment to the VC.

Regarding diagnosis (backward inference) we
modeled decreasing customer commitment to a VC.
By modeling decreasing customer commitment to a
VC, we found that it is mainly due to lack of enhance-
ment of the pleasure aspect of the website; the ven-
dors needed to take corrective action to provide the
customers with more fun and enjoyment. We also
modeled the contradictory behavior of customers
and found that customers interact in the VC primar-
ily for fun and do not perceive the VC to be useful
enough to commit to it. By modeling various aspects
using a Bayesian model, an online vendor can obtain
clear insights into decision making for retaining cus-
tomers in a VC. By considering the above three con-
tributions, this paper makes a valuable contribution
to the practice of operations research.
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