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ABSTRACT 
 
Structural equation model analyses in top marketing journals usually do not address the problem 
of heterogeneity.  This is a critical issue in marketing since data typically does not stem from a 
homogenous population.  Our analysis uncovers and treats unobserved heterogeneity and, 
thereby, extends the results of an existing marketing study. 
 
INTRODUCTION 
 
In a recent contribution, Festge and Schwaiger (2007) investigate the epistemic nature of 
customer satisfaction and its driver constructs in order to develop a formative measure of 
customer satisfaction with industrial goods.  The analysis reveals that only very few performance 
dimensions offer a significant chance of increasing customer satisfaction in this market.  
Although Festge and Schwaiger (2007) rule out potential methodological issues (e.g., correla-
tions between the constructs, nonlinear relationships) by carrying out supplementary analyses, 
we suspect that the lack of significant effects might be related to the limiting assumption that the 
data originate from a single homogeneous population.  Marketing studies often acknowledge that 
truly homogeneous segments of consumers do not exist.  For instance, Wu and DeSarbo (2005) 
report substantial consumer heterogeneity even within a given product or service class.  If the 
population was heterogeneous, but treated as homogeneous, the results of structural equation 
model analyses using the covariance-based structural equation analysis (CSA) approach or the 
partial least squares (PLS) path modeling method (e.g., Wold 1974; Henseler, Ringle, and 
Sinkovics 2009) would be seriously distorted.  Jedidi, Jagpal and DeSarbo (1997), for example, 
uncover several costumer segments that vary considerably in terms of the importance they attach 
to the various dimensions of satisfaction.  Consequently, the identification of customer segments 
(Wedel and Kamakura 2000) on the basis of inner path model estimates represents a critical 
problem when applying the PLS path modeling methodology to form decisive interpretations.   
This research uses the finite mixture partial least squares (FIMIX-PLS; Hahn et al. 2002) 
approach to uncover and treat unobserved heterogeneity and, thereby, extends the results of 
Festge and Schwaiger’s (2007) customer satisfaction study for industrial goods.  The analysis 
provides further differentiated results which allow to more precisely target specific customer 
segments and to form more effective marketing strategies.  Our paper also substantiates that 
unobserved heterogeneity can seriously affect PLS estimates at the aggregate data level, which 
may result in misleading interpretations.  Hence, we conclude that assessing the effect of 
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heterogeneity via FIMIX-PLS must become a standard procedure when evaluating PLS path 
modeling results.  
 
 
 
UNCOVERING AND TREATING UNOBSERVED HETEROGENEITY  
 
Based on a wide-ranging literature review and interviews with experts, Festge and Schwaiger 
(2007) develop a set of 52 performance items, which allow forming 15 anteceding driver 
constructs for overall satisfaction.  The analysis of these drivers uses empirical data and the PLS 
path modeling methodology reveals that only two factors offer a significant chance of increasing 
customer satisfaction.  This result has not been expected, considering that customers and 
suppliers recognized the adopted performance features to be highly relevant for customer 
satisfaction in this market.  Furthermore, Homburg and Rudolph’s (2001) prior research revealed 
that various dimensions exert a significant influence on customer satisfaction. 
 

FIGURE 1 
Festge and Schwaiger’s (2007) Model of Customer Satisfaction  
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We propose an extension of Festge and Schwaiger’s (2007) model and account for unobserved 
heterogeneity by fitting a finite mixture regression model using the novel response-based 
segmentation approach FIMIX-PLS which represents the primary technique for segmentation 
tasks in PLS path modeling thus far (Sarstedt 2008a).  As a key methodological advantage, the 
approach is effectively applicable to all kinds of PLS models regardless whether the measure-
ment models of latent variables are formative or reflective (e.g. Gudergan et al. 2008). This 
methodology allows us to classify data based on the heterogeneity of the estimates in the inner 
path model (Ringle, Wende, and Will 2005a).  The software program SmartPLS offers FIMIX-
PLS capabilities (Ringle, Wende, and Will 2009; Ringle, Wende, and Will 2005b) for systemati-
cally uncovering unobserved heterogeneity (Ringle, Sarstedt, and Mooi 2009).  Thereby, our 
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results extend the original modeling framework by introducing a categorical moderator variable, 
whose modalities represent different segments within the data, whereat the strength of the 
relationships between the latent variables varies across the segments (Bauer and Curran 2004).   
 
ANALYSIS AND RESULTS 
 
In the first step of the FIMIX-PLS analysis, the SmartPLS software provides PLS modeling 
estimates on the aggregate data level (Hahn et al. 2002).  An evaluation of results reveals that the 
GoF value of .638 (Tenenhaus et al. 2005) and the R² value (.574) of the endogenous latent 
variable “customer satisfaction” are fully acceptable.  The global model results clearly indicate 
that only two factors have a significant influence on customer satisfaction: “satisfaction with the 
machines and systems” as well as “satisfaction with the quotations”.  
In the next analytic step the FIMIX-PLS algorithm is applied using a consecutive number of 
classes (e.g., 2…5) and ten replications.  A detailed presentation of the PLS and FIMIX-PLS 
results are available from the authors upon request.  Information criteria as well as the entropy 
criterion (Sarstedt 2008b) suggest a two-segment solution.   
The FIMIX-PLS probabilities of membership are then used for a-priori clustering and segment-
specific PLS analyses.  Therefore, each observation is assigned to one of the two segments 
according to its highest membership probability.  The two sets of data are separately used as 
input matrices for the manifest variables in order to estimate PLS path models for each group of 
observations.   
According to the FIMIX-PLS analysis, the endogenous construct exhibits an increased overall R² 
value (i.e., the sum of segment-specific R² values, weighted by segment size) of .761, thus 
ranging 33% higher than in the global model (i.e. the PLS path modeling results on the aggregate 
data level).  With a value of .724, the overall GoF is at a highly satisfactory level when compared 
to common analysis results.  It is important to note that almost all inner model relationships are 
significant at p < .01 in the first segment.  Unlike the global model, the segment-specific results 
provide evidence of the various performance features’ substantial and varying influence on 
overall customer satisfaction.  In the first segment for example, price policy significantly 
influences overall satisfaction, which is neither the case in the aggregate-level analysis, nor in the 
second segment.  Generally speaking, customers in the first segment are mainly concerned with 
company-level performance features.   
In contrast, the overall satisfaction of customers in the second segment is strongly affected by 
factors that relate to interpersonal communication.  Compared to the first segment and the 
aggregate-level analysis, both satisfaction with employees and periodic customer visits have a 
significantly positive influence on the dependent variable.  Moreover, satisfaction with the 
machines and systems is positively related to the endogenous construct, but to a lesser extent 
than in the first segment.  Overall, the drivers of customer satisfaction differ substantially across 
the two segments.  In addition, PLS multi-group analysis results (Keil et al. 2000; Henseler 2007) 
clearly indicate that most of these differences are significant at p < .01 and further substantiate 
the need of drawing on segment-specific PLS outcomes in this study.  These results match the 
complex buyer-seller relationships in industrial markets (e.g., Homburg and Rudolph 2001) and 
provide a sound basis for segment-specific marketing activities. 
 
SUMMARY AND CONCLUSION 
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The identification of different groups of consumers with distinct estimates in the inner path 
model highlights the importance of path modeling methodology for shaping effective marketing 
strategies. By applying FIMIX-PLS to allow for unobserved heterogeneity in inner model path 
estimates, we were able to extend the previous study by Festge and Schwaiger (2007) and, thus, 
provide a more complete picture of the effects of the drivers of customer satisfaction in the 
market for industrial goods. Through this, we make a strong case for further differentiated, 
segment-specific, customer satisfaction management analysis, since, in this example, our 
analysis arrives at a considerably higher model fit. Furthermore, our analysis demonstrates that 
an aggregate analysis can be seriously misleading, thus resulting in flawed management deci-
sions on, for example, customer targeting, product positioning, or the determination of the 
optimal marketing mix. Considering the key role that customer satisfaction plays in establishing, 
developing, and maintaining successful customer relationships in industrial markets, these 
findings are highly relevant from a managerial point of view.  
In addition, the results demonstrate the analytic potentials of FIMIX-PLS.  Given that researchers 
cannot determine segments a-priori and are primarily interested in accurately identifying different 
segments regarding the model structure, the prudent strategy is therefore to use the finite mixture 
approach.  Researchers can exploit the potentials of FIMIX-PLS when theory essentially supports the 
path model and data is heterogeneous and belongs to a finite number of groups.  We expect that these 
conditions will hold true in many marketing related PLS path modeling applications (Wedel and 
Kamakura 2000).  
Consequently, we conclude that the application of FIMIX-PLS represents a requirement for every 
PLS path modeling analysis which has been ignored by prior research.  If necessary, researchers and 
practitioners can treat unobserved heterogeneity effectively and thus avoid potential misleading 
interpretation and findings.  Segmenting consumer response along multiple dimensions may lead 
to a richer understanding of the impact of the marketing mix and allows for the formulation of 
effective marketing strategies. Therefore, we believe that FIMIX-PLS will assume an imperative 
role in enhancing PLS in the next wave of analytical PLS procedures. 
Future research will require extensive use of FIMIX-PLS on marketing examples, with typically 
heterogeneous data, to illustrate the applicability and the problematic aspects of FIMIX-PLS 
from a practical point of view.  Researchers will also need to test the FIMIX-PLS methodology 
based on simulated data, with a wide range of statistic distributions and a large variety of PLS 
path modeling applications, to gain additional implications.  Finally, theoretical research should 
provide satisfactory improvements for problematic areas such as convergence to logical optimum 
solutions, computation of improper segment-specific results and identification of suitable explanatory 
variables which allow for a partition that adequately reflects the one revealed by FIMIX-PLS.  
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