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Latent Class Conjoint Choice Models: A Guide for Model
Selection, Estimation, Validation, and Interpretation of
Results

By Friederike Paetz, Maren Hein, Peter Kurz, Winfried J. Steiner*

The consideration of preference heterogeneity
in consumer choice behavior has become state
of the art. In addition, the identification of con-
sumer segments remains essential for market-
ing managers. For disaggregate consumer
choice data representing the basis of segmen-
tation, the latent class multinomial logit (MNL)
model is currently the most popular approach
for estimating segment-specific preferences.

After addressing the theoretical background
of the latent class MNL model, we use an em-
pirical choice-based conjoint data set to illus-
trate model estimation and validation, as well
as how the estimation results should be inter-
preted. A particular focus lies on the model
selection process, i.e., the determination of
an appropriate number of segments. We fur-
ther work out interpretation pitfalls when the
existing preference heterogeneity of consu-
mers is ignored. This will ultimately provide a
guide for applying the latent class MNL model
regarding model selection, estimation, valida-
tion, and interpretation of results both from a
statistical and managerial perspective.
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1. Motivation

Accommodating preference heterogeneity in consumer
choice behavior has become state of the art in marketing
theory and practice. Companies account for preference
heterogeneity for example via price discrimination or
product differentiation. Using these kinds of marketing
activities, firms aim to increase revenues and profits
through a better absorption of consumers’ willingness to
pay and/or by offering more attractive product variations
for certain consumers or consumer segments.

Developing successful marketing strategies makes it nec-
essary to know consumers’ preferences. Several ap-
proaches have been proposed here, e.g., multidimension-
al scaling (MDS) or conjoint analysis, that have proven
their ability to determine customer preferences. For ex-
ample, MDS draws inferences for the optimal position-
ing of products in a multidimensional space. Similarity/
dissimilarity judgements of consumers for pairs of prod-
ucts in particular are transformed into distances. Based
on these distances, customer perceptions and preferences
for these products are represented within a perceptual
space which can be interpreted in terms of meaningful
psychological attribute dimensions (e.g., Kruskal 1964).
Conjoint analysis approaches on the other hand circum-
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vent the necessary subsequent transformation of psycho-
logical attribute dimensions to address the physical prod-
uct attributes and levels needed for product design deci-
sions. In contrast to the MDS approach, they directly
elaborate on manageable attributes and attribute levels,
determining related part-worth utilities of customers for
product attributes or their levels. This means that con-
joint analysis approaches are more directly applicable for
redesigning existing, or designing new products or prod-
uct lines, and they are predominantly used in practical
applications (e.g., Green et al. 1981; Chen and Hausman
2000; Pullman et al. 2002; Fruchter et al. 2006; Fruchter
and Fligler 2007; Feit et al. 2010; Tsafarakis 2016; Luchs
et al. 2016). The conjoint analysis approach is currently
(and not unexpectedly) the leading tool for measuring
consumer preferences. The resulting part-worth utility
estimates are used for (new) product and product line de-
sign, pricing and market segmentation (e.g., DeSarbo et
al. 1995; Johnson and Olberts 1996; Steiner and Hrusch-
ka 2000, 2002a, 2002b; Krieger et al. 2004; Baier and
Brusch 2009; Schon 2010; Steiner 2010; Schlereth et al.
2011; Gensler et al. 2012; Tuma and Decker 2013).

Diverse variants of conjoint analysis have been pro-
posed, including traditional conjoint analysis (TCA),
adaptive conjoint analysis (ACA), limit conjoint analysis
(LCA), or choice-based conjoint analysis (CBC) (TCA:
Luce und Tukey 1964; Green und Rao 1971; Johnson
1974; ACA: Johnson 1987; LCA: Voeth and Hahn 1998;
CBC: Louviere and Woodworth 1983). Today, the CBC
variant is by far the most widely used conjoint approach
both in academia and market research practice (Hart-
mann and Sattler 2002; Buyer et al. 2010; Orme 2019).
The main reason for the dominance of the CBC approach
is that it most closely mimics the real choice behavior of
consumers by asking respondents to repeatedly choose
their preferred alternative from a set of several alterna-
tives (choice sets). Another reason for its widespread use
is a result of today’s powerful computation power which
allows the efficient estimation of part-worth utilities
from choice data, even on the individual respondent level
via the application of hierarchical Bayesian estimation
techniques (Orme 2000) [1]. Since unordered first choice
data as collected in most CBC studies provide much less
information compared to rating or ranking data collected
in TCA, CBC models in former times were usually esti-
mated on a more aggregate respondent level (at least by
pooling respondents at the segment level, if not on a
completely aggregated level (Vriens et al. 1998, p. 238)).
In other words, segment-specific CBC models were al-
ready estimable before hierarchical Bayesian estimation
techniques became available due to respondents being
partly aggregated, thus strongly softening the degrees-of-
freedom problem (i.e., estimating a large number of indi-
vidual parameters based on relatively little individual in-
formation). Nevertheless, thanks to the introduction of
Bayesian estimation methods and the availability of
high-performance personal computers, preference het-
erogeneity can now be accommodated from choice data
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at any desired respondent level, even on the individual
respondent level. According to Peter Kurz, head of re-
search and development at Kantar TNS in Munich from
2006 to 2018, more than 95 % of all conjoint studies in
market research practice use the CBC approach. Saw-
tooth Software, the worldwide leading company for soft-
ware solutions in the field of conjoint analysis, estimates
that 80 % of Sawtooth customers currently use the CBC
approach to determine consumer preferences (Orme
2019).

At first glance, it appears most promising to accommo-
date preference heterogeneity on the finest, i.e. most dis-
aggregated individual customer level. This allows the bi-
as to be reduced when capturing preference heterogene-
ity compared to a more aggregated CBC model. Provid-
ed the statistical efficiency does not suffer from too
sparse data on the individual respondent level, this lower
bias should generate a better forecasting performance
e.g. with regard to the prediction of choice shares based
on part-worth utility estimates. In addition, estimating in-
dividual consumer preferences enables the customization
of products to individual consumers, as well as (from a
theoretical perspective) a perfect absorption of a con-
sumer’s surplus, leading to maximum revenues (e.g.,
Schoder et al. 2006; Franke et al. 2009; Paetz 2018). On
the other hand, from a practitioner’s point of view, it is
not necessarily advisable to derive managerial implica-
tions from individual-level part-worth utility estimates.
Consumer goods companies commonly use second- or
third-degree price discrimination, and set different prices
for latent or known consumer segments, or offer only a
small number of product variants rather than individual-
ized product solutions. This is why segment-specific util-
ity estimates provide helpful information for marketing
managers to determine segment-specific marketing strat-
egies.

There is an ongoing debate within this context among
marketing academics whether to consider preference het-
erogeneity via a discrete or a continuous modeling ap-
proach (Wedel and Kamakura 2000; Natter and Feurstein
2002; Moore 2004; Karniouchina et al. 2009; Keane and
Wasi 2013). On the one hand, utilizing the discrete ap-
proach conforms to the assumption of perfectly homoge-
neous segments and hence to the use of a segmentation
framework employed for example by a latent class ap-
proach. However, the assumption of strictly separated
homogeneous segments may be overly restrictive (Wedel
et al. 1999, p. 222). On the other hand, addressing het-
erogeneity via the continuous modeling approach re-
quires the a priori specification of a statistical distribu-
tional form, e.g. a Gaussian or gamma distribution. In
this case, individual-level part-worth utilities are estimat-
ed by hierarchical Bayesian (HB) models. Here, the as-
sumption of using a pre-specified distributional form to
represent consumer heterogeneity can be criticized be-
cause estimation results are sensitive to this distribution-
al form (Wedel and Kamakura 2000, p. 327).
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Several studies have compared the performance of HB
and latent class conjoint choice models. From a statisti-
cal point of view, the findings relating to the perfor-
mance of HB versus latent class (conjoint) choice models
are not unambiguous. In empirical CBC studies, the HB
approach tends to be superior to the latent class approach
regarding model fit and forecasting accuracy (see e.g.,
Allenby and Ginter 1995; Allenby et al. 1998; Moore et
al. 1998; Moore 2004; Karniouchina et al. 2008; Keane
and Wasi 2013). However, several counterexamples are
known where neither approach outperformed its counter-
part in terms of forecasting accuracy (e.g., Huber et al.
1998 Teichert 2001a; Teichert 2001b). In the context of
simulation studies, i.e. studies in which true preference
structures are assumed to be known, the findings yield a
comparable performance of both approaches in terms of
parameter recovery and forecasting accuracy (e.g., An-
drews et al. 2002a; Gensler 2003). So no unequivocal
recommendation of one single approach can be made,
and the decision about which approach to use depends on
the researcher’s preference for and the purpose of the re-
spective study. Louviere (2006, p. 178) strongly argues
for the use of a discrete representation of heterogeneity
in applied economics because segmentation models often
fit the data at least as well as random parameter models
such as HB models, and are much easier to estimate and
interpret.

The following will focus on the segmentation approach,
and specifically on the latent class MNL model to deter-
mine segment-specific preferences. Two classes of seg-
mentation approaches can be distinguished in the context
of CBC: one-step approaches (to which the latent class
segmentation approach belongs) and two-step ap-
proaches (a priori segmentation and post-hoc segmenta-
tion approaches). The a priori segmentation approach
widely applied in the past obtains segment-specific pref-
erences for pre-specified segments. Here, based on indi-
vidual background variables of respondents like socio-
demographic or psychographic variables, consumers in a
first step are clustered into distinctive segments. Subse-
quently, homogeneous preferences within each pre-spec-
ified segment are determined via conjoint analyses. Pref-
erences between segments obviously only differ here if
the individual background variables of the respondents
actually relate to the differences in preferences. Although
the existence of this kind of relationship already was crit-
icized in early literature (e.g., Green and Krieger 1991;
DeSarbo et al. 1992), it is now undisputed that at least
socio-demographic variables only seldom constitute ap-
propriate predictors for customer behavior. Post-hoc
CBC segmentation approaches use HB estimation tech-
niques to estimate individual preferences in a first step.
In the second step, cluster algorithms such as k-means or
two-step clustering procedures are used to group consu-
mers with similar preferences into distinctive segments.
Two-step segmentation approaches have always been ap-
plied in marketing practice (Wedel and Kamakura 2000,
p. 5; Fennell et al. 2003; Lee 2006; Lopes 2012; Crabbe

et al. 2013), although it is well-known that they perform
worse compared to one-step segmentation approaches
when it comes to forecasting accuracy (Steiner and
Baumgartner 2004; Paetz 2016; Paetz 2018). In addition,
with the post-hoc segmentation approach, it is at least
questionable to search for segments in the second step af-
ter having estimated individual part-worth utilities in the
first step via the standard HB approach. This standard
HB approach assumes a multivariate normal distribution
as first stage prior for individuals’ preferences, disavow-
ing the possibility of clearly separated segments from its
initiation. In contrast to the two-step segmentation ap-
proach, one-step segmentation approaches (like the la-
tent class modeling approach) simultaneously group re-
spondents into segments according to their stated prefer-
ences and estimate segment-specific utilities. This cir-
cumvents the critique of two-step segmentation ap-
proaches which optimize different and unconnected sta-
tistical criteria in the two-step segmentation process
(Gustafson et al. 2003).

In the following, we focus on the latent class multinomial
logit (MNL) model as the most popular one-step segmen-
tation model for CBC data. The prominence of the latent
class MNL model is reflected in both a vast amount of
proposed academic studies (e.g., Teichert 2000; Greene
and Hensher 2003; Temme 2007; Goossens et al. 2014;
Elshiewy et al. 2017) and the extensive application of the
model in market research practice, the latter of which is
supported by the widespread use of the latent class mod-
ule by Sawtooth Solutions Inc. (Sawtooth Software
2004). After addressing the theoretical background of the
latent class MNL model, we use an empirical CBC data
set to illustrate how the model is estimated and validated,
as well as how the estimation results are to be interpreted.
A particular focus lies on the model selection process,
i.e., the identification of an appropriate number of seg-
ments. We further work out pitfalls in interpretation when
existing preference heterogeneity of consumers is ig-
nored. We ultimately provide a guide for applying the la-
tent class MNL model concerning model selection, esti-
mation, validation, and interpretation of results from both
a statistical and managerial perspective. Our contribution
further elaborates on the Marketing ZFP — Journal of
Research and Management article “Multinomial Logit
Models in Marketing — From Fundamentals to State-of-
the-art” in which Elshiewy et al. (2017) summarized the
most prominent MNL model variants for analyzing
choice behavior in marketing research, among them the
latent class MNL model. As with their article, our paper
is intended to help academics (e.g., advanced students or
Ph.D. students of business economics or business-related
degree programs) and practitioners (e.g., working at mar-
ket research institutes or market research departments)
theoretically understand and empirically apply the latent
class MNL approach.

The remainder of the paper is structured as follows: In
Section 2, we first review the simple MNL model and
discuss important measures to assess the statistical model
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performance and interpret estimation results. Next, we
extend this basic framework to the latent class MNL
model that accommodates unobserved heterogeneity in
customer preferences on the segment level. One of the
crucial steps here is to determine the right number of seg-
ments, which is referred to as model selection and dis-
cussed in Section 3. In Section 4, we provide an empiri-
cal application of the latent class approach that illustrates
the model estimation and model selection process, and
we offer a guideline for model validation and the inter-
pretation of results. In Section 5, we conclude and briefly
discuss advanced segmentation approaches.

2. Random Utility Models

The use of random utility models is common practice in
conjoint choice analysis (Train 2003, p. 18). The MNL
model and its extensions are very popular here. For di-
dactic reasons, we start with the simple (aggregate) MNL
model, consider its derivation based on random utility
theory, and provide the basics for model calibration us-
ing maximum likelihood estimation. We further discuss
statistical performance measures to assess model fit and
model validation as well as economic measures to inter-
pret parameter estimates (e.g., attribute importance).
Subsequently, we extend the simple MNL to the latent
class MNL to account for unobserved preference hetero-
geneity. Again, we provide details on model derivation
and the estimation procedure, and further point to model-
specific characteristics such as how respondents are as-
signed to segments.

2.1. Multinomial Logit Model: Theory and
Estimation

We assume that a respondent j behaves utility maximiz-
ing when making a choice decision. In a certain choice
occasion ¢, a respondent is assumed to choose that alter-
native i out of several alternatives m=1,..,I which pro-
vides the highest utility U,, to her/him. However, the
utilities U,, are unknown to the researcher in discrete
choice experiments or choice-based conjoint studies
(Elshiewy et al. 2017, p. 33). In particular, the researcher
can only observe the respondent’s most preferred alterna-
tive from her/his stated preferences, but not the exact
utility value for the chosen alternative nor the exact utili-
ty values for non-chosen alternatives. Therefore, she/he
has to rely on explanatory variables that describe the dif-
ferent alternatives and are captured within a design ma-
trix X,. The design matrix X; contains the coding of all
attribute levels (k=1,..,K,) of L relevant attributes
(I=1,...,L) that make up the alternatives. Furthermore, the
researcher is most likely unable to specify all relevant
determinants underlying a respondent’s choice decision
or utility. The researcher therefore has to incorporate this
uncertainty in addition to the deterministic utility compo-
nents in the model, leading to so-called random utility
models (McFadden 1974). In particular, random utility
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models assume that the stochastic utility U, is composed
of a deterministic and a random part:

K,

U..=

Jti

M=

X " P + Ejis (1)

1 k=1

where x;,, is a binary variable (as a component of the de-
sign matrix X,) that equals one if alternative i in choice
occasion f possesses level k of attribute /, and zero other-
wise. ,Bﬂk represents the part-worth utility of respondent j
for level k of attribute /, and g;, is a random error term
[2]. The first part of the utility is the deterministic part
which is formulated by the researcher, with the second
part constituting the stochastic part of the utility. The sto-
chastic part captures all effects impacting the utility of
the respondent, which are not observable or controllable
by the researcher and therefore not incorporated into the
deterministic part (i.e., as exploratory variables). The
random error term is assumed to follow a specific proba-
bility distribution. Commonly, &, is assumed to be
Gaussian or i.i.d. Gumbel distributed, which respectively
results in the multinomial probit (MNP) model or the
MNL model. The MNL model has the desirable property
of a closed-form solution for choice probabilities. Ac-
cordingly, the probability that respondent j chooses alter-
native i* in choice occasion 7 is:

T K,
B exp(u Dy Zk:'lszi‘zk ) /lk)
= = I %K
Zm:l eXp(,M . Z[:] Zk:lxjtmlk ’ jlk),

where u (u > 0) is the scale parameter of the MNL mod-
el. For model estimation, u is implicitly set to one (Train
2003, p. 41).

Whereas the existence of a closed-form solution for
choice probabilities represents an advantage, the MNL
assumes independent error terms both across choice de-
cisions of one respondent and across choice decisions of
different respondents. In addition (and this might be
more critical), the MNL model involves proportional
substitution patterns across alternatives known as the in-
dependence of irrelevant alternatives (IIA) property (Lu-
ce 1959). Stated otherwise, the ratio of choice probabili-
ties between two alternatives is independent of the exis-
tence of other alternatives. It is however important to
note that the ITA property holds only on the aggregation
level on which the part-worth utility parameters have
been estimated. If we account for preference heterogene-
ity on the segment level by estimating for example a la-
tent class model (i.e., part-worth utilities vary for differ-
ent segments), the IIA property will hold only on the seg-
ment level, but is softened on more aggregated levels,
e.g., for aggregate choice share predictions. Therefore,
while the simple MNL model (5, = 8 V) is fully prone
to the ITA property, the latent class MNL is not.

P,(i") (2)

Maximum likelihood estimation can be performed to de-
termine the homogeneous part-worth utility vector S of
the simple MNL model. Assuming that respondents’
choice decisions are independent, the log-likelihood
function can be stated as (e.g., Balderjahn 1993):







