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Book Tribute to Wagner Kamakura

Vita fugit, facta manent.

Prologue

This book is an academic and personal tribute to Professor Wagner A. Kamakura, Doctor Honoris Causa
of the University of Granada, a highly respected scholar in economics, business, and marketing, and
someone closely connected to our university for almost two decades. His passing in 2025 represents
an enormous loss but also leaves us with the responsibility to preserve and carry forward his intellectual,
human, and academic legacy.

This volume brings together contributions from colleagues, , collaborators, and friends who shared
research, teaching, and conversation with him. In addition to celebrating an exceptional academic, we
wish to recognize hisvision of the university: rigorous, generous, international, committed to data,
oriented toward generating useful knowledge, and marked by enduring intellectual rigor and curiosity
and a gift for illuminating what is essential.

For the University of Granada, and particularly for the Department of Marketing and Market Research

a prestigious visiting professor. He was aleading authority on methodology, a long standing
collaborator, an inspiration to professors and students, a magnificent colleague, and a great friend.

Wagner A. Kamakura was born in S&o Paulo, Brazil, into a family of Japanese immigrants. His life reflects

a multifaceted identity: Brazilian by birth, Japanese by ancestry, Latin American by culture, American

by academic training, and a citizen of the worll by vocation. He initially trained as a mechanical

Oy YayOOdiroDgdegoOi 6&eGgl 400 ayoCgeayoeeod w tayaeGdwiGa
engineering, a technical foundation that would shape his later research orientation.

His intellectual curiosity led him to the University of Texas at Austin, where he completed his PhD in

Business Administration, specializing in marketing, under the supervision of Professor Rajendra K.
Srivastava. From that point on, his career combined anexceptional sensitivity to substantive issues in

consumer behavior with a rigorous command of the quantitative tools needed to analyze them.

After completing his doctorate, he pursued his academic career at prestigious universities, including
the State University of New York, Vanderbilt University, the University of Pittsburgh, the University of
lowa, Duke University, and Rice University. Hisesearch has been published in some of the most
influential journals in the field, establishing him as one of the world's leading researchers in marketing.

His work is grounded in a solid methodological foundation and a clear quantitative perspective. It
addresses a wide range of issues, including market share prediction, innovation diffusion,
segmentation, preference heterogeneity, brand equity, choice model s, latent structures, and
lifestyles. Yet his contribution lies not only in the breadth of topics he covered or in the quality of his
publications. His deepest contribution is his approach to research: seeking patterns of behavior without
ignoring heteroge neity, working with observable data, using advanced models without treating them
as ends in themselves, and always placing the practical value of knowledge at the center of his work.

His excellence in research was matched by his qualities as a teacher. Those of us who worked with him
in classes, seminars, or projects will always remember his warmth, ability to synthesize ideas, simplicity,
understated humor, and gift for getting to the heart of the matter. Wagner did not need to dazzle to
teach. He knew how to listen, organize, simplify, and help others think better. In short, he brought out
the best in us.
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The chapters in this volume are grouped into four blocks and reflect the breadth of Professor

T Y0 Y0 gdv¥%zéd Y%EYw Oua E dhey inciide Cahtébiitions frdm:h oty Je&/gnReSearchers
from seventeen universities in six countries, united in recognition of a career that played a decisive role
in establishing marketing as a rigorous, empirical, international, and applied discipline.

Some contributions engage with his key methodological and analytical work; others focus on
substantive issues in marketing, consumer behavior, value, segmentation, choice, innovation, or the
relationship between firms and consumers. Many of them focus on dgitalization and the emergence

of Al in marketing. Indirectly, all of them pay tribute to Professor Kamakura. More directly, some
contributions adopt a more personal and evocative tone, portraying the professor, colleague, and

friend who accompanied so many on their academic journeys.

mdaloeeado Tl %Ogd%mzedodOo+wGadayeaabor 4Gaoagdogyal Ode
shared years of teaching, research, and friendship with him, represents a bond that has enriched our

institution. His presence helped open new horizons and eminded us that the university is also built

through personal relationships grounded in trust, generosity, and shared endeavor.

This book is, above all, an act of gratitude. Gratitude to
Professor Wagner A. Kamakura for his work, teaching,
and friendship. For teaching us that rigor can be
exercised with simplicity, that academic excellence does
not require arrogance, and that the true value of research
lies in its ability todeepen our understanding of reality

and help improve it.

Our warmest gratitude also goes to Cissa, his wife, an
indispensable companion throughout his life and career.

Gyo6 a0di o7 O dOEAYYyakOd %y d a4y & 0ODY
personal story and of the bonds that both forged with so

many people and universities, incluing our own.

We also wish to thank the authors who contributed to this

volume, as well as those from the University of Granada,

the Faculty of Economics and Business, the Department

aU0 [ #d6O0OGay YO uyl 6 [ %doOGo pO& Owd
Degree in Marketing and Consumer Behavior who

helped make this tribute possible.

I would like to believe that there is another life in which we
may meet again and talk about so many things, for there
is still so much to discuss, my friend.

Teodoro Luque-Martinez.
University of Granada (Spain)
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Abstract
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spatial factor analytic model which allows extracting spatially correlated attitudes. We

decompose the factors into regional and individual components, introduce demogr aphic

covariates at both levels and include spatial dependence at the regional level. The model can

handle the problem of missing data at the zip-code level, arising because of the collection of

survey data for a random sample of zip-codes. We apply the agroach in an empirical study on

consumer attitudes towards financial services in the Netherlands.

Keywords

geotargeting, mindset metrics, factor analysis, spatial models, Bayesian inference
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extensive work on the development and application of factor analysis models.
His work has shown that factor analysis, formulated and estimated in a
(simulated) likelihood framework, is a powerful tool for imputing missing
observations in survey data (Kamakura & Wedel, 2000), for exploring
truncated data (Kamakura & Wedel, 2001) for examining data structures
where latent variables are nonnormal (Wedel & Kamakura, 2001) for
enhancing cross selling effectiveness in database marketing (Kamakura et al.,
2003) , for uncovering audience preferences for concerts from ticket sales
data (Kamakura & Schimmel, 2013) and for mapping product reviews (Moon
& Kamakura, 2017) amongst others. Inspired by this impressive body of work,
we develop a factor analytic model for geotargeting in this study.

One of the challenges of geographical targeting is to identify the properties
of a particular geographical area to optimally match marketing efforts. For
instance, placement of local billboards, direct marketing, and sponsoring of
local sports clubs are anong many other decisions in which the properties of
geographical areas play an important role. While transaction data have been
shown to be very effective for targeting (Van Diepen et al., 2009), they are
only available for existing customers and not for non-customers which are
often of primary interest in geographical targeting. Zip-code level
demographic variables are often used as proxies for unobserved consumer
behavior, but unfortunately the relationships of these variables with the
behaviors of interest are often weak.

byd GaoOo aGaodo avwyiio tayl 8066 WOGAdAEED &g
attitudes and interests have been successfully used to diagnose market
performance in areas such as branding and advertising(Keller & Lehmann,

2006; Valenti et al., 2023)) . They provide powerful diagnostics of interest in

product offerings and often exhibit stable long -term relationships with
Eay&guoOdezo cCOavl aadv+d dOobDinde asesssed * g & Ga
through these measures, has been shown to translate to improved
performance in many categories and markets (Srinivasan et al., 2010)

Mindset measures are obtained from consumer surveys (Srinivasan et al.,

2010). Obtaining these measures for all target customers in a geographic area

is prohibitively expensive, however, and therefore usually the survey is
conducted among a small sample of consumers and zipcodes. The purpose

of the present paper is to build on Kamvs6 g d %z €067 4d 066 %y 1 61 O O
analytic method that facilitates the use of survey-based mindset measures

for geographical targeting, relating them to commonly used demographic

variables, and exploiting their spatial dependencies to facilitate target

selection.
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mindset metrics and demonstrate the approach in an application to customer acquisition for
financial services. Specifically, we develop a confirmatory factor model to assess the underlying
mindset measures. The confirmatory factor model accommodates spatial dependence between

zZip-code areas and decomposes observed and unobserved heterogeneity in the data into
household and regional sources of variation. This enables demgraphic data to be used at both
individual and regional levels(Steenburgh et al., 2003) .

There are several challenges in predicting spatial dependence of attitudes. We address those with
the proposed model. 1) Since in most applications large numbers of mindset variables are
measured, dimension reduction is called for to condense these variabés into a limited number of
unobserved mindsets. If theory is available to condense a priori developed measurements into
factors, confirmatory factor analysis is appropriate. 2) Such a factor analytic model needs to
accommodate the fact that mindset metric s are measured on Likert scales. We therefore use a
cut-point formulation to reflect that the observed ordinal responses derive from underlying
continuous mindset factors. 3) The variation in factor scores is caused by regionatlevel and
individual-level variation. We therefore model the scores on mindset factor scores as consisting
of two components: regional and individual parts. 4) Spatial dependence of the factor scores at
the regional level needs to be accommodated. Previously, Bronnenberg and Mahajan (2001)used
spatially lagged intercepts, Mittal et al. (2004) used geographically weighted regression (GWR),
Yang and Allenby (2003) and Jank and Kannan (2005) used a spatial lag model. In this paper we
apply the spatial lag approach (Anselin, 1988)to capture the spatial dependence of unobserved
factors at the regional level. 5) Demographic and geographic covariates will affect the factor
scores at both regional and individual levels. In our approach we use a regression style formulation
to enable regional variation in the factor scores to be driven by regional characteristics and
individual consumer variation by individual characteristics. 6) A factor analytic approach to
geographic targeting based on a survey sample needs to account for missing dat at the regional
level. Mindset metrics are typically collected through random or stratified samples of a population,
which will often not cover all geographical regions of interest. Such missing data on regions
hampers the ability to use model results to target regions, because for many regions no such
information is available. FollowingKamakura and Wedel (2000), our approach imputes regional
effects for missing regions. Our approach addresses all these five issues simultaneously.
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2.1.Model specification

We propose a Bayesian spatial factor analytic model that extracts latent and spatially dependent
factors, extending the literature on likelihood -based (Kamakura & Wedel, 2000; Kamakura &
Wedel, 2001; Wedel & Kamakura, 2001pnd Bayesian and spatial factor analysiAnsari et al.,
2002; Christensen & Amemiya, 2002, Hogan & Tchernis, 2004; Stakhovych et al., 2012). Our
contribution over these prior approaches is that we: 1) develop a spatial confirmatory factor model
that accommodates separate region (zip-code) level and individual level effects; 2) utilize a cut

point formulation to accommodate the measurement sca les of the mindset variables; 3)
introduce exogenous covariates that influence factors at both zip -code and individual levels; and
4) impute data for regions that are missing from the sample.

Every consumer j=& f Sffoth Region i=&F ST 0 Goxdt® K Deiny dnéadating scale with H
ordered categories. We assume that the observed response Xy is driven by latent variable yi
where the response X = h is observed if i is located between two cut-points, Xijx=h if G < Yix <

ci 6 0Uado60006arf ST 6 T ponjsiae arde@d, det 651K &, DiRIGhe firsD @nd IgsGeut

points are fixed to ¢, = GHb and ¢y = +Hb for identification. All other H G 1 cutpoints (¢S Ra) are

estimated. The probability of the ordinal response is:

b E . MA AU (D
where f is a probability density function of the latent variable yix.

We assume that the survey instrument is developed with the purpose of measuring a specific set
of factors representing mindsets of consumers. Thus, the continuous variable y;is modeled
according to a confirmatory factor model specification:

Yi = ¥ ¥+ Rj, Rj~ Nk(0,lk). 2)

Equation (2) represents a (reflective) factor analytic model, where yjis a K dimensional vector of
latent unobserved values obtained from observed discrete responses x;. These values reflect
unobserved mindsets inregioni=a ¥ St Go U & d b Sth@varatod ifi variable y (Kx1) can be
explained by L latent factors u; (Lx1), the hierarchical and spatially dependent structure of which
will be defined later. These latent factors are mapped to the observed variables by a KxL factor
loadings matrix ¥. Theoretical constraints are imposed on the loading matrix, such that it reflects
how the underlying factors are measured by the items in the survey. Typically, this involves
constraints such that one item loads on one or limited number of factors, whilefor each factor one
loading is constrained to be equal to 1 to identify its measurement scale. Finallyg; are K-variate
measurement errors, which are assumed to be standard normally distributed.

We decompose the factor scores to capture regional (&) and individual (%) effects: =&+ ?;. This

decomposition reflects the different sources of variation in the data and allows us to assess how

much is lost by geo-targeting zip-code areas rather than individual consumers or households. We
next introduce covariates at the individual and zip-code levels, as well as spatial autocorrelation at
the zip-code level.
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The matrix Q, contains individual specific covariates. We link those covariates to the factor scores
as follows. Note that ?; is of the same dimension asy, i.e. it can be represented by a Lx1 vector.
We combine the factor scores from all n=+J;individuals into one matrix X = @18 &S #,S5?;... %)’

of size nxL. This matrix is partitioned into L vectors?, (nx1), such that?,is kth column of X = (?:S %
S %) and contains all individual effects across all n individuals for factor | & & ¥ S The Vé&or of

individual random effects for factor | follows a regression formulation: 7= Qn+ 31, where,is a
vector of parameters for factor |; and 3,is a vector of error terms. If one stacks all?in one vector,

then for all factors simultaneously one obtains:

vec(X) = vec{?} = diag{Qi}-vec{) 1} + vec{3}; vec |} ~ Nin(0,8& 1), (3)

where diag{Q|} is a diagonal matrix with Qon its diagonals;[3 is a positive definite matrix of size
LxL which captures the covariance of individual effects between factors; and & is the Kronecker
product.

The matrix Z contains region-specific covariates The regional effects 4 are contained in a vector
of size Lx1. We combine these effects into one matrix V = &SuSu)' of size IxL. This matrix is
partitioned into L vectors 4 (I1x1), such thaty is Fth column of V = (#:SuSu) and contains the
regional effects across all | regions for factor I. The vector of regional random effects for factor |
has a regression structure,ti = MWu + Zf 1+ €, whereyis a vector of parameters for factor I; mis
a spatial dependence parameter; W is an IxI spatial weights matrix and, is a vector of error terms.
The spatial weights matrix W is a nonnegative matrix that specifies the neighborhood set for each
region. We thus use a firstorder contiguity specification of W which is simple to construct and
produces robust results (Stakhovych & Bijmolt, 2009) . The contiguity weights matrix is
constructed in such way that regions that have a common border have nonzero elements wis. A
nonzero matrix element wis indicates the relation between region i and region s. Because seHl
neighbors are excluded the diagonal elements are zeros (w= 0). Weights across each row sum to
one: Wi =wis/ tswis, which facilitates interpretation because the weighted average of the
neighboring values formulates a spatial lag operator which is applied to the unobserved variabley
and serves as a measure of clustering of regions with similar effects. The values of the spatial
autocorrelation parameters m indicate the strength of spatial dependence between regions. A
positive value indicates that the neighboring regions are more similar leading to distinct clustering.
Because we use a standardized weights matrix W, the maximum value ofis 1 and the minimum is
1A min, Wherel min is the minimum eigenvalue of W. Thus, the submodel of our confirmatory factor
model is a mixed spatial autoregressive model in which the regional effects are: a) spatially
correlated across regions via the structure mWs; and b) a function of region-specific explanatory
variables Z. Stacking allss we obtain the sub-model for the regional effects:

vec(V) = vec{u} = 1& W-vecfu} + diag{Zi}-vec{r |} + vec{S 1}; vec{S } ~ NLi(O,wd 1)), (4)

where P is an LxL diagonal matrix with spatial correlation parametersaon its diagonal anduj (LxL)
is a positive definite matrix which captures the covariance of regional effects between factors.
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2.2. Model estimation, inference, and imputation

We adopt a Bayesian approach and estimate the model using Markov Chain Monte Carlo (MCMC)
methods. A general factor analytic model suffers from location, scale and rotation indeterminacy
(Wedel & Kamakura, 2001) We solve these indeterminacies by imposing identification constraints,
which involve fixing some of the elements of ¥ to zero and fixing at least one of the elements in
every column of ¥ to one. Further, we fix the covariance matrix of the error terms to an identity
matrix. The sampler is run for 1,200,000 iterations, with a burnin of 200,000 and subsequent
thinning with factor 1,000, resulting in 1,000 target draws. Convergence is assesed using
standard diagnostics tools. We consider the evidence for an effect very strong if the 99% Credible
Interval of the corresponding parameter does not cover zero.

In the MCMC chain we sample from the posterior distributions of parameters for the regions with
missing data, conditional upon the observed data. This approach achieves two very important
goals. First, it improves the prediction of regional effects dy, by not only using the covariates but
also by borrowing information from nearby regions. If one ignores the spatial structure in the data,
then the imputations would be biased. Second, it improves the quality of the estimated
parameters by using not only the covariates from regions with observed data but also covariates
from regions with missing survey data, for which the region specific covariates are usually
obtained from secondary data sources.

wd

WO



Book Tribute to Wagner Kamakura

We apply our approach to data from the financial services industry in the Netherlands. The data
has been collected by the international market research company Growth from Knowledge (GfK),
among a representative sample of 3,963 households. In face-to-face interviews, the respondents
were asked to answer questions regarding perceptions and attitudes towards financial services on

%

25 questions that measure inted O8 Go 4y 0 U&y Uy E& %+ 00 %GG0d&oyzZGy GOdoOe
0%GG0dedyZTyar -0l YOzFr50064aGOu&Wro%uGGaGgl Oed Gal T

S
o,

for trusted banks ("Trust", 4 items). In addition, respondents were asked about ownership of
financial products, including mortgage and income protection insurance. The data also contains
information on 90 zip -code areas the households in the sanple were located in. Available region
level covariates include the fraction of households in a zipcode region that owns a house, the
fraction of households in a region that owns a business, and the fraction of households in a region
that has a low sociceconomic status. Individuaklevel covariates include household size,
household income, gender, and age.

3.2. Model comparison

We estimate the confirmatory factor model with the six factors measured by the 25 items in the
survey. We compare the proposed model with four nested benchmark models, using the WAIC
(Watanabe- Akaike Information Criterion; Gelman et al. 2014)for model selection. Benchmark 1
ignores the spatial structure of regional effects, i.e. the spatial parameters m are set to zero. The
mindset factors are decomposed into regional and individual parts, but regional effects are
assumed independent. For this model, WAIC= 221,486. In benchmark 2 the regional effects are
removed completely (& = 0), i.e. factors only contain individual effects. This setup resembles a
traditional confirmatory factor model, without a decomposition of factors. For this model, WAIC=
231,401. In benchmark 3 the individual effects are removed ?; = 0) and only regional effects are
kept. This setup reflects a situation in which region level data is available only and used as input
for a standard factor analysis. For this model, WAIC= 260,240. Finally, benchmark 4 has neither
individual (Q)) nor regional (Z) covariates. For this model, WAIC= 221,609. The proposed, full
model has a WAIC = 221,473, which is the lowest among the five models estimated and thus WAIC
statistic favors the full model over all benchmarks.
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3.3. Factor loadings

The estimates for the cut-points are (01.673; 0.157; 0.917; 2.534); note the large distance
between the first and second, and between the third and fourth cut -points. Table 1 reports the
estimates of the factor loadings. None of the 99% Credible Intervals of the free loadings covers
zero, all loadings have the expected signs and have meaningful interpretations. The extracted
factors explain a high fraction of the variance of the items, with many factor loadings being larger
than 0.7. Importantly, the model correctly captures the expected directionality of effects. For
example, item 20 captures risk seeking behavior and its estimated loading is positive, while items
18 and 21 measure risk aversion and the estimated loadings for these items are negative.

RN ’ﬂ
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Table 1.Posterior Means and Credible Intervals (Cl) of Factor Loadingsy

Interest 1

Knowledge 7

10
Fees 11

12
13

Products 14
15

16
17
18
Risk 19

20
21

Trust 22
23

24
25

| like to talk with friends about banking
| am very interested in insurance products

I like to talk with others about insurance
| am very interested in banking (insurance, investments)

If | see something about investments in newspapers or
magazines, | will read it

If | see something about insurance in newspapers or magazines,
I will read it

I know a lot about banking (insurance, investments, etc.)

I am well informed about various investment opportunities
| believe | am well informed about various types of insurance

| believe that | know well what banks can do for me

When it comes to information about banking and insurance, | do
not try to save money

I think it is reasonable that you have to pay for banking services
If I need financial advice, | do not mind paying for that

| am very interested in new investment opportunities

If | see something in a newspaper or magazine about
investment opportunities, | will read it

If | see something in a newspaper or magazine about insurance
products, | will read it

| am very interested in the latest banking and insurance
products

| try to stay informed about new ways of saving

| try to avoid financial risk as much as possible

When you invest it is exciting to take some risk

I never invest in highrisk financial products, even if | could earn
a lot of money

It is nice to be a customer of a bank where you know the people

| trust my money matters only to a well known bank
The service that a bank provides is very important for me

It is comfortable to be a customer of a bank or insurance
company that provides you with good advice

1
0.702
(0.678, 0.733)
0.932
(0.898, 0.968)
0.704
(0.678, 0.732)
0.863
(0.831, 0.897)
0.648
(0.621, 0.675)
0.551
(0.521, 0.581)
1
0.367
(0.341, 0.392)
0.258
(0.234, 0.284)
0.749
(0.701, 0.800)
1
0.789
(0.745, 0.842)
1
0.927
(0.890, 0.962)
0.664
(0.635, 0.693)
0.716
(0.686, 0.745)
0.587
(0.557, 0.615)
00.752
(00.804, 00.693)
1
00.651
(00.712,00.590)
0.333
(0.292, 0.374)
0.793
(0.741, 0.853)

1
0.942
(0.886, 1.002)

Note: Bold indicates that the 99% Credible Interval does not contain zero.
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3.4. Effect of demographic variables

The estimates of the effects of zip -code level covariates are presented in Table 2 and those of
the individual level covariates in Table 3. There is very strong evidence for positive effects of
home ownership on Interest, Knowledge and Products, and of lowsocial class on Interest, Fees
and Products (Table 2). Entrepreneurship does not play a major role.

Table 2. Posterior Means of Effects of Zip-code Covariates on Factors,

Fraction of HHs in a region with:

Own house 1.186 1.449 0.612 1.115 0.594 00.645
Entrepreneurship 0.829 0.856 0.642 0.907 0.170 0.550
Low social class 1.219 1.046 1.064 1.143 0.763 00.353

Note: Bold indicates that the 99% Credible Interval does not contain zero.

For individual covariates (Table 3), there is very strong evidence that household size has positive
effects on all factors except Trust; that gender (male) has a negative effect on all factors except
Trust; that age has a positive effect on all factors except Fees and Trust; and that household
income has a negative effect on all factors except Trust.

Table 3. Posterior Means of Effects of Individual Covariates on Factors,

HH size 0.053 0.061 0.082 0.068 0.064 00.011
Gender 00.496 00.807 00.202 00.619 00.478 0.034
Age 0.088 0.091 00.046 0.109 0.159 00.107
HH income 00.120 00.225 00.057 00.172 00.059 0.014

Note: Bold indicates that the 99% Credible Interval does not contain zero.
3.5. Spatial autocorrelation

There is very strong evidence for positive spatial correlation (M across zip-code areas for four out
of the six factors: Interest (0.434), Products (0.447), Knowledge(0.348) and Fees(0.410). These
mindsets are extensively studied in finance(e.g. Roig et al., 2009), but their spatial correlation has
not been previously documented. To illustrate the spatial correlation, we plot the regional effects
¢ for the factor with the highest (Products = 0.447) and the lowest value of m(Risk = 0.149). Figure
1 plots the normalized regional factor scores by zipcode on a map of the Netherlands. A higher
degree of spatial correlation for Products in Figure 1(a), leads to a more distinct spatial clustering,
relative to the map for Risk inFigure 1(b), which is patchier. These reslis imply that in targeting
households with offers for specific financial products at the zip-code level, regional clusters will
impact the effectiveness of the campaign.
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4. Conclusions

In this paper, inspired by the extensive work of Wagner Kamakura on factor models, we presented
a method to support geotargeting based on mindset metrics. The Bayesian spatial factor analytic

model we proposed considers the discrete measurement scale of the observed survey measures

by using a cut point formulation, models factor scores at regional and individual levels, includes
demographic variables, allows for heterogeneity of parameters at both levels, and for spatial

covariance of the factor scores at the regional level. The importance of considering spatial

dependence was demonstrated on real data on mindsets towards financial services. The model
can handle the problem of missing data at the zip code level. In future research, the model could

be extended to mixed-data outputs (Wedel & Kamakura, 2001)

The proposed model allows marketers to focus marketing activity on specific geographic areas
Gua+adOl 6 GAOEayeguOdezo +aE%U+0Eg+GgdOF oy OO0l &F 6 vy |
illustrated how local branches of financial institutions may usethe model to implement customer

relationship management (Kamakura et al., 2003) by target existing and new customers in their

immediate zip-code area based on their mindsets, and customize marketing communications and

financial offerings based on local knowledge of and interest in financial products, risk tolerance,

and trust. The model imputation makes it possible to even target zip-code areas that are not

included in the sample used to collect the financial mindset measures.

(a) Products factor, r = 0.447*** (b) Risk factor, r = 0.149

Figure 1 Normalized regional factor scores for (a) Products and (b) Risk.
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This chapter examines the bidirectional relationship between political ideology and consumer

behavior, arguing that ideology both shapes consumption and is shaped by it.The intersection of

political ideology and consumer behavior raises several provocative questions for markeing

scholars. Are liberals or conservatives easier to satisfy? How do their underlying cognitive
processing styles lead tosubstantially different product preferences and brand loyalties? Drawing

on political psychology, sociology, and marketing studies, the chapter synthesizes evidence that

political identity organizes preferences, satisfaction, complaint behavior, brand attachment,
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consumption choices and experiential encounters can reinforce or transform ideological

orientations. Thus, the chapter aims to: (1) summarize and evaluate the current state of research
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1.Introduction

The intersection of political ideology and consumer behavior raises several provocative questions
for the modern marketer: Are liberals or conservatives easier to satisfy? How do their underlying
cognitive processing styles lead to vastly different product preferences and brand loyalties? While
marketing research has long recognized that political orientation serves as a powerful driver of
lifestyle and preferences (Jost, 2017), the relationship is far from a simple one-way street. It is a
bidirectional, dynamic interaction where ideology shapes consumption choices, and consumption
experiences, in turn, feed back into the evolution of political identity (Jung and Mittal, 2020).

Political identity functions as more than a demographic label; it is a deep psychological structure that
organizes consumer behavior in predictable ways. Systematic differences in personality, cognitive
processing, and motivational concerns create elective affinities between certain products and
specific ideological positions. For instance, conservatives tend to be more satisfied with their
purchases than liberals, a "satisfaction gap" rooted in a stronger belief in personal agency and free W
(Fernandes et al., 2021). Conservatism is also associated with stronger brand attachment, greater
psychological reactance toward government-mandated restrictions, and differential risk-taking
behaviors depending on self-efficacy levels (Chan and llicic, 2019; Irmak et al., 2020).

While the influence of ideology on buying behavior is wel

documented, the reverse direction Unow consumption

shapes ideologyUremains a critical frontier, particularly in
marketing research. Consumption is rarely a neutral act; it
is a system of social sigrls that constructs and reinforces

political belonging (Bourdieu, 2019). Through reflexive

lifestyle choicesUorganic produce, fair-trade goods, or

symbolic products Uconsumers cumulatively entrench and

signal their political orientations (Giddens, 1990;
Hetherington and Weiler, 2018). Experiential consumption,
such as travel and crosscultural interaction, can further

serve as a catalyst for ideological change (Saha et al.,
2017).

Despite substantial evidence from sociology and political
science on how consumption influences political identity,
marketing research has contributed comparatively little to
this reverse direction. This chapter addresses that gap.
Specifically, it aims ta (1) summarize and evaluate the
current state of research on the interactive relationships
between political ideologies and consumption behaviors,
and (2) provide a roadmap for future inquiry . In doing so,
we encourage marketing scholars to adopt frameworks
such as consumer segmentation (Kamakura & Russell,
1989; Wedel & Kamakura, 2000) to better capture how
political orientations differentially moderate responses to
marketing activities.
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This section reviews the existing literature on both directions of the relationships between political

orientations and consumption behavior. Section 2.1 focuses on the influence of political
orientations on consumption systematically shape their product preferences, brand relationships,

satisfaction levels, complaint behaviors, responses to regulation, and financial decisioamaking.

This direction has received considerably more scholarly attention in the marketing literature and is
supported by a substantial body of empirical evidence.

Section 2.2 then turns to the less-explored but equally important reverse direction in the
marketing field U the influence of consumption on political orientations. This direction examines
how consumers' purchase experiences, lifestyle choices, experiential consumption, and exposure
to goods, services, and cultural environments actively shape, reinforce, and m some cases
transform their political identities and ideological positions. While this direction has been more
extensively theorized in sociology and political science, it remains an underexplored area in
marketing research, representing a significant opportunity for future scholarly inquiry.

2.1.Literature Review on the Influences of Political Orientations on Consumption

The influence of political orientations on consumer behavior represents a well established and
growing area of inquiry in marketing, consumer psychology, and related disciplines. A substantial
body of empirical research demonstrates that individuals' political identities U whether liberal,
conservative, or moderate U systematically shape their consumption preferences, decision-
making processes, complaint behaviors, responses to regulation, and overall satisfaction with
products and services. This section reviews the key findings in this domain, organized thematically
to provide a coherent account of how political orientation functions as a driver of consumption
behavior.

A foundational contribution to this area is provided by Jung and Mittal (2020), who offer a
comprehensive conceptual treatment of political identity as a consumer behavior construct. They
identify four key dimensions relevant to consumption: the definition and conceptual structure of
political identity, practical approaches to its measurement, its role in consumer decisiornr making,
and its influence across the consumer journey in retailing. Their framework establishes political
identity not merely as a demographic variable but as a psychologically meaningful construct that
systematically organizes consumer preferences and behaviors across a wide range of
consumption contexts.

Complementing this framework, Jost (2017) provides a broad synthesis of political psychology
research demonstrating that liberals and conservatives diverge systematically across personality
characteristics, cognitive processing styles, motivational concerns, personal values, and even
neurological structures. Jost (2017) argues that these deep psychological differences have direct
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and measurable implications for consumer choice, judgment, decisionmaking, persuasion,
advertising responses, and customer satisfaction, establishing the psychological foundations
through which political orientation shapes consumption at a fundamental level.

Caldwell, Elliot, Henry, and O'Connor (2020) extend this framework by examining the relationship
between political ideology and consumers' attitudes toward their rights and responsibilities. Using
two survey studies with consumers of the Uber ride-sharing service, they test a model mapping
political ideology U liberalism, conservatism, and libertarianismU onto moral foundations including

harm avoidance, fairness, ingroup loyalty, authority and respect, and purity. Their findings
demonstrate that political ideology is meaningfully associated with how consumers conceptualize
their rights and responsibilities in the marketplace, suggesting that political orientation shapes not
only what consumers buy but how they understand and enact their role as consumers \thin

broader social and institutional frameworks.

One of the most extensively documented consumption outcomes of political orientation concerns
customer satisfaction. Fernandes et al. (2021) synthesize evidence from nine studies employing
diverse methodologies, data sources, product categories, and participant populations to
demonstrate that conservatives are consistently more satisfied with the products and services they
consume than liberals. The mechanism identified is belief in free will: conservatives are more likely to
believe that individuals have genuine agency over their decisions and therefore trust their own
consumption choices more readily, generating higher satisfaction. The downstream consequences
of this effect are substantial, including higher repurchase intentions, stronger recommendation
intentions, and measurable impacts on firm sales. Importantly, this satisfaction advantage is
attenuated when belief in free will is externally weakened, when consumer choice is restricted, or
when the consumption experience is overwhelmingly positive regardless of ideology. This finding is
further contextualized by Jung and Mittal's (2020) observation that political identity shapes the
entire consumer journey, suggesting that the satisfaction differential identified by Fernandes et al.
(2021) is not an isolated phenomenon but part of a broader pattern of politically differentiated
consumer experience.

Political orientation also systematically influences how consumers respond when consumption
experiences fall short of expectations. Jung, Garbarino, Briley, and Wynhausen (2017) analyze
three large consumer complaint databases from the Consumer Financial Rotection Bureau, the
National Highway Traffic Safety Administration, and the Federal Communications Commission, in
conjunction with county-level political ideology data derived from the 2012 U.S. presidential
election results. Their findings demonstrate that conservative consumers are significantly less
likely than liberal consumers to file complaints and less likely to dispute complaint resolutions. The
mechanism identified is system justification: conservatives' stronger motivation to justify and
maintain existing social and institutional arrangements reduces their propensity to challenge firms
or regulatory bodies through complaint behavior. This finding has important implications for firms'
understanding of how political orientation shapes post-consumption behavior and customer
relationship management.

Political orientation also shapes consumers' relationships with brands. Chan and llicic (2019)
demonstrate across five studies that conservatism is associated with stronger brand attachment
bonds. Their account attributes this relationship to conservatives' greater feelings of uncertainty,
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which motivate them to seek psychological security through the formation of strong attachments
to familiar and trusted brands. This finding suggests that political orientation shapes not only
discrete purchase decisions but the deeper relational bonds consumers form with brands over
time, with significant implications for brand management and loyalty strategies.

Consumption of luxury goods represents another domain in which political orientation exerts a
systematic influence. Kim, Park, and Dubois (2018) demonstrate that conservatives' desire for
luxury goods is driven by the goal of maintaining social status. Draving on survey data examining
car purchases, desire for luxury car brands, and willingness to pay for eyewear products, they show
that conservatives are more strongly motivated by status maintenance concerns in their luxury
consumption, and offer insights into how luxury brands can effectively tailor their communications
to conservative audiences. This finding connects political orientation to the symbolic and status
dimensions of consumption, suggesting that conservative ideology amplifies the appeal of goods
that signal social position and hierarchy.

Political orientation also powerfully shapes how consumers respond to government-imposed
consumption regulations. Irmak, Murdock, and Kanuri (2020) investigate this relationship through a
natural experiment and three laboratory experiments. Their natural experiment demonstrates that
conservatives U but not liberals U increase their mobile phone use in cars following the enactment
of a law prohibiting that behavior. Their experimental studies further show that when exposed to
government -imposed consumption regulations such as usage restrictions or warning labels from
the Food and Drug Administration, conservatives are more likely to use restricted products,
purchase unhealthy foods, and view restricted behaviors more favorably. Critically, these reactance
eff ects are specific to government sources and do not emerge when the source of the regulation is
a non-governmental entity or when the message is framed as a notification rather than a warning.
This body of evidence establishes that political orientation is a key moderator of consumer
reactance to regulatory interventions, with conservatives exhibiting significantly stronger reactance
to government -imposed consumption constraints.

Political orientation also structures consumers' financial consumption behaviors. Han et al. (2019),
drawing on data from the Consumer Expenditure Survey and experimental studies using real
financial products from the Vanguard Group, demonstrate that conse rvatives' financial risk taking

increases as their selfefficacy increases, driven by their greater social dominance orientation. In
contrast, liberals' financial risktaking is invariant to their selfefficacy levels. This finding reveals
that political orientation moderates the relationship between psychological resources and

financial decision-making, with important implications for financial services marketing and the
design of investment products.

Kidwell, Farmer, and Hardesty (2013) examine how the alignment between political ideology and
persuasive appeals shapes sustainable consumption behaviors. Their conceptual model
demonstrates that when persuasive appeals are congruent with consumers' politcal ideologies,

the effectiveness of those appeals in promoting sustainable behaviors is enhanced. This finding
highlights political orientation as a key variable in the design and targeting of sustainability
communications, suggesting that politically tailored messaging may be substantially more

effective in driving environmentally and socially responsible consumption than politically neutral

approaches.
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Beyond product consumption, political orientation also shapes consumption decisions in the
domain of education. Jung and Mittal (2021) examine how parents' political identity affects their
preferences for supplemental educational programs U including tutorials, educational materials,
and summer programs U contingent on their focus on self versus others. Their findings
demonstrate that political identity systematically shapes educational consumption choices,
extending the influence of political orientation b eyond traditional product and service categories
into consequential family investment decisions.

Crockett and Wallendorf (2004) contribute an important qualitative dimension to this literature
through their study of African - American consumers living in a racially segregated midwestern city.
Their findings demonstrate that normative political ideology is central to understanding shopping
as an expression of social and political relations, particularly for households confronting
constrained access to goods and services in contexts stratified by race, gender, and class. This
work enriches the understanding of how political orientation shapes consumption by attending to
the intersections of ideology, race, and structural inequality, showing that political ideology
influences provisioning decisions in ways that are deeply embedded in social and political rations
of power.
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At the organizational level, Kashmiri and Mahajan (2017) examine howEOs' political ideologies
influence firms' innovation propensity, measured by the rate of new product introductions.
Analyzing data from 421 publicly listed U.S. firms from 2006 to 2010, they find that CEOs' degree
of political liberalism positively affects their firms' rate of new product introductions,
demonstrating that political orientation shapes consumption -related decisions not only at the
individual consumer level but also at the level of organizational strategy and product
development.

Taken together, this body of literature establishes that political orientation is a pervasive and
consequential driver of consumption behavior across a remarkably wide range of domainsU from
brand attachment and luxury goods to complaint behavior, regulatory reactance, financial risk
taking, and sustainable consumption. The mechanisms through which political orientation shapes
consumption are diverse, including belief in free will, system justification motivation, status
maintenance goals, uncertainty andsecurity seeking, and ideological congruence with persuasive
appeals. These findings collectively demonstrate that political identity functions as a deep
psychological structure that organizes consumer behavior in systematic and predictable ways,
with significant implications for marketing strategy, market segmentation, and consumer policy.

2.2. Literature Review on the Influences of Consumption on Political
Orientations

Taken together, this body of literature establishes that political orientation is a pervasive and
consequential driver of consumption behavior across a remarkably wide range of domainsU from
brand attachment and luxury goods to complaint behavior, regulatory reactance, financial risk
taking, and sustainable consumption. The mechanisms through which political orientation shapes
consumption are diverse, including belief in free will, system justification motivation, status
maintenance goals, uncertainty andsecurity seeking, and ideological congruence with persuasive
appeals. These findings collectively demonstrate that political identity functions as a deep
psychological structure that organizes consumer behavior in systematic and predictable ways,
with significant implications for marketing strategy, market segmentation, and consumer policy.

The relationship between consumption and political ideology has attracted growing scholarly
attention across political psychology, sociology, consumer behavior, and cultural studies. A
substantial body of literature suggests that what people buy, experience, and consume does not
merely reflect pre -existing political orientations but actively shapes, reinforces, and transforms
them over time. This section focuses specifically on the directional influence of consumption on
political orientation formation and change.

One of the foundational frameworks for understanding how consumption shapes political identity
is Bourdieu's (2019) theory of cultural capital and distinction. Bourdieu (2019) argues that
consumption patterns are never merely economic or aesthetic acts U they are deeply political.
Taste in food, art, music, and material goods functions as a system of social signals thactively
constructs and reinforces class-based political identities. From this perspective, consumption is
not a passive reflection of pre-existing identity but an active mechanism through which political
belonging is built and communicated over time. The repeated enactment of particular
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consumption choices gradually solidifies political alignment, making consumption a constitutive
force in ideological formation rather than merely a symptom of it.

Giddens (1990) provides a complementary but distinct account of how consumption drives

political identity formation in high modernity . His concept of Life Politics argues that as traditional
structures of political identity U social class, union membership, and religious affiliationJ have
substantially dissolved, individuals are compelled to construct their political identities through
reflexive lifestyle choices. In this framework, every consumption decision carries moral and
political weight. Choosing organic produce, reducing plastic consumption, or purchasing fair trade
goods are not simply personal preferences; they are political acts that cumulatively build and
express a political orientation.

Crucially, Giddens (1990) argues that this process operates through sub politics U political action
that emerges outside formal governmental structures through the aggregation of individual
consumption choices. Consumer boycotts, the fair -trade movement, and ethical investment are
emblematic examples of how lifestyle consumption choices aggregate into collective political
forces capable of driving large-scale change. In this sense, consumption does not merely signal
political identity but actively generates and sustains it. The supermarket aisle, in Giddens' framing,
effectively functions as a voting booth, where repeated consumption decisions cumulatively
shape and entrench political orientations.

Social media has further amplified this dynamic by enabling individuals to publicly perform their
consumption-based lifestyle choices to wide audiences, accelerating the process by which
consumption crystallizes into stable political identity. However, critics caution that this framework

may overstate individual agency, noting that lifestyle politics as a pathway to political identity
formation is considerably more accessible to those with the disposable income to choose ethical
or sustainable consumption options, raising important questions about the equity of

consumption -driven political identity formation.

Symbolic consumption theory offers a further mechanism through which consumption shapes
political orientation. Bird and Smith (2005) and Witt (2010) demonstrate that the acquisition and
display of goods functions as a system of group membership signaling.As individuals align their
consumption choices with particular social and political communities, these choices feed back into
and reinforce their political orientations through in-group identification and out-group
differentiation. The consumption of symbo lically charged goods gradually pulls individuals deeper
into the political orientations associated with those goods.

Hetherington and Weiler (2018) provide one of the most direct empirical treatments of this
process, demonstrating that consumer lifestyle choices U emblematized by the contrast between
Prius and pickup truck ownershipU do not merely reflect political pola rization but actively deepen
it. Their account illustrates how consumption functions as a selfreinforcing cycle: initial
consumption choices signal political affiliation, which draws individuals into communities that
further reinforce those affiliations, leading to progressively more entrenched ideological
positions. In this view, ®nsumption is not simply a consequence of political orientation but alsoa
driver of ideological sorting and polarization.
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Beyond the symbolic dimensions of everyday consumption, lived experiential consumption has
been identified as a particularly powerful mechanism through which political orientations are
altered. Personal financial experiences represent one such pathway. Pocketbook voting theory
(Tilley, Neundorf, and Hobolt, 2018; Welch and Hibbing, 1992), demonstrates that direct personal
financial experiences U economic hardship, prosperity, or perceived financial threat U produce
measurable shifts in partisan preferencesand ideological orientations. Thus, the consumption of
economic conditions directly reconfigures political alignment. Travel and cross cultural
experiential consumption represent another documented pathway of political change. Saha, Su,
and Campbell (2017) find that exposure to diverse cultural environments through travel produces
liberalizing effects on political attitud es, suggesting that the experiential consumption of cultural
difference actively broadens and shifts ideological perspectives.

The Contact Hypothesis, empirically examined by Christ et al. (2014), further demonstrates that
consumer and social experiences involving outgroup members function to modify prejudice and
political attitudes. Direct intergroup contact U whether through shared consumption spaces,
community environments, or social interactions U reduces intergroup hostility and shifts political
orientations toward greater tolerance and openness. Taken together, these findings establish that
experiential consumption is a signficant and underappreciated driver of political attitude change.

Across these theoretical frameworks and empirical findings, the literature converges on a
sequential mechanism through which consumption influences political ideology. Consumption
experiences generate social identity signals that are reinforced through in-group interaction,

leading to the gradual crystallization of ideological positions, which ultimately manifest in changed
political behavior. This process is neither instantaneous nor unidirectionall routine consumption

can entrench existing orientations while novel experiential consumption can, under the right
conditions, catalyze ideological transformation. Understanding this mechanism is essential for
analyzing how political identities are formed, sustained, and changed in contemporary consumer
societies.

Building on the bidirectional relationship between political identity and consumer behavior
established in the literature review, this section outlines future research opportunities. Following
G a 006 E a wD-aydizision, e fallowing avenues are propssed to deepen the
understanding of how marketing activities and consumption experiences interact with
ideological formations.
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3.1.Influences of Political Orientations on Consumption

Research in this direction has been robust, yet several areas remain ripe for exploration within the
marketing discipline.

1 The "Moderate” Consumer Journey: While significant research exists on the liberal
conservative binary, less is known about the "moderate" consumer. Future research
should examine if moderates represent a distinct psychological profile or a fluid segment
that shifts behavior based on the consumption context.

i1 Ideology and Digital/Al Interactions: Given that political identity shapes the entire
consumer journey, researchers should investigate how algorithmiccustomization and Al
driven recommendations interact with ideological biases. For instance, do "fixed"
worldviews respond differently to Al autonomy than "fluid” worldviews?

I Cross-Cultural and Global Ideologies: Much of the current literature is grounded in U.S.
political contexts. Research should expand to examine how political orientations shape
consumption in diverse cultural environments where traditional culture and different
ideological structures (e.g., authoritarianism vs. democracy) may alter consumer
reactance or luxury motivations.

i Corporate Strategy and Brand Activism: Expanding on CEO ideology research, research
can explore how a firm's perceived political leaning affects long-term brand equity and
"anti-consumption” manifestations among ideologically opposed segments.
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3.2. Influences of Consumption on Political Orientations

This reverse direction represents a significant underexplored area in marketing research and a
major opportunity for future inquiry.

T

Two-Dimensional Consumer Segmentation: Future studies should focus on segmenting
consumers not just by their specific marketing responses (Kamakura and Russell, 1989;
Moon, Jalali, and Erevelles, 2021; Moon, Russell, and Duvvuri, 2006; Wedel and Kamakura,
2000) but also their ideological orientations. This includes investigating differential
segment relationships between varying degrees of political orientation and
preference/consumption characteristics .

Lifestyle as Ideological Catalyst: Research should move beyond correlation to investigate if
specific consumption habitsUsuch as a shift to organic/local food or the adoption of
sustainable technologiesUactively catalyze a shift toward progressive identities over time.
Symbolic Goods and Polarization: Future inquiries should explore how the consumption of
"symbolically charged" goods (e.g., gun ownership or religious products) reinforces and
entrenches conservative political identities through in-group signaling.

Experiential Consumption and Perspective Shifts: Building on the "Contact Hypothesis,"
marketers can study how shared consumption spaces or travel experiences involving
diverse outgroups can reduce prejudice and shift political orientations toward greater
openness.

The Role of Social Media Performance: Studies are needed to determine how the "public
performance” of lifestyle choices on social media platforms accelerates the crystallization
of a consumer's political identity.

Financial Experience and Ideological Sorting: Research an further examine how personal
financial "consumption experiences'Usuch as sudden economic hardship or prosperityJact
as "pocketbook" triggers that reconfigure a consumer's partisan preferences.

This chapter has examined the bidirectional and dynamic relationship between political ideology
and consumer behaviorUa relationship that is considerably more complex than traditional
marketing frameworks have acknowledged. Two broad streams of evidence emerge from this

review, each carrying distinct implications for both theory and practice. The first stream confirms

that political orientation functions as a robust psychological architecture shaping consumer
behavior across nearly every dimension of the cuistomer journey. The second stream, though less
developed within marketing, is equally important: consumption is not simply the output of political

identity but also one of its inputs.

In sum, the marketplace is increasingly a political arena, and political identity is increasingly a
marketplace phenomenon. Recognizing this interdependence is not merely an academic
exerciseUit is an essential competency for marketers navigating an era ofdeepening ideological
polarization. Future research that integrates marketing's behavioral rigor with the theoretical
richness of political psychology and sociology will be best positioned to illuminate this
consequential relationship.
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Abstract

A This chapter reflects on the scholarly and personal legacy of Wagner A. Kamakura, drawing on
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marketing science is best understood as a philosophy of inquiry: ask quesbns that matter,
respect the structure of real data, and extract signal without inventing it. | trace this philosophy
through our joint work on household life cycles, customer wallet, budget allocation, social
contagion, economic cycles, quantitative trendspotting, and repeated cross-sectional
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mixed-scale measurement. The common thread is the use of latent structure to understand
dynamic consumers and markets. In tle era of digitalization and artificial intelligence, this
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recommender systems are themselves latent-variable systems operating at scale, and they
inherit the same identification, measurement, and credibility problems Wagner spent his career
taking seriously.
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1.Introduction

Wagner Kamakura was my doctoral adviser at Duke from 2001 to 2005. He was also a coauthor
on seven papers, a colleague for nearly a quarter century, and a friend. To our field, he was a
leading figure in quantitative marketing. To me, he was the person whataught me what marketing
science is for. Writing this chapter is a way of saying thank you, and a way of articulating what |
learned.

byOsaUos-wuYyOdzeoeGwuyl ayvYow tayaGaa
I i
SU JESS QC . . . .o . . . .
BUSINESS S\ not in its technical sophistication or speculative reach, but in whether it

I._IL\ U l\| explains a real phenomenon, respectsthe data-generating process, and
produces inferences a reaso

nable scholar or manager can act on. For Wagner, marketing science was a
craft of disciplined inference, not a performanc e of complexity.

The frame | use herdJlatent structure, dynamic consumers, and market
intelligenceUis one Wagner would have recognized as native to his
research program. Many of the constructs marketers care about are not
directly observable. Life stage, customer potential , category need, peer
influence, emerging trend, latent preference: each must be inferred from
partial traces in surveys, transactions, search logs, or repeated samples.

What follows is part synthesis, part personal reflection. The synthesis
covers our coauthored papers on latent-variable modeling for households,
customer analytics, diffusion, trendspotting, and tracking. The personal
threads are pieces of advice that | received from Wagner and still pass on:
TayzGoDdal O6 GawGoegyYvwdoaeoer 0O0Gssu0
TaoOyoaGoea+-l OeowoEaunuayol wGuobdac=+ 0l
afraid if being afraid will not help you.

These lessons take on new weight in the current era of digitalization and Al.

We now have data streams Wagner could only have hoped for at the start

of his career, and computational tools to match. But large language
models, recommender systems, and foundation models do not eliminate

the problem Wagner spent his life on. They are themselves latentvariable
machines, fitted to messy partial observations, and they inherit, often at
greater scale and with less transparency, the identification, measurement,

and credibility problems that Wagner taught his students to take seriously.

The chapter is, in part, an argument that his methodological standards are

more useful in the age of digitalization and Al, not less.
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Wagner had an unusual gift for finding structure in data that looked too messy, too incomplete, or

too heterogeneous for standard tools. He admired Michelangelo and sometimes used the
EEg+-DGadzes u0GwDaadsSoUadiuso aés dOol Omdt®Omaielripotheé Ou al &y
metaphor is a discipline. The analyst should impose enough structure to make the construct
identifiable, but not so much that the model invents what is not there. Honest modeling sits

between under-specification and fiction.

His factor-analytic work is a clear illustration. With Michel Wedel, Wagner developed factor
analytic procedures that could estimate factor structure and impute values under realistic
patterns of missingness (Kamakura & Wedel, 2000). A few years later, Kanakura, Wedel, de Rosa,
and Mazzon (2003) extended this with a mixed-data factor analyzer for cross-selling, combining
survey responses, binary service ownership, satisfaction rankings, usage counts, and transaction
volumes in a single latent factor framewo rk.

What made these papers durable is not their technical machinery but the empirical attitude behind
them. Marketing databases rarely look the way textbook estimators want them to look. They are
mixed in scale, incomplete by design or by nonresponse, and obseved from one institutional
vantage point. Wagner treated those features as defining properties of the problem, not as
nuisances to be cleaned away.

That same attitude shaped the research we did together. The latent object varied by paper: life-
EjE+O00 eG%YOO6 &4y o6 o aageoOaa+1 280601 a+gGadayoy0go 00 TV
(Du & Kamakura, 2011); dynamic factors beneath noisy digital indicators (Du & Kamakura, 2012);

and population trajectories underlying repeated cross-sectional samples (Du & Kamakura, 2015).

The task in each case was the same: receer what cannot be seen directly, given partial traces of

what can.

Wagner also held a high but practical bar for methodology research: it is worth the hard work only
when the method addresses a recurring data structure. Newness is not enough. A method earns
its place when it lets researchers and practitioners answer comma questions more credibly. This
is why his methods traveledJthe same latent-structure logic could be applied to customer
databases, household panels, search histories, and repeated crosssections.

Our papers can be read as exercises in matching method to phenomenon. Household life cycle

calls for a hidden Markov model because the object is a latent state evolving over time. Customer

wallet requires data augmentation because the firm sees only its oW 6 8 + aEO6 a U6 Ga 006 E¢
category activity. Budget allocation needs a structural demand system because categories

compete for a shared budget. Contagion calls for an individuallevel hazard model with explicit
confounders because influence must be distinguished from common exposure, geography, and

homophily. Trendspotting uses dynamic factors because digital indicators coevolve and carry
seasonality. Tracking studies need state space treatment because repeated cross-sections

inherit temporal dependence eve n when their respondents do not.
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Beneath the methodological variety is a single question Wagner pressed us to ask of every project:
what assumptions do we need so that the construct is identified, and are those assumptions
defensible given how the data were generated7 The model is not decoration. It is the answer.

vvvvv

faster, and less structured, but they are still partial. A click is not an interest. A search query is not
a demand. A purchase sequence is not a preference. An adption pattern is not influence. The
translations from observation to construct require the same kind of work Wagner taught us to do.

One thread of our coauthored work treats consumers as dynamic members of households and
economies. Household life cycle had been a fixture of segmentation and consumer behavior
research for decades, but the field had not converged on how life stages should be defined or

aaioaageocaa+iesoual 06 COGT O0Oyo6 GaAaOURO Gyo ZDhbage Oaa-+
t GGO&F 20671 0O6ge Ol 67 O0ijOwudéedalUdmuuy O+06t Ggl uoanGyEé
in which life-cycle stages were latent states inferred from household demographics (Du &
Kamakura, 2006). We then applied the estimated classifications to Consumer Expenditure Survey
households to study lifestyle differences across the life cycle.

('

The contribution was to convert life cycle from a static demographic label into an estimated
dynamic process. Households are not fixed units. They form, age, dissolve, expand, and
reorganize, and their spending patterns track those transitions. Static segmentation can describe
where a household is; it cannot describe how it got there. The hidden Markov treatment allowed
us to see the household as a trajectory rather than a category.
{a0oe%uuO6l a0T6uaGal “GO1 672-a0d08041 06 ++06{awnGo[ayo
argued that consumer expenditures across categories ultimately compete for the same pool of
household income. Industries treat themselves as separate markets, but hoseholds experience
them as competing claims. We estimated a structural demand model over 31 expenditure
categories using 22 years of Consumer Expenditure Survey data, which let us examine category
trade - offs, the role of life stage and income in shaping expenditure shares, and how shocks such
as price changes or tax rebates ripple across categories.

This line of work places marketing directly inside the household economy. Marketing is not only

brand choice within a category; it is also how households allocate limited resources across
categories. A price increase in one category can move expenditure inanother. Macroeconomic
Da—aElj oE1/4y 6 dol é“ CgGOo anégUDGaayol4Edééé6éyT g é

such questlons without giving up empirica d|SC|pI|ne.

GyoZDAT 04E&ayauU4ES* Ay GduEGaayeovwsyl 040Dwydadayes UU
2012), we pushed this further into the macro cycle. The standard assumption is that tastes are

stable across recessions and expansions, so expenditure shifts trace meements along fixed

Engel curves. We proposed a relative consumption framework instead: holding total consumption

fixed, the share allocated to positional goods and services should fall during recessions, and the
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share allocated to nonpositional ones should rise. Economic contractions, on this view, change not
just what households can afford but what kinds of consumption feel appropriate, necessary, or
socially legible.

Read together, these papers treat consumers as adaptive actors embedded in households,
markets, and macro conditions. Consumption is structured by household transitions, economic
AaEO0ET O Wyl 08aEAW+-0EaAUDWIAEAY $O &GO dlisgomade Gosd g & Go &
off¢ u

8GAdgEGgAOE0UO0OWUEgduC+-0OF oYyl 0adeoUdwiday VYoidwl O

yaGaodo Gadowl 6aU6agdoEa++wmCcadwuGaay
EwDGgdOoeo aGeo aiyo GdwyewEGaayeorT aGa
competitor relationships. The result is an inward, partial view of customel & |
aUo0 *geGauodo - %++06G206y0groTYwuiY%dgdwuriro 00 O+ Wr o
outward view. We showed that internal transaction volume can be weakly related to external
category transactions, and that a small subset d customers often accounts for a large share of
the external category opportunity.

The managerial implication is direct: observed internal value is not the same as customer potential.
A small internal customer may be a large category buyer who allocates wallet to competitors; a
large internal customer may already be near saturation. Mettodologically, the paper offered a list-
augmentation approach that enriches internal records with external category information. The
broader lesson belongs to Wagner: talk to practitioners, because they tell you what
methodological problems are actually worth solving.

Practitioners know where their data are blind. They can usually articulate what they observe and
what they wish they could infer. Wagner did not treat such problems as merely applied; he treated
them as fertile ground for science. The wallet problem itself has only become more relevant in a
digital economy. First-party data are now abundant, but they remain bounded by platform,
channel, and institutional relationship. More data inside the firm do not deliver a complete view of
the customer. The inferential question is the same: how do we use partial observations to infer
broader market reality?

A closely related inferential problem arises in diffusion. Consumers influence one another, but
observed adoption can be driven by advertising, distribution, geography, seasonality,
T oOuavydwbDadEeFroEauluayo daaES6ET 6o wuyl 0 aai Difésidan-df RO Gy
*ay8guUOdOMUED LYOT 62441 82064y09g06 00 T wievslarglandirepdatA & & WF
purchase data for 67 newly introduced CPGs. Standard diffusion models did not detect
contagion. After extending the model to absorb spatial and tempo ral heterogeneity along with
cross-sectional and temporal confounds, we recovered statistically significant contagion for many

products.
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The contrast with naive analysis is the point. It is easy to claim contagion whenever adoption
EDAOY] 8F oYyl 60Pg%++ijo0OwueijoGaocol OyijoaGoT aOyowmoeaub
the alternative explanations that must be ruled out before an influence claim is trusted. The result

is neither enthusiasm nor dismissal; it is credible measurement. In an environment of influencer
marketing, online reviews, algorithmic recommendation, and platform-driven amplification, the

lesson cuts harder, not softer. Social traces are abundant, but traces are not identification. The
algorithmic substrate of modern platforms introduces new confounds Uexposure decisions made

by recommender systems, selection on engagement, and feedback between displayed content

and user behaviorUthat did not exist when the contagion paper was written. Distinguishing

influence from these is a harder problem now than it was in 2011, not an easier one.

Campus
The University of
Texas at Austin
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{Aa00EgddOyGos GouauOyGo uv%o0&0-uYyOdzeo ayGO++0EGQ!
machine learning systems are themselves latentvariable systems. Word embeddings learn latent
semantic dimensions; matrix factorization underlies most production recommender systems;
transformer attention can be read as a learned weighting over latent associations; and large
language models compress text into high-dimensional representations on which downstream
prediction depends. The substantive vocabulary differs, but the conceptual move is one Wagner
would have recognizedUuse observed data to recover unobserved structure that makes
prediction possible. What has changed is scale, opacity, and stakes, not the underlying problem.
t Ol Od%u+06aU6- uYy0dzeo0%ud+a40dou0Gaal a+aYAaEwU+-O0Eay Gd:é
to ideas now central in Al. The factoranalytic missing data work (Kamakura & Wedel, 2000) sits
in the same intellectual lineage as the maskedprediction objective that drives modern self-
supervised learning, and as the matrixcompletion methods that recommender systems still
depend on. The mixed-data factor analyzer (Kamakura, Wedel, de Rosa, & Mazzon, 2003), which
combined binary, ordinal, count, and continuous variables in a unified latent framework,
anticipates the multimodal models now used to learn joint representations across heterogeneous
inputs. The dynamic factor approach in Quantitative Trendspotting (Du & Kamakura, 2012)
parallels modern dynamicembedding and time-evolving topic models. None of this is to claim
priority of invention; the point is that the conceptual moves Wagner taught are not artifacts of an
earlier era of marketing science. They are core moves in contemporary Al, and the disciplie he
insisted onUidentification, interpretation, and honest accounting of uncertainty Uis what is most
often missing when those moves are scaled up.

bgdd Zogwuy GAGYGAT 06 {d0Oy1 &8DaGGayYzZoDwubDOdO yogo 206 T Yai
Trendspotting can be qualitative Uobservers reading early signs of changing consumer need$Jor
guantitative, drawing on indicators such as search volume, blog mentions or social posts. We
proposed a structural dynamic factor model that could ingest many time series at once, compress
them into a small number of latent dynamic factors, and separate seasonal cycles from
nonseasonal, nonstationary trends. The application sed 81 months of Google Trends data for 38
major light-vehicle makes to extract common trends in consumer shopping interest. The
contribution was not just prediction; it was interpretation. The model gave analysts a way to move
from many noisy indicators to a smaller set of common trajectories whose meaning could be
examined. That distinctionUprediction versus interpretation Uhas only grown in importance.
Modern machine learning will reliably find patterns in large marketing data. The harder questions
are whether those patterns reflect real consumer constructs, whether they generalize beyond the
training distribution, and whether they support decisions that improve value for firms and
consumers. Wedel and Kannan (2016) describe the methodological challenges 6 data-rich
marketing environments, and Huang and Rust (2021) lay out a strategic framework for Al in
marketing across mechanical, thinking, and feeling tasks. Both perspectives implicitly require what
Wagner explicitly required: a defensible theory of the construct being measured, attention to
identification, and a willingness to say what the evidence cannot support.
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Our paper on tracking studies applies the same logic to a research design that is common in
marketing and the social sciences (Du & Kamakura, 2015). Repeated crossectional samples are
often cheaper and more practical than longitudinal panels, but standard analyses either treat each
wave independently or aggregate to sample means. We proposed a multivariate state space
model that operates on individual-level data from repeated cross-sections and exploits three
sources of information jointly: intertemporal dependence in population means, temporal co-
movement across variables, and crosssectional covariation across individual responses. State
space modeling is conceptually adjacent to the recurrent and sequential architectures now
common in machine learning, but with one important difference: the latent states are
interpretable as constructs the analyst defined.

The broader argument is that common data structures, e.g., repeated surveys, search time series,

customer databases, behavioral streams, deserve serious methodological attention because they

are the environments in which firms and institutions actually male decisions. Al can accelerate

analysis, but it can also amplify noise, bias, and spurious correlation, and it can do so at speeds that
49gGdgyoGaoowuy u-ijeGzeduCa+-aGijoGasoyaGaEORS? 0y OdvsGa
would have called markeing science fiction in its purest form: plausible- sounding outputs that are

unmoored from any data-Y Oy Od %.G&y YO DAAEO&EERG - WYy Odzeéd DAdAYd vl
rejecting computational power, but by insisting that computation be paired with theory -defined

constructs, identification arguments, and an honest account of what the evidence can and cannot

support.

program; it is part of what made it serious. Marketing allocates attention, information, and
resources. It shapes how firms find opportunities, how consumers é¢arn about offerings, how
households spend, and how innovations diffuse. The models reviewed here therefore address
more than technical questions. They address how marketing systems work.

The household consumption work shows that marketing operates inside everyday economic
constraints. Consumers do not make isolated category choices in a vacuum; they reallocate
limited budgets across transportation, food, apparel, leisure, and housing related services, and
the priority among these categories shifts when economic conditions shift. Marketing therefore
has societal consequences. It affects not only which firm wins a sale but also how households
experience abundance, scarcity, and security.

The wallet and cross selling work raises a related question about the relationship between firms
and consumers. Better inference about customer potential can both reduce wasted targeting and
surface consumers whose needs are underserved. Sharper inference also increases the
responsibility to use data carefully. Customer analytics should be evaluated not only on lift and
profitability, but on the honesty of its measurement, the transparency of its assumptions, and the
value it actually creates for the customer.



Book Tribute to Wagner Kamakura

The contagion and trendspotting papers show that markets are social and informational systems.
Diffusion can depend on interpersonal influence; shifts in search behavior can register emerging
interest before traditional measures move. These are exactly the settings where Al now appears
most powerful, and exactly the settings most prone to mistaking correlation for influence, treating
platform artifacts as consumer demand, or accepting an algorithmic signal as selfexplanatory.
{ a0 EaddOEGAT (itedhe Gonsthtly Wderstar thé data -generating process, and
separate stable structure from noise.
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can automate repetitive tasks, support prediction, personalize communication, and assist with
market sensing. It cannot, on its own, decide what counts as a maningful consumer construct, a
fair target, a welfare-improving recommendation, or a credible causal claim. Those judgments
require marketing science, and the intellectual habits Wagner cultivated: skepticism toward trivial
findings, respect for common dat a structures, openness to problems practitioners actually face,
and refusal to make claims the evidence cannot support.

The opportunity, then, is not to replace marketing science with Al, but to make Al more scientific.

Latent -variable models, state-space methods, structural demand systems, and factor analyzers

continue to matter because they encode assumptions about markets and consumers in
interpretable form. Newer systems can expand the data and tasks, but they do not eliminate the

work of recovering latent structure. The question for the next generation is how to pair
computational scale with theoretical clarity and empid 8 E¥%4+ 0 ag i d+a GijRo - “aYy Odzé o
start.
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standards were demanding and his generosity was real, and the two were not in tension. He

wanted students to ask real questions, to avoid trivial contributions, to learn from practitioners,

vyl 6GaoUayl 6 GaAaOBEAgdYwYOO0GawGol AaUVUAEg+-God0OeOwudEAD
be afraid if being afraid will not help you. It is a working version of scholarly courage. Fear does not

estimate the model, sharpen the theory, or improve the evidence. Work does.

As an adviser, Wagner combined rigor with clarity. He did not let students hide weak ideas behind
methodological ornament, and he did not let them off the hook for messy empirical problems. He
pressed us on whether the question mattered, whether the data structure was common enough
to be worth a method, whether the model was faithful to the phenomenon, and whether the
findings would survive alternative explanations. These are habits of judgment more than technical
skills, and they are habits one scholar pases to another.

My last email exchanges with Wagner were around Thanksgiving 2024. | am grateful that | had the
chance to thank him directly before his passing. In one of his final messages to me, he wrote:

That's the way the system works: you are mentored as a young scholar and then pay forward
mentoring others, and everyone benefits from it! This way, you keep up to date with the field and
take advantage of your experience, along with the new energy from tk students.
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That sentence captures the human infrastructure of scholarship. Marketing science is sustained
not only by articles and models but by mentoring chains through which judgment and standards
are passed along. Wagner also reframed mentorship as reciprocal: seior scholars contribute
experience, students contribute new energy, new questions, and new data environments.
Everyone benefits when the system works as he described.

For me, the best way to honor Wagner is to keep paying forward what he gave. That means
encouraging students to pursue nontrivial questions, take methodology seriously, listen to
practice, avoid both hype and cynicism, and keep their work on the science gie of the line. It also
means showing them, by example when one can, that rigor and kindness are not opposing virtues.
Wagner embodied both.

-UYyO0dzeo+OYYE[jO6+40604ay0Gaooiual O+86a006Cga+~Gowuyld
prove the obvious, to invest methodological effort where the data structure recurs, to listen to
practitioners, and to pursue inference with both courage and humility. His scholarship was rarely

flashy. It was methodologically precise, theoretically grounded, managerially useful, and honest.

Our coauthored research traces one path through that legacy. Hidden Markov models made
household dynamics visible. Structural demand systems linked marketing to consumption,
welfare, and macro shocks. Augmented latent- variable models turned hidden customer potential

and obscured peer influence into measurable quantities. Dynamic factor and state- space models
turned noisy indicators and repeated samples into market intelligence. The constant in these
papers is that marketing constructs worth caring about are usually unobserved, and they can be
recovered only when theory, data, and method are brought together responsibly.

{a480d0U+0EGaay064e60680+0EGAT OR6 GG OuUDaAwEAKOEDAgdD
legacy, particularly his factor-analytic contributions. Many other scholars could tell different

stories. The selectivity is a limitation and also, | thinkthe right form for a tribute. Each of us carries

the part of Wagner we knew most directly.

VaaoadyvYo %aoOwl i o GAaOo E%e 00 Uado - uYyOdzeéeo 8Gwyl wudl &6
expanded the volume, velocity, and variety of marketing data. Al has expanded the computation

available to make sense of it. Neither has eliminated the need for tleory-driven constructs,

credible measurement, causal caution, or models that clarify rather than obscure. The risk of

marketing science fiction grows when the tools grow more powerful, and so does the opportunity

for marketing science to do better.

I close where Wagner himself would have closed, with mentorship paid forward. The best tribute |

can offer is to keep asking questions that matter, build models that can be trusted, teach students

to respect evidence, and help the next generation findits a7 y 6 7 Y%ij R6 { a %G5 a&06aav o- 3
continuesUnot only in citations, but in the standards we hold and the scholars we help shape.
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Abstract

One of the drivers of new advances in marketing models and tools is the emergence of new

data sources that shed light on the motivation and behaviors of consumers and firms. In this

chapter, | discuss the evolving role of marketing in the global economy ard society in the era

of Al models and tools, and its implications for researchers. Three important areas in which Al

can impact marketing are (1) market research, (2) content creation and job changes, and (3)
personalization and modeling of customer journeys. First, market research has the potential for

considerable automation using Al in the coming years. However, human participants are still

likely to play a role in data collection as Large Language Models have limitations when

representing the preference s of humans. Second, content creation, in the form of text and

images can be readily automated by Al, which will likely cause job losses for some marketing
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human judgment to use Al appropriately to improve productivity. Lastly, Al has vast potential
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interactions with the firm when making recommendations or composing marketing messages.

However, the capabilities of Al models should be balanced against the cost of using Al if simpler

models can deliver reasonable performance.
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One of the drivers of new advances in marketing models and tools is the emergence of new data
sources that shed light on the motivation and behaviors of consumers and firms. When Universal
Product Codes (UPCs) were developed in the 1970s, scanner data coull be collected as
consumers checked out at retail stores, which spawned a vast literature in marketing in the 1980s
that utilized data sets based on UPC scans (e.g., Guadagni and Little 1983). Marketers soon
realized that while aggregate data of what products were moving off the shelves were useful,
additional data were needed to track individual customers.

Tesco, a UK supermarket chain, was one of the pioneers in launching a loyalty card that customers
could scan at checkout}, such that individuatlevel data on purchases could then be collected and
analyzed. Importantly, Tesco (and dunnhumby, which provided the data analysis) realized the
value of individual panel data as a primary benefit of such loyalty cards. Firms such adielsen and
IRI in the United States developed household panel data (Keane 2015) by recruiting households,
who would use handheld scanners to more accurately capture the entirety of their retail
purchases, providing the ability to track purchases across canpeting stores (e.g., Bell et al. 1998).
Crucially, household panel data allowed for quantitative segmentation of consumers into relatively
homogeneous groups, as Kamakura and Russell (1989) showed in their pioneering work on
uncovering latent classes in lrand choice probabilities. A plethora of ensuing work quantified
managerially important parameters such as price elasticities (see Bijmolt et al. 2005 for a review)

In the 1990s, the internet brought a new data source of clickstream data to the marketing domain.
Unlike purchase data readily available from household panels, the clickstream offered the
possibility of understanding consumer search and pre-purchase activities with greater clarity.
Firms such as comScore (founded by former IRI executives) recruited households which agreed
to allow tracking of their clickstream history using cookies and provided such data to researchers.
The literature soon leveraged such cickstream data (e.g., Montgomery et al. 2004; Moe and
Fader 2004) to build models of dynamic consumer behavior. Further, consumer use of search
engines and online social media led to models that could spot trends in what people were looking
for (e.g., Du and Kamakura 2012) using dynamic factoranalytic models.

{406l AaAz&5Cda gYéGéuOéé%yéééédé“”ngOééUéééYé
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location data could be combined with shopping and purchase data in unprecedented ways.
Insights from geofencing (e.g., Luo et al. 2014), and targeting based on time and location (e.g.,
Danaher et al. 2015) paved the way for anew wave of research on mobile marketing (e.g., Grewal
et al. 2016).
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Intelligence (Al) chatbots such as ChatGPT, Claude, and Gemini has unlocked the potential to
generate and analyze multimodal data sets with ease. As Davenport et al(2020) point out, the
marketing discipline arguably has a great deal to gain from Al. Further, Grewal et al. (2025) note

Ihttps://lwww.thetimes.com/business/companies -markets/article/tesco -clubcard-at-30 -the-loyalty-scheme-
that-changed-retail- 6v6gmwnnl
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that Generative Al can create novel outputs in a variety of marketing tasks such as advertising
copy, personalized customer emails, personalized web landing pages, and customer service
chatbots.

In this chapter, | discuss the evolving role of marketing in the global economy and society in the
era of Al models and tools, and its implications for researchers. In Section 2, | review a selection of
the Al marketing literature. In Section 3, | suggestdirections in which marketing will evolve or be

disrupted by Al, including societal implications of such changes.

In this section, | focus on subsets of the Al marketing literature, keeping in mind the connections
Gaomdaloeeadd- uYyOdoTY%iuvogdv%zedi ad06ROGYy o6t OEGaAAayY O]
d0eO0O%AdEAROGY Ot OEGAay 61 R Erit die@tidn ahdjdbg Eastly, in Secton A3 D LE G0
discuss Al for personalization and customer journeys. Importantly, there are several other Al

methods and applications that are relevant to marketing, but which | do not include in this chapter.

Please referto Sudhir and Toubia (2023) for a broader review.

4.1. Using Al for market research

Arora et al. (2025) compare the performance of LLMs with and without augmented data in
gualitative and quantitative market research tasks, finding that LLMs, on average, performed as
well as humans when appropriately tuned. Goli and Singh (2024) apply LLMsto an intertemporal
choice task of choosing between a smaller and sooner reward and a larger but distant reward. They
find that LLMs are more impatient than humans, with larger discount rates, even when prompting
LLMs to explain decisions.

Toubia et al. (2025) take the different approach of collecting a data set of over 2,000 participants

answering more than 500 questions covering a wide range of measures. They then use this data

to create digital twins that would reflect their human counter part as much as possible by
DdaubDGayYdbDOy Gzeo?m{oual O+67 4aGaszD0Odeay“uezo6acCcG
Z884+34EAy20EagyGOdDw%udGeoDdal gEOG &ala+%ddoDdolOdOy E
data on heterogeneous customers that can be helpful with segmentation.

Yet, Gui and Toubia (2025) warn of challenges when LLM-simulated subjects are blind to the
experimental design, suggesting that unambiguous prompting strategies (unblinding the study to

the LLM subject) work better. Misra (2025) points out that prompting e ngineering inherently has
DaGOyGaw+oUadoCawueirouesGaosgeodzeovsy GAEADWGAaYOE:
Timoshenko et al. (2026) explore the capabilities of a supervised fine-tuned LLM to automate

the identification of customer needs from Voice of Customer studies. Importantly, they leverage
professionally formulated customer needs from an industry partner as ground truth to show their

fine-tuned LLM is on par with professional analysis and defeats foundational LLMs. Further, while

few-shot prompting improves performance compared to zero -shot prompting (i.e., no examples

provided), prompting is dominated by t heir fine-tuned LLM.
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task. Using willingnessto - pay estimates from human-based conjoint studies, the corresponding

estimates from LLMs were compared. They find that fine -tuning LLMs with prior human surveys

from the same product category improved performance. However, while average population
willingness to - pay was readily improved by such fine tuning, heterogeneity was far less likely to

be captured by even their best-performing LLM. In related work, Wang et al. (2026) propose a

data augmentation approach to combine LLM -based estimates with true human labels available

for a subset of the data.

Put together, the practice of fine tuning (i.e., retraining) LLM parameters using data containing
relevant information about the target population appears to lead to better LLM -based market
research, as compared to prompting strategies alone. In one sense this is not entirely surprising
YAl Oy GawuGoDdaubDGay YOEXLYOCO0uUadoOoDday05Gaoge0ds C:

However, as Kamakura and Russell (1989) showed, the market is very unlikely to be composed of
a homogeneous group of consumers. Segmentation and customer heterogeneity are often key
insights managers look to obtain from market research, and LLMs appear tohave better success
with average estimates compared to heterogeneous ones. Stepping back, that LLMs get sensible
average estimates is a sign of their value, given the plethora of potential biases in the data they
are trained on, and that training is basedon linguistic patterns, is encouraging. However, more
research is needed to ensure that market and customer segmentation is better captured by these
models.
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4.2. Al Impact on Content Creation and Jobs

Content creation is a major application of Al (Grewal et al. 2025). Hundreds of variations in text
and images can be generated within seconds with Al, allowing for the development of marketing
campaigns (e.g., email, mobile, print, or display ads). As Kangnd Yoganarasimhan (2025) point
out, the bottleneck for marketing campaigns has shifted from ad generation to ad evaluation.
These authors also propose an algorithm for selfimproving Al that leverages the Twin-2k-500
personas developed by Toubia et al. 025) to conduct synthetic experiments to continually
improve ad content and performance.
{aoceosaubdal OuiOyGeoayo Goual O+ez0%Ca+aGijoGaoEdOWC
supervision, can have implications for the job market. Demirci et al. (2025) study the impact of Al
tools on an online freelance platform with three main job types: manual intensive jobs (e.g., data
management), automation prone jobs (e.g., writing, coding), and image generation jobs (e.qg.,
graphic design). They find the introduction of ChatGPT reduced job posts for automation prone
jobs (as compared to manuatintensive jobs), especially those involving writing and coding. The
launch of GenAl tools for image creation such as Midjourney and DALL-E 2 reduced job posts for
image creation and graphic design. Hui et al. (2024) similarly show freelancers have reduced
employment and earnings after the introduction of generative Al models. Further, they do not
find moderating effects by worker quality and suggest that top freelancers are not spared by Al
dyGdal gEGA&ayYyRODbI Od¥~+ +7 AGY TAQY ¥ U /g ksanuaiitg tgxyan®d & Go6 Z +
image generation are being shifted from human workers to Al.
00++7 EPg¥%o OGO “%+Ro yl ATUWS 8aai 6 t&dlJO1 6 d0eg+Géeod aU.
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(as perceived by humans) have differing levels of fit with Al capabilties. Within the frontier, Al tools
complement human work, while outside the frontier Al tools degrade human performance. The
challenge these authors point out is that any given worker may find it hard to classify which tasks
are within or outside the frontier, especially for projects that involve multiple tasks.

E08gEAD GanARe 2 & GE DAY Edy GaAy g Oé & GHunmahOybadis@tigsGo/be GS &y 0
able to discern when Al can help speed up tasks or improve quality, versus when it may hinder
performance.

4.3. Al for Personalization and Customer Journeys

There is a rich literature in stochastic modeling (e.g., Netzer et al. 2008) for capturing dynamic
customer journeys. The Transformer architecture (Vaswani et al. 2017) that underpins LLMs
offers potential to model rich customer data (both structured and u nstructured). In other words,
customer interactions can be modeled with a Transformer architecture similar to how LLMs model
a sequence of words (Lu and Kannan 2026).

Lu and Kannan (2026) show their heterogeneous Transformer architecture can capture

relationships between customer interactions that Hidden Markov Models (HMMs) can miss. Unlike
HMMs which assume a first order Markovian property, the Transformer architecture considers
non-linear relationships between inputs at all points in time. By converting a vector of customer
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mechanism of the Transformer searches for intertemporal patter ns. Because the data of Lu and

Kannan (2026) do not corresponding to the text data used to train LLMs, they estimate the

embeddings along with the overall model. By allowing customers to be heterogeneous (e.g.,

Kamakura and Russell 1989), this paper bringghe Transformer architecture closer to the

marketing literature, and is a valuable starting point for additional research on customer journeys.

Rafieian and Yoganarasimhan (2023) provide a detailed review of personalization of marketing

actions using Al and machine learning algorithms. The posterchild for personalization is the Netflix
recommendation algorithm, which is considered to have a signifcant role in keeping the churn rate

low for the company. The Netflix algorithm has influenced other streaming services and retailers

(e.g., Wayfair as highlighted by Korganbekova and Zuber 2023) in using personalization
algorithms to improve customer outc omes. However, Rafieian and Yoganarasimhan (2023) point

490 Go GawGo DOdeay vu+ &k %Gaayol a0e06yaGo 7 wijeéoaubdal
guiding policies. Because promotion effects are typically small, the signalto-noise ratio
requirements are high for personalization to work effectively. In some cases, the authors suggest

a simple uniform policy may yield better results.

In this section, | suggest directions in which marketing will evolve or be disrupted by Al in the areas
of market research, content creation and jobs, and personalization.

Market research is likely to be transformed by Al in the coming years. Firms typically use market
research firms to conduct surveys and to produce analyses from research data. Such functions
are prone to Al automation such that a 3-month project could be undertaken in hours or days at a
fraction of the cost. Al agents can be developed to provide an end-to-end solution, where a
prompt is given to state the research objective, and the agent can then (1) summarize secondary
research, (2) design studies to collect primary data, (3) collect primary data using silicone or
human subjects, and (4) analyze and present the data in an easihconsumable style. At a
minimum, such Al based market research can be used for pre testing or developing priors. When
relevant data are hard to obtain for fine-tuning, human participants may well be required. This
raises questions about the ethics of studies designed by Al for human subjects. While a humatin-
the-loop overseeing and approving Al outputs may mitigate concerns that an Institutional Review
Board (IRB) may have (especially for academic or pharmaceutical market research), full
automation may lead to inappropriate questions or content being developed.

Overall, the direction of market research points towards partial or full automation, which will likely
have an effect on jobs in the industry. Analysts who primarily collate information and write reports
may be displaced by Al which can do these tasks effiiently.

In addition, content creation tasks in digital marketing and personalization can be readily
accomplished with Al. While factorial designs for email marketing campaigns have been
commonplace, such campaigns can now be personalized using Al at the individudkvel using a
EgeGau0dzeo0yGadooaaeGadijoaloayGOdwuEGAay &R0 &0 Yb
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digital campaigns are at considerable risk of being eliminated. Since millions of people currently
perform these jobs, the societal impact of Al automation of these tasks requires careful study and
debate. Demonstrating the societal implications of Al can be a mantle that researchers take on to
help advance public policy in this area.

8€000++72 EPgUOOGO%U+ROYylI AT UWoDaadyGoagGro Goaweoyay
workers to enhance productivity and quality since the knowledge to separate tasks that Al can and
cannot do well is not widespread. Yet many companies aresncouraging, incentivizing, or requiring
their workforce to adopt Al tools ? without necessarily tracking the value gained from these tools.
tauo06dODadGowWODaOyauOyayoEwU++01 027 adoe+abzoayor a
revise content generated by Al 3, which may result in reduced productivity. Therefore, an
important direction for research and practice is to understand whether Al usage should be
mandated in a top-down manner, or allowed to grow organically based on where it adds value. The
jagged frontier may be discovered through trial and error, and it would be important for
organizations to have a learning mindset when facing a technology as new as LLMs.

In terms of Al for personalization and customer journeys, foundation models may need to be
developed, leveraging data from multiple firms. Unlike LLMs, Al for customer journeys involve
customer behaviors and interactions, and any one firm may face sparsityissues when building a
model only using their own data. These models may provide greater predictive power should there
be non-linear intertemporal patterns that standard models cannot capture. On the other hand,
DOd5 GaosbDday EAaD+ 00 arth&dndidErimgiifzhe Somplexity df iAlomibdeIs i& &abth
the training and computation cost for any given application. From a societal standpoint, the
demands of Al computation is spurring the construction of new data centers which consume large
amounts of electricity and water. It is estimated that large data centers can consume up to 5 million
gallons of water a day, which is about what a town of 10,000 to 50,000 people would use*.
Electricity grids are reportedly strained when data centers are constructed in a town. As a result,
responsible use of Al should also involve the choice of these models when appropriate, and the
selection of simpler models when they would perform well enough. Of course, researchers need
to explore the jagged frontier of model selection to help guide when Al models are justified for a
given application.

In summary, the marketing field has evolved as new data sources have emerged such as scanner

data, clickstream data, and mobile devices. Like any new technological advance, Al has brought

new capabilities for individuals and firms to incorporate. While i 8 6y %G g d %+ 64y 6 Ga 06201
of Al to incorporate it into as many marketing applications as possible, researchers have a crucial

role to play in establishing where Al helps marketing productivity and where it does not.Rather

than using Al as a gkdgehammer for every problem, a classification tree of when Al or LLMs can

help and when tasks may lead to workslop or decreased productivity would be a helpful next step.

From a societal standpoint, this nuanced understanding which needs to develop as the technology

matures can guide job design as well as judicious use of natural resources that Al requires for
computation.

2 https://www.cnbc.com/2026/05/05/ai - use-work-employee - monitoring -tech - surveillance.html
3 https://hbr.org/2025/09/ai  -generated - workslop- is-destroying - productivity
4 https://www.eesi.org/articles/view/data -centers-and-water-consumption
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Abstract

We examine how relational dynamics shape consumer loyalty in continuous sharedise

services (CSSU), moving beyond traditional dyadic perspectives toward a triadic and culturally

embedded framework. Drawing on Social Exchange Theory (SET), ServiceDominant Logic

(S-D Logic), and cogenetic triadic relationships (CTR), we propose the actional self as a key

mechanism linking relational experiences to behavioral outcomes. We test a model in which

warm relationships and cligue dynamics influence loyalty through he mediating role of the

actional self. Data were collected from 120 university students in Brazil and Mexico and

analyzed using PLSSEM. The results show that warm relationships positively affect both

actional self activation (; = .58, p <.001) and loyalty ¢ = .22, p = .03), while clique dynamics

negatively affect warm relationships (f O6 NRT T F 6 D6 O6 RAT Wo wuy 1 6 ayyi=4ad OE G+ jj
NRaAT F 6 D6 O8 RAT WRO EG&aay %y & &Dp €.00)Gabrignvigiig serdlOT & EGE 6
role as a belavioral activation mechanism. Mediation analysis reveals full mediation between

cligue dynamics and actional self and partial mediation between warm relationships and loyalty.

Multigroup analysis indicates structural invariance across Brazil and Mexico, gyporting cross-

cultural stability within Latin American contexts. These findings advance the literature on triadic

relationships by demonstrating, through CTR, that loyalty emerges from relational activation

processes rather than from direct relational conditions.

Keywords

Continuous Shared-Use Services; Actional Self; Warm Relationships; Clique Dynamics;
Cogenetic Triadic Relationships; Consumer loyalty
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Reflections on Marketing in a Context of Digitalization and Artificial Intelligence

1.Introduction

The contemporary consumption environment has become increasingly
interactive, connected, and relational, marking a significant transformation in
how organizations create value with consumers(Kumar et al., 2025). Across
sectors such as education, fitness, food delivery, ride hailing, apartment rentals,
and subscription-based services, the growing diffusion of digital platforms has
intensified the interdependence among users, technological systems, and
service providers (Chou et al., 2022) . In this context, customer experience no
longer depends solely on the core offering; instead, it is strongly shaped by
recurring interactions and the quality of relationships developed over time
(Kandampully et al., 2023). Consequently, interactive marketing assumes a
central role by emphasizing continuous processes of dialogue, personalization,
participation, and value co-creation (Chou et al., 2022; Hollebeek & Macky,
2019).

This transformation aligns with Service Dominant Logic (S-D Logic), which
posits that value is not embedded in offerings but emerges through use and
interactions among multiple actors within the ecosystem (Vargo & Lusch, 2017).
Recent studies on consumer engagement demonstrate that interactive
experiences positively influence satisfaction, trust, advocacy, and loyalty when
they enable meaningful participation and relevant social connections
(Kandampully et al., 2023; Lim et al., 2022). However, despite these advances,
much of the literature still conceptualizes consumer loyalty through
predominantly dyadic relationships centered on the firmdcustomer nexus
(Munaier & Mazzon, 2025; Sahhar et al., 2021; Sarkar & Banerjee, 2019)

Such an approach is limited in environments where experiences are shared with
other consumers and strongly influenced by social norms, group belonging, and
relational interdependence (Sarkar & Banerjee, 2019; Storbacka et al., 2016)
Recent research highlights that, in contemporary ecosystems, multiple actors
simultaneously co-create or co-destroy value, requiring broader analytical lenses
(Hardcastle et al., 2025; Munaier & Mazzon, 2025). This gap is particularly salient
in continuous shared- use services (CSSU), where consumers repeatedly engage
within the same environment and interact with other users over time.

In such contexts, the consumer experience extends beyond functional

attributes, price, or convenience, incorporating social and symbolic dimensions
related to belonging, acceptance, and legitimacy (Sarkar & Banerjee, 2019) As a
result, consumer loyalty depends not only on organizational performance but

also on the quality of interpersonal relationships throughout the consumption

journey (Munaier & Mazzon, 2025; Wang & Yang, 2024) Although this relational
dimension is widely acknowledged, understanding of how these processes are
structured and sustained across cultural contexts remains limited.
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Addressing this gap, this study proposes the concept of the actional self (Siméo, 2020) as an
explanatory mechanism for consumer behavioral activation in CSSU contexts. Rooted in cultural

DéijEaa+avYijif 6GAa0O0UEGaAayYy %+080+0U0d000desGaoGaonsayl

within the environment, being continuously shaped by interactions with other actors and by the
emergent culture of the context (Simao, 2020; Tateo, 2016). Unlike approaches centered on
attitudes or intentions, the actional self offers a deeper understanding of how relational
experiences translate into active behavior.

Two relational forces are posited as particularly salient in these ecosystems. The first pertains to
warm relationships, characterized by inclusion, closeness, friendship, and interpersonal support.
Their importance is consistent with the human values liteature, which identifies positive relational
bonds as a foundation for enduring preferences and relational commitment (Kamakura & Mazzon,
1991; Kamakura & Novak, 1992)he second refers to clique dynamics, understood as dense,
cohesive subgroups with strong internal ties that concentrate interactions within the group and
restrict access to external actors (Sasidharan, 2026). While they foster cohesion, trust, and shared
interpretations, they also create relational closure, limiting exposure to diverse perspectives and
reducing the inflow of novel information. While such dynamics reflect the need for belonging, they
may alsogenerate exclusion and constrain participation (Kim et al., 2023; Sasidharan, 2026).

In this context, this study examines how warm relationships and clique dynamics influence
consumer loyalty through the mediating role of the actional self. Additionally, the model is tested
from a cross-cultural perspective, comparing two national contexts to assess structural stability
and cultural moderation effects.

The educational services setting is adopted as the empirical context, representing a prototypical
CSSU ecosystem in which social interactions are central to experience formation and value ce
creation. This study also advances understanding of whether relatonal mechanisms underlying
loyalty are universal or context-dependent.

This article offers three main contributions. First, it moves beyond dyadic logic by adopting an

ecosystemic and socially embedded perspective. Second, it introduces the actional self as a
mechanism linking relational experiences to loyalty. Third, it provdes evidence on the stability of

these mechanisms across cultural contexts. From a managerial perspective, the findings suggest
that fostering loyalty requires actively managing the social architecture of the experience,

promoting inclusion, mitigating exclusion, and expanding opportunities for meaningful

participation.

o
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2.1. Social Exchange Theory and S D Logic

Understanding consumer behavior in CSSU servicescapes requires a relational perspective that

extends beyond transactional structures (Chou et al., 2022; Munaier & Mazzon, 2025). Social

Exchange Theory (SET) posits that individuals remain in relationships when perceived benefits

outweigh costs, with reciprocity and perceived value serving as central mechanisms sustaining
engagement (Lai et al., 2020). In service contexts, this implies that the quality of social
ayGOdwEGaayeol AadOEG+ijoayU+gOyEOedayl &4l &l g%+&207 &-
(Munaier & Mazzon, 2025).

However, in shared use settings such as universities, language schools, fithess centers, and similar
service ecosystems, relational dynamics extend beyond dyadic interactions to encompass
multiple actors who jointly shape the experience (Munaier & Mazzon, 2025; Sahhar et al., 2021,
Sarkar & Banerjee, 2019) The extant literature indicates that consumertfirm (B2C), consumer
employee (E2C), and consumertconsumer (C2C) interactions are critical for value creation and
perceived service outcomes, particularly in continuous-use environments (Kumar et al., 2025; Lim
et al.,, 2022; Zou & Wang, 2022). In these contexts, engagement is influenced not only by
functional attributes but also by the quality of social relationships and the sense of belonging
derived from such interactions (Kumar et al., 2025; Lim et al., 2022; Sasidharan, 2026).

S-D Logic complements this perspective by proposing that value is not delivered by the
organization but is co-created by the consumer through use, resource integration, and lived
experience (Hollebeek et al., 2019; Vargo & Lusch, 2017) This approach emphasizes the active
role of consumers in value creation, with their participation contingent upon interactions with
other actors within the service ecosystem (Hardcastle et al., 2025; Kumar et al., 2025; Wang &
Yang, 2024). Thus, in service ecosystems characterized by continuous and shared experiences,
value emerges as a processual outcome, continuously constructed and reconstructed through
ongoing interactions.

The convergence of SET and SD Logic enables the understanding of value co-creation as a
dynamic process of relational evaluation, wherein positive interactions reinforce engagement,
while negative interactions may reduce participation or even lead to value co-destruction
(Hardcastle et al., 2025; Wang & Yang, 2024). In university settings, for instance, this dynamic is
reflected in how social relationships, marked by acceptance or rejection, shape student
involvement, underscoring that the service experience is inseparable from the quality of the social
exchanges that sustain it (Hardcastle et al., 2025).
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2.2. CSSU and Triadic Relationships

The analysis of contemporary service environments has evolved from dyadic structures to more
complex relational configurations, in which multiple actors interact simultaneously, requiring new
analytical lenses for understanding value formation (Kumar et al., 2025; Zou & Wang, 2022). In
this context, triadic relationships highlight that behavioral outcomes are not solely a function of
direct relationships but also of interdependencies among actors (Munaier & Mazzon, 2025; Zou &
Wang, 2022). Such structures have been widely examined in service and digital contexts, where
consumers interact with other users, platforms, and organizations, increasing the complexity of
the consumption experience (Munaier & Mazzon, 2025; Sarkar & Banerjee, 2019; Zou & Wang,
2022) .

This complexity is particularly evident in CSSU ecosystems, defined as environments in which
multiple users recurrently share the same space and continuously interact with one another and
with the organization (Munaier et al., 2025). In these contexts, the consumer experience is
constructed over time through repeated interactions, whereas in transactional services, value is
perceived at discrete points. Accordingly, value emerges as a relational trajectory, continuously
shaped and reshaped through interactions (Kumar et al., 2025; Lim et al., 2022; Wang & Yang,
2024) .

Within CSSU, C2C, E2C, and B2C interactions form a relational ecosystem that directly influences
value co-creation. The literature indicates that the quality of these interactions affects
engagement, sense of belonging, and active participation, potentially generating or destroying
value (Hardcastle et al., 2025; Kim et al., 2023; Sasidharan, 2026). In this sense, other consumers
shift from peripheral elements to co -determinants of the service experience.

Despite these advances, traditional triadic approaches treat actors as relatively static entities,
overlooking the role of emergent culture (Sarkar & Banerjee, 2019; Zou & Wang, 2022) Recent
literature incorporates cultural psychology, suggesting that relationships are simultaneously
structural and symbolic, and continuously constructed through interaction (Munaier & Mazzon,
2025) . Within this perspective, cogenetic triadic relationships (CTR) extend the traditional view
by incorporating the interdependence between self, others, and emergent culture (Herbst, 1976;
Siméo, 2020).

Unlike conventional approaches, culture is conceptualized as a dynamic boundary that defines
belonging and exclusion, continuously negotiated (Siméo, 2020) . Applied to CSSU ecosystems,
this suggests that norms and meanings emerge from interactions and guide behavior(Munaier &
Mazzon, 2025). Entry into environments such as universities involves symbolic negotiation of
belonging, shaped by the quality of social interaction. Inclusive relationships facilitate integration,
whereas rejection reinforces barriers and limits participation. Moreover, the CTR perspective
introduces the actional self, representing the individual in continuous interaction with others and
culture, activated or inhibited by environmental dynamics (Boesch, 2001; Herbst, 1976; Simdo,
2020) . This concept is central to understanding the motivation to act and co-create value, as
behavior derives from relational quality and a sense of belonging (Munaier & Mazzon, 2025;
Siméo, 2020).
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2.3. Actional Self, Warm Relationships, and Rejection Dynamics

Understanding engagement in CSSU environments requires mechanisms linking social interactions to
action. The actional self describes the individual in a state of relational activation, shaped by
interactions and emergent culture (Simdo, 2020). In shared ecosystems, activation depends on
perceived belonging and legitimate opportunities for participation.

The literature on the List of Values (LOV) indicates that warm relationships with others are a relevant
value in explaining consumer behavior and should not be treated as an isolated preference but rather
as part of a broader value system that guides perceptions, motivations, and actions (Kamakura &
Novak, 1992). Kamakura and Novak (1992) argue that values operate within hierarchical structures and
GawGo ZV vsdu o dO+wwGaayeaabDeo 1 4Gao aGaOdezo uvsjo meegi
motivational organization, integrating dimensions of maturity and relational pleasure. Evidence shows
that inclusive interactions strengthen a sense of belonging and increase willingness to cecreate value
(Kumar et al., 2025; Munaier & Mazzon, 2025; Sasidharan, 2026) Conversely, rejection dynamics,
represented by cliques, function as social closure structures restricting interaction and recognition
(Kim et al., 2023; Sasidharan, 2026). From a SET perspective, this reduces relational benefits and
increases participation costs, discouraging engagement. These dynamics also undermine warm
relationships by limiting relational openness and weakening inclusion.

Thus, the actional self emerges from a relational ecology that combines values, inclusion experiences,
and exclusionary barriers. Based on this logic, the following hypotheses are proposed:

H1: The greater the presence of warm relationships, the higher the activation of the actional self.

DI S6{a05YdOwuGOdo GAOOAEEgQddOYEOG AUGdOROEGaAayY ST ijy Yl
relationships.
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O;
Oc¢
o,
O;

yEOB AU AOEGAAY ST iy Y

Luciano
Gualberto

908



Book Tribute to Wagner Kamakura

2.4. Consumer Loyalty in CSSU

Consumer loyalty, traditionally associated with relationship continuity and favorable attitudes,
assumes broader contours in CSSU ecosystemgMunaier et al., 2025). In these contexts, loyalty
extends beyond formal retention to encompass active engagement with the ecosystem,
dOU+OEGayYoayl &l &1 gwu+&z207 a++ayYyO0&eoGaKimadeGAEADY,
al., 2025; Lim et al., 2022; Wang & Yang, 2024). Accordingly, loyalty incorporates both behavioral
and relational dimensions, aligning with the value cecreation perspective.
601 46Egee0l 6DdOl aadage+ijifr0Ga0duEGaAayu+06&0+U06d0DdC
service environment and is shaped by social interactiondKumar et al., 2025; Munaier et al., 2025).
In this sense, loyalty can be understood as an outcome of such activation, as individuals with higher
levels of the actional self tend to engage more deeply, increasing participation and loyalty
(Munaier & Mazzon, 2025). Thus, active engagement emerges as a central indicator of loyalty in
CSSU contexts. Additionally, the literature on human values underscores the role of interpersonal
relationships in shaping continuity behaviors. As argued by Kamakura and Novak (1992)alues
such as warm relationships with others operate within broader value systems that consistently
guide behavior. In CSSU environments, warm relationships serve as a relational foundation for
enduring bonds, positively influencing loyalty. Therefore, loyalty emerges from the interaction
between self-activation and the quality of social relationships.

Based on this reasoning, the following hypotheses are proposed:

H4: The greater the presence of warm relationships in the service environment, the higher the
level of consumer loyalty.

H5: The higher the activation of the actional self, the higher the level of consumer loyalty.

Figure 1 presents these proposed hypotheses.

Figure 1.Theoretic al Model

Actional Self

H3- H5+
Cliques H1+ Loyalty
H2- H4+
Warm
Relationships
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2.5. Latin American Relational Patterns in CSSU

The Latin American cultural context reinforces the role of warm relationships, clique dynamics,
and the actional self in CSSU environments. The cultural script of simpatia, characterized by
interpersonal warmth, emotional expressiveness, and a preference br harmonious interactions,
functions as a shared normative framework guiding social behavior(Acevedo et al., 2020) . In such
contexts, warm relationships are not only desirable but socially expected, whereas clique dynamics
represent forms of social closure that violate norms of inclusion and increase relational costs.

Given these shared cultural patterns, the relationship between the actional self and loyalty is
expected to remain stable across Latin American contexts. Norms emphasizing belonging and
interpersonal validation shape how relational experiences are translagd into engagement and
loyalty behaviors. Accordingly, in culturally similar settings such as Brazil and Mexico, the
mechanisms linking actional self activation to loyalty are expected to operate consistently. Thus,
the following hypotheses can be supported:

H6: The structural relationships between warm relationships, rejection dynamics (cliques), and the
formation of the actional self, as well as the relationship between the actional self and consumer
loyalty, are equivalent across Latin American contexts (Brazil and Mexico).

This study adopted a quantitative survey-based approach to examine patterns, attitudes, and

perceptions of students in CSSU environments, specifically within the university context, allowing

inferences to this target population (Hair et al., 2022; Malhotra et al., 2014) The model constructs

were operationalized using multi-item scales adapted to the university setting. The instrument

comprised five latent constructs and 21 items measuring the main variables. All items were

assessed using a sevenpoint Likert scale rangiy YO Uda i o 806 yZz&8GdayVvY=+ijol adeéwuy
%Y d 00z WR

Warm relationships were measured using three items adapted fromBeatty et al. (1985), whereas
the clique construct was operationalized with four items adapted from Munaier and Serralvo
(2022) . The actional self was measured with six items adapted fronShulga et al. (2021) reflecting
its multidimensional and relational nature. Finally, student loyalty was assessed using eight items
adapted from Lin and Wong (2020) and Yoo and Donthu (2001)f 6 E%“DGgd &y Yo Ga 0o &
willingness to actively engage with the institution. Given the inherently relational and contextual
nature of the phenomenon under investigation, the scale adaptation was intended to ensure
alignment with the university environment. A pretest was conducted with students to inform
semantic and clarity adjustments, and additional validation was carried out with academic experts.
Demographic questions were also included to characterize the sample, covering variables such as
gender, age, major, and personal income.
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The sample consisted exclusively of students currently enrolled in higher education institutions.
This choice does not represent a limitation but rather a theoretical and empirical requirement, as
universities constitute a prototypical CSSU context in which social interactions are central to
experience formation and value co-creation. As a control criterion, respondents with current or
prior employment relationships with educational institutions were excluded to avoid bias arising
from multiple roles within the analyzed ecosystem. Data were collected through an online
questionnaire distributed directly to students via faculty members and institutional networks,

involving one private institution in Mexico and another in Brazil, in accordance with data protecion
guidelines. The dissemination strategy aimed to expand sample reach within the target population
by leveraging network effects. Data collection took place between March and April 2026,

resulting in a convenience sample.

Measurement quality was assessed through tests of multicollinearity and convergent and
discriminant validity (DeVellis, 2016 R 6 p O+ 4 %4Ca + 4 Gij 01 %& 0 Ol wu+ qwu&G0] 6 géay
composite reliability (CR .70), and average variance extracted (AVE .50), while discriminant

validity was assessed using thd-ornell- Larcker (1981)riterion. The factor structure was examined

based on factor loadings greater than .70 (Hair et al., 2022).

Additionally, a multigroup partial least squares (PLS MGA) analysis was conducted to examine
differences in structural relationships across national contexts, enabling the assessment of cross
cultural robustness.

The sample comprises 120 valid respondents, with no missing data. Participants are evenly
distributed across countries, with 50.0% from Brazil and 50.0% from Mexico. The gender
distribution is predominantly female (69.2%); the average age is 23.0 years (SD= 7.73; median =
21), with ages ranging from 18 to 58 years. Income was reported in mixed formats and standardized
into U.S. dollars to ensure comparability. The distribution is concentrated in lowerincome
brackets, with 25.8% earning less than USD 500 ad 21.7% earning between USD 500 and USD
1,000 per month. Higher income ranges are less frequent, suggesting a predominantly low to
middle-income profile, which is consistent with a student sample. Regarding marital status, most
respondents are single (90.0%). In terms of academic background, all respondents are enrolled in
undergraduate programs, primarily in businessrelated fields such as marketing, management,
and related majors. Geographically, the sample is highly concentrated in two major regions: e
state of Querétaro (Mexico) and the state of Sdo Paulo (Brazil), which together account for the
vast majority of respondents. Both regions are economically dynamic, urbanized, and
characterized by strong industrial and service sectors, as well as signifantly higher education
ecosystems. Querétaro stands out as a rapidly growing hub for manufacturing and innovation in
Mexico, while Sdo Paulo represents the largest economic and financial center in Brazil.
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4.1 Measurement Model Assessment

The assessment of the measurement model followed established PLS SEM guidelines, ensuring
construct reliability and validity prior to structural interpretation (Hair et al., 2022). Table 1
presents item quality indicators, including VIF for multicollinearty, internal consistency
y*dayCwuEaze6d6%u+Dav%d%yl 6EAUDAEAGO0dO+awuCa+aGij WF o vy

Table 1.Convergent Validity and Reliability of the Measurement Model

Clique Cliquel 2.47 2.47 0.80
1=0.87: CR=0.91: AVE=0.77 Clique2 2.80 2.80 0.92
Cliques 2.24 2.24 0.90
Clique4 1.49 1.49 0.65
Loyalty Loyall 7.43 4.28 0.93
1=0.93: CR=0.95: AVE=0.78 Loyal2 5.30
Loyal3 7.04 4.24 0.91
Loyald 6.45
Loyal5 4.93 3.73 0.91
Loyal6 6.27
Loyal7 3.13 291 0.87
Loyal8 2.23 2.03 0.78
Actional Self Selfl 2.45 2.45 0.83
1=0.88: CR=0.91: AVE=0.67 Self2 2.04 2.04 0.78
Self3 2.48 2.48 0.84
Self4 1.89 1.89 0.75
Self5 1.39 1.39 0.63
Self6 2.46 2.46 0.84
Warm Relationships WR1 2.01 2.01 0.87
1=0.86: CR=0.92: AVE=0.78 WR2 2.24 2.24 0.87
WR3 2.47 2.47 0.91

Source: Authors, based on the analyzed data

After examining multicollinearity, items with elevated VIF values were identified and eliminated:
Loyal2 (5.30), Loyal4 (6.45), and Loyal6 (6.27). Most items exhibited adequate factor loadings
(3 > .70), except Cliqued (} = .65) and Self5 (} = .63), which were removed due to lack of
convergent validity. Model re - specification resulted in improved fit indices, with SRMR decreasing
from .089 to .085, d_ULS from 1.35 to 0.98, and d_G from 0.59 to 0.48. The chi -square value
decreased (72 = 389.70 to 72 = 328.65), while NFI increased from .76 to .78, indicating better
model fit and alignment between observed and estimated matrices.

Discriminant validity was assessed using the ForndliLarcker criterion, as presented in Table 2
(Fornell & Larcker, 1981).



Book Tribute to Wagner Kamakura

Table 2. Discriminant Validity (FornelliLarcker Criterion)

Actional Self (1) 0.82

Clique (2) -0.16 0.88

Loyalty (3) 0.70 -0.13 0.88

Warm Relationships (4) 0.58 -0.23 0.55 0.88

Source: Authors, based on the analyzed data

4.2 Hypotheses Testing

Following confirmation of convergent and discriminant validity, the proposed hypotheses were
tested. Table 3 presents the results of the structural model.

Table 3. Hypotheses Testing Results

Warm Relationships->

H1 Ao st 0.58 0.57 0.09 6.73 0.00

H2 Clique -> Warm -0.23 -0.25 0.10 2.37 0.02
Relationships

H3 Clique - > Actional Self -0.02 -0.02 0.07 0.30 0.76

H4 Warm Relationships-> 0.22 0.22 0.10 224 0.03
Loyalty

H5 Actional Self -> Loyalty 0.57 0.58 0.09 6.13 0.00

Source: Authors, based on the analyzed data

For model interpretation, indirect effects provide important insights into the mediating

mechanisms. The indirect effect of Clique on Actional Self is negative and statistically significant

(1 O6NRAT $6G60061 Rad0s$6DO6 OO RAT Wi 64yl AaE%GAYy YO GawuGd Gao
through the deterioration of warm relationships. This result, combined with the absence of a

significant direct effect (H3 not supported), characterizes fu Il mediation of Warm Relationshigsin

the relationship between Clique and Actional Self.

In the relationship between Clique and Loyalty, the indirect effect is marginally significant  O6 NR& O$ 6
t = 1.85; p = .07), suggesting a tendency toward mediation, although without robust statistical

support at the conventional 5% level. Finally, the indirect effect of Warm Relationship on Loyalty

via Actional Self is positive and significant ( = .33; t = 4.14; p <.001). Given that the direct effect

between Warm Relationship and Loyalty is also significant( = .22; p = .03), this indicates partial
mediation, in which the impact of warm relationships on loyalty occurs both directly and indirectly

through the actional self.
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Beyond standard statistical assessments, additional tests were conducted to address two critical
issues in structural equation modeling for consumer behavior: endogeneity and common method
bias.

To assess endogeneity, the Gaussian Copula approach was employed, as recommended bydult
et al. (2018)for PLS-SEM applications. The results indicate no statistical evidence of endogeneity
in the proposed structural model (Figure 1), with nonsignificant coefficients for Warm

Relationship (p = .965), Clique (p = .184), and Actional Self (p = .748).

Regarding common method bias, the full collinearity test proposed by Kock (2015) was applied

using variance inflation factors (VIFs) across latent constructs. The results show that Clique

presented a VIF of 3.01, which is acceptable under the conservative threshold of 3.3, indicating no

common method variance. The constructs Warm Reldionship, Actional Self, and Loyalty

exhibited VIF values above this threshold, suggesting potential redundancy. However, this does

not necessarily indicate methodological bias; rather, it reflects strong theoretical and empirical
relationships among theseEay € GA g EGE R0 2?41 Oy 6 GaoOsual O+280680bDgO0y C
Warm Relationship influences Actional Self, which in turn affects Loyalty, higher VIF values can be
interpreted as a consequence of nomological proximity rather than measurement bias.

To further examine discriminant validity, the Heterotrait tMonotrait ratio (HTMT) was applied.
Following the conservative criterion of HTMT < .85 (Henseler et al., 2015) the results indicate
satisfactory discriminant validity: Actional SelfiLoyalty (.751), Actional SelfiWarm Relationship
(.666), Cliqgue tWarm Relationship (.250), and LoyaltydWarm Relationship (.602). Together with
the FornellOLarcker criterion and cross-loadings, these findings confirm that the elevated VIF
values do not reflect construct overlap but rather strong theoretical linkages among distinct
constructs.

Finally, three additional analyses were conducted: out of -sample predictive power, Importance G
Performance Map Analysis (IPMA), and robust mediation analysis via bootstrapping. The
predictive assessment showed an average RMSE of 1.104, compared to a benchnnk of 1.476,
indicating substantially lower prediction error and suggesting good predictive performance. In the
IPMA, the importance and performance values were as follows: Actional Self (.569; 85.9), Warm
Relationship (.212; 88.6), and Clique (.023; 30.0). These results indicate that Actional Self exerts
the strongest impact on Loyalty, emerging as the primary strategic driver. Thus, increasing
8Ggl Oy Gez70%uEGaay %+080+UF3CO+ayYayYiowylocOawl aads
Warm Rdationship shows high performance but moderate importance, suggesting that it
represents a foundational relational condition that should be maintained. Clique exhibits low
performance and low direct impact, indicating a need to monitor and reduce exclusionary
dynamics.

Robust mediation analysis via bootstrapping revealed a significant indirect effect for the pathway

Warm RelationshipY Actional Self Y Loyalty (1 =.495; 95% CI [.268, .784]), indicating that warm
relationships increase loyalty primarily through the activation of the actional self. A second serial

mediation pathway, Clique Y Warm Relationship Y Actional Self Y Loyalty, also showed a

significant indirect effect (f O NRAO USO G626 * GOy NRaOI F 6 NRAAT YWF 6 &g
reduce loyalty indirectly by weakening warm relationships and diminishing actional self activation.
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Overall, the findings indicate that loyalty is socially constructed through relational mechanisms
activated by psychological processes. While cliqgue dynamics contribute to relational deterioration
and reduced actional self activation, warm relationships ae necessary but not sufficient; the
actional self emerges as the key mechanism driving loyalty.

In summary, although full collinearity VIF values exceeded recommended thresholds for some
constructs, multiple discriminant validity tests indicate that these results are driven by substantive
theoretical relationships rather than common method bias.

4.3 Multigroup Analysis: Brazil and Mexico as Moderators

To assess the role of country as a moderating variable, a multigroup analysis was conducted,
considering Brazil and Mexico as distinct contexts of investigation. Prior to comparing structural

path coefficients, the measurement model was evaluated separately for each group to ensure

adequacy and comparability of the constructs (Toldos et al., 2025). Internal consistency was
“e&0eeOl 6 geadyyYdo *dayCwEaAze0 “+sDawod %yl 6 *pio T 4Gad df
countries, exceeding the .70 threshold. Convergent validity was evaluated using AVE, which

presented adequate values for most constructs. Although the Clique construct in the Brazilian

sample showed an AVE slightly below the recommended threshold, the remaining indicators
Ola&dCcaGoi o evuGae UEGadijo ~awul &yYeéo %yl 6 dO+4&%Ca~+ & Gij
together, these findings indicate that the measurement model achieves acceptable reliability and
convergent validity across groups, enabling valid comparison.

For cross-group comparisons, the permutation test was used to assess the statistical significance
of differences in parameters. The results indicated that no differences between Brazil and Mexico
were statistically significant (p > .05) for reliability and convergent validity indicators (see Table
4).

Table 4. Permutation Test: Brazil vs. Mexico

Actional Self 0.88 0.87 0.01 0.87 0.91 0.91 0.01 0.89 0.68 0.66 0.01 0.89

Clique 0.86 0.88 - 0.81 0.62 0.92 -0.3 0.09 0.39 0.8 -0.41 0.08
0.02

Loyalty 0.94 0.9 0.04 0.16 0.96 0.93 0.03 0.16 0.82 0.72 0.1 0.16

Warm 0.79 0.9 -0.11 03 0.87 0.94 -0.06 0.3 0.7 0.83 -0.14 031

Relationship

Source: Authors, based on the analyzed data
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Table 5. Country Moderation (Brazil vs. Mexico)

Difference  p-value (two-

Hypothesis Relationship (BRIMX) tailed) Result
H6 Actional Self -> Loyalty 0.09 0.58 No moderating
effect
Cligue -> Actional Self -0.17 0.32 No moderating
effect
Clique -> Warm Relationshifs -0.02 0.79 No moderating
effect
Warm Relationships - > Actional -0.09 0.55 No moderating
Self effect
Warm Relationships - > Loyalty -0.17 0.39 No moderating
effect

Source: Authors, based on the analyzed data

Taken together, these results support measurement invariance, thereby allowing us to proceed

with multigroup analysis in the structural model. Accordingly, it is methodologically appropriate to

compare structural path coefficients across countries, enabling the examination of the

moderating effect of national context. Country moderation (Brazil vs. Mexico) was assessed using

partial least squares multigroup analysis (PLSMGA), following established guidelines. The

decision regarding moderation was based onbootstrap MGA results using two-tailed p-values.

The results indicate that none of the differences in structural coefficients were statistically

significant (p > .05). Specifically, differences for Actional Self Y Loyalty (3 [=.09; p = .58), Clique

Y Actional Self (3 TO0 NRa U $ 6 D6 (YoWRrm RM&tDNships(H gOBONRAT $ 6 DO 06 Ru G W
Relationships Y Actional Self (3 fO6 NRA (G $ 0 D3 O8 RO 6 Wi 0s¥ylLbyalty (4@ b FOa WAGH
p = .39) did not reach statistical significance (see Table 5).

Additionally, robustness tests (parametric and WelchiSatterthwaite; see Table 6) corroborated
these findings, revealing consistent patterns of non-significance and reinforcing the stability of
the results and the absence of structural differences between groups.
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Table 6. Robustness Tests

Actional Self -> Loyalty 0.09 0.54 0.59 0.54 0.59
Clique -> Actional Self -0.17 0.98 0.33 0.98 0.33
Clique -> Warm -0.02 0.04 0.97 0.04 0.97
Relationships

Warm Relationships - > -0.09 0.57 0.57 0.57 0.57
Actional Self

Warm Relationships - > -0.17 0.87 0.39 0.87 0.39
Loyalty

Source: Authors, based on the analyzed data

The results indicate that the country does not exert a moderating effect on the proposed
structural relationships, suggesting structural invariance of the model between Brazil and Mexico.
In other words, the explanatory mechanisms involving warm relationslips, rejection dynamics,
actional self activation, and loyalty operate similarly across both contexts. These findings support
H6, which posits the equivalence of these relational mechanisms across Latin American settings,
particularly in two countries shaling a common cultural framework.

This study advances the literature on CSSU by demonstrating that consumer loyalty is not directly
driven by relational conditions but by a relationally activated mechanism (actional self) that
emerges within triadic and cogenetic interactions. By integrating SET, SD Logic, and the CTR
perspective, the findings clarify how relational experiences are translated into behavioral
outcomes.

From a SET perspective, our results show that relational benefits and costs operate
asymmetrically through distinct mechanisms. Warm relationships significantly increase actional
self activation (1 =.58; p <.001), indicating that inclusion, interpersonal support, and proximity do
not merely sustain exchange, but trigger behavioral readiness to engage. In contrast, clique
dynamics do not directly suppress the actional self { 06 NRAT $§ 3 D6 06 Ri UWd Cg
warm relationships { 06 NR1T T § avlihda @epg&ivelinditiect effect on actional self ( O3 NR & 1
.03). This pattern refines SET by showing that relational costs are not internalized as immediate
disengagement; rather, they operate by eroding the relational substrate through which
engagement becomes possible. Thus, participation in CSSU isiot a direct response to exclusion,
but a mediated outcome contingent on relational conditions.
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Our results advance CTR by providing empirical evidence that the self is shaped less by discrete
relational events and more by the structure of relational accessibility within the ecosystem. The
absence of a direct effect of clique dynamics on actional self, combined with their indirect
influence via warm relationships, indicates that the self is not independently responsive to isolated
social signals. Instead, it is cogenetically constituted through ongoing relational configurations, in
which the qualityoU 6 8y GOd EGaayedol 8GaoaGaodesol OUay 0esGaosay
advances the triadic relationship literature by empirically demonstrating that C2C interactions are
structurally constitutive of value formation. Warm relationships and clique dynamics, both rooted
in C2C interactions, directly shape the emergence of the actional self, thereby influencing
downstream outcomes. This finding challenges the implicit assumption that C2C dynamics are
contextual moderators, showing instead that they are core drivers of engagement within service
ecosystems.

Our findings shift the understanding of co-creation from a relational condition to an activation
DAAEOCeEr0ayoTl Aad4Ea0l %+g004aedodOowu+ak0Ol 6Gadagyao Gaos
From an S D Logic perspective, the results clarify the process through which value co creation is

enacted. The strong effect of actional self on loyalty (1 = .57; p <.001) indicates that value does

not emerge directly from relational experiences, but from the activation of the individual as an

integrating actor within the service system. While warm relationships also exhibit a direct effect on

loyalty (1 = .22; p = .03), their stronger indirect effect through actional self (1 = .33; p < .001)
demonstrates that relational quality becomes consequential only when it enables participation.

The serial mediation (Clique Y Warm Relationships Y Actional Self Y Loyalty; f O6 NRAS U$ d * C
gNRAOI F 6 NRAAT YW UgdGaodo dOUay 0¢é 5 &asiréctiorDunfldsOe & 6 Cij
Rather than producing immediate disengagement, exclusionary dynamics propagate through the

system by weakening relational bonds, which in turn reducebehavioral activation and ultimately

undermine loyalty. This finding contributes to the literature by showing that co - destruction is not

episodic, but processual and cumulative, operating through relational degradation rather than

direct behavioral withdrawal.

The cross-cultural results provide an additional theoretical contribution. The absence of
significant differences between Brazil and Mexico supports the structural invariance of the model,
indicating that the mechanisms linking relational conditions, actimal self, and loyalty operate
consistently across both contexts. This finding is coherent with the cultural script of simpatia
(Acevedo et al, 2020), which reinforces norms of interpersonal warmth, relational
embeddedness, and harmony. Within such contexts, warm relationships function as a normative
baseline for interaction, while cligue dynamics represent deviations from expected relational
conduct. Consequently, the processes by which relational experiences translate into behavioral
activation and loyalty remain structurally stable. Importantly, this result does not imply universal
generalizability but suggests that relational activation mechanisms may exhibit stability within
culturally proximate environments.

From a measurement standpoint, the study provides evidence of the robustness of the proposed
scale for capturing relational and behavioral dynamics in CSSU. Multiple validity assessments
indicate that these reflect strong theoretical interconnections rathe r than methodological bias.
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This reinforces the adequacy of the measurement model for studying complex relational systems
in shared-use services.

Managerially, the findings suggest a shift in how loyalty should be approached in educational
services. While fostering warm relationships remains necessary, it is insufficient on its own. The
central role of the actional self indicates that institutions must design environments that activate
participation, not merely support it. This involves creating conditions that enhance agency,
legitimacy of participation, and opportunities for contribution. At the same time, clique dynamics
must be actively mitigated, as their impact unfolds indirectly yet systematically, undermining the
ecosystem's relational foundation. We identify actional self as the primary driver of loyalty,
highlighting that behavioral activation, rather than relational satisfaction alone, is the key
mechanism of long-term relationships.

5.1 Limitations and Suggestions

This study presents some limitations that define clear avenues for theoretical advancement.

First, the empirical context is restricted to higher education, which, although appropriate for
CSSU, may limit generalizability to other service ecosystems. Future research should test the
model in contexts such as fitness, coworking, or digital platforms. Second, the cross cultural
analysis between Brazil and Mexico reflects cultural proximity rather than global generalizability.
Both contexts share the script of simpatia, which likely explains the invariance observed. Future
research should contrast Latin American settings with Anglo-Saxon and East Asian contexts,
Ta0d06dO+wGadayw-oyadiueol a0UU0OdoeaYYyaUAEWUY G+ijf o0y Y
boundaries. Third, an additional limitation concerns the restricted scope of relational constructs
included in the model. Although the study captures warm relationships and clique dynamics, it
does not explicitly model interactions between students and staff/professors. Future research
should extend the model by differentiating C2C and E2C interact ions, allowing for a more precise
understanding of how distinct relational interfaces influence actional self activation and loyalty.
Finally, additional constructs, such as psychological safety or identity processes, could extend the
model's explanatory power, refining the understanding of relational dynamics in CSSU.
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Appendix. Scale

Selfl When [ think about this educational institution, | feel inclined to talk about it
Self2 | reflect on the experiences | have at this educational institution
Self3 | think about new experiences | could have at this educational institution
Self4 | feel motivated to contribute to the development of new experiences at this
educational institution
Self5 | talk to others about my experiences at this educational institution
Self6 | try to encourage others to also experience this educational institution with me
Cliquel | feel excluded from WhatsApp groups of students who attend the same courses as
| do
Cligue2 - 4a0yoGowuddal O6uGoGaaesol gEwGaay%+oayé
Clique3 I have difficulty integrating into this educational institution because students already
have their own closed groups
Cligue4 It bothers me that there are gatherings outside the institution and that students
from my courses do not invite me
Loyall I truly love this educational institution
Loyal2 | will genuinely miss this educational institution when | complete my academic
program
Loyal3  This educational institution is special to me
Loyal4  This educational institution is more than just a service to me
Loyal5 | am fully satisfied with this educational institution
Loyalé | consider myself loyal to this educational institution
Loyal7  When I think of an educational institution, this is my first choice
Loyal8 | fully intend to study again at this educational institution after completing my
current academic trajectory
WR1 Enthusiasm is very important in my daily life
WR2 A sense of belonging is very important in my daily life
WR3 Having warm relationships with others is very important in my daily life
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Abstract

This study examines how the Great Recession and the COVIP19 pandemic reshaped
household consumption in Spain across socioeconomic strata. Using Permanent Income (PI),
households are classified into six groups based on Spanish Household Budget Survey (EPF)
data from 2006 G2020. A budget allocation approach tracks spending patterns across
expansion, recession, recovery, and pandemic periods. Results show that essential goods
(food at home, energy, communication) remain stable, while non-essential items (clothing,
leisure, dining out, transport) are more affected by crises. Lower-income households
concentrate spending on essentials, whereas higherincome groups adjust discretionary
expenses more. The COVID-19 shock caused sharper and more immediate changes tharnhe
2008 crisis, including shifts from leisure services to goods and a stronger decline in public
transport use. While differences between groups narrow in essential categories, inequalities
persist in discretionary spending. A limitation is that the pandemic is observed for only one year.
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When trying to explain recent economic fluctuations, it is worth
remembering, as Durant & Durant (2012) said, that the past is the
present unrolled for understanding and the present is the past rolled
up for action.

In times of difficulty or problems, fears emerge in consumer behavior
(Campbell, et al. 2020). Therefore, it is necessary to unwind the
recent past of changes in consumption to understand it and activate
or at least understand the action by economic agents. Together with
the evolutionary changes that have been taking place (Del Barric
Garcia, Kamakura & LugueMartinez, 2019), the 21st century has been
characterized by two disruptive phenomena: the great crisis of 2008
and COVID-19 that have affected the world and, in particular, Spain
(Lugue -Martinez, Kamakura & Del BarrieGarcia, 2024).

In Spain, big changes have taken place in the household, such as a
decrease in household size, a greater role of women as breadwinners,
aging and higher level of education of the head of household, or a
growth of the middle and upper social classes at theexpense of the
lower and lower middle classes (Aldas & Solaz, 2019). During the great
economic recession (2008 -2014), the greatest changes in
consumption occurred in households with the lowest per capita
consumption, which delayed the purchase of durable goods as a
reaction mechanism to the crisis. Likewise, total consumption
decreased slightly in the lowest classes, with no notable changes in the
rest of the classes (Anghel et al., 2018). According to Alonso et al.
(2015), the wealthiest classes put theemphasis on irrational spending
as the cause of the crisis without assuming responsibility for it.

This study examines how these two disruptions reshaped consumption priorities overall and across
socioeconomic strata. Considering the pandemic effect, it tries to measure the importance of the
economic impact (recession) and the structural impact (restric tions on movement, shifts in work,
education and entertainment options, etc).

To the best of our knowledge, prior research has not examined in comparable detail how these
two crises altered consumption priorities across product categories and socioeconomic strata in
Spain. Luque-Martinez, Kamakura & Del BarrieGarcia (2024) have examined the consequences
of these two important disruptive phenomena on changes in consumption by socioeconomic

strata are examined, but the analysis does not include product categories, nor the extent to which
these effects differ across product categories.

FSadly, Professor Kamakura passed away on March 11, 2025. This work is a continuation of the work by Lugue
Martinez, Kamakura & Del Barrio Garcia (2024). Professor Kamakura's contribution was fundamental to the
research design and model, as well as to the malysis and visualization of the data. We believe that the best place
to share this final collaboration with Wagner is in this tribute book. Always with affection in our memory.
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In order to study these shifts in consumption priorities during the dynamic beginning of the 21st
century in Spain (with fast economic growth followed by a major recession, a relatively fast
recovery, and a major pandemic), we use a concatenation of 15 EPBurveys conducted by INE
from 2006 to 2020 (Spanish National Statistics Institute's household budget survey INE - EPF).
This series of surveys present two valuable features for our study. First, about half of the
households participating each year also paricipated in the subsequent year, allowing us to
understand the dynamics of social mobility. Second, all reported expenditures could be
aggregated into consumption categories that were harmonized throughout the entire 15 -year
period, allowing us to track consumption across categories by each socioeconomic class over
time.

We use a budget allocation model (Kamakura & Du, 2012; Du & Kamakura, 2008) to isolate these
two impacts and to verify how consumption priorities changed over time for each socioeconomic
stratum, and to detect structural shifts in these priorities due to t wo major disruptions (the Great
Recession of 2008 and the pandemic of 2020).

The results confirm that crises have heterogeneous effects across product categories and social
strata. Essential products are more stable during the crisis. The pandemic crisis has accelerated
the digitalization of consumption and has had more abrupt effe cts.

The literature above suggests that the concept of social class is complex; there are differences in
self-image, social horizons and consumption goals between classes. But as Coleman (1983)
indicates, the fundamental question is not whether social class isnore determinant than income,
but how it affects their use, that is, the consumption of goods and services. This is the question at
hand. The stratification of any society or market is not an easy matter, as highlighted by
Dominquez & Albert (1981) when wening about the need for new scales and greater sophistication
when it comes to its delimitation in socioeconomic strata, even more so with the evolution of forms
of consumption in post -industrial societies.

Williams (2002) concluded that social class is a significant predictor of the importance of the
evaluation criteria for many products, being moderated by the objectivity of the criteria and the
social sensitivity of the product. For socially insignificant products, the importance of utilitarian
criteria was related to income; while forRengs and ScholzWackerle (2019) consumption depends
endogenously on the change in social class and on signals such as the Snob and Veblen effects
(namely, conspicuous consumption where social rank determines consumer preferences).

Katz-Gerro et al. (2017) obtained a decrease in spending on food (meat, fresh fruit), hygiene
products and cosmetics, clothing and footwear, eating out, vacations or leisure activities, in
addition to an increase in the shadow economy. These same authors @tinguish different
strategies depending on whether households operate as consumption units or as production
units, or whether they adopt a proactive or reactive approach. Proactive households involved in
production have more sustainable, self-provisioning practices, as is the case with farmers or
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industrial workers in towns. Proactive households as consumption units are more frequent among
households with assets, professionals and they place the emphasis on investments in economic
activities. While reactive households are of two types. On the one tand, those who present passive
resistance mainly composed of older people or a single member who resist without trying to
mitigate the effects of the crisis. On the other hand, there are those who reduce their
consumption and savings, go into debt or sellproperties. There are also households with a mixture
of both strategies.

At the beginning of the crisis there are changes in consumer behavior, both in volume and quality,
and later this will also be affected by government measures. In this sense, Kaytaz & Gul (2014)
found that consumers switched to cheaper products at the begi nning of the crisis, reducing their
total consumption expenses. Subsequently, after the measures adopted by the governments,
there was an increase in consumption. However, also in these cases the behavior of consumers is
heterogeneous, depending on demogra phic, psychographic and attitudinal variables, as well as
the involvement of consumers (Tilikidou & Delistavrou, 2014).

Also, changes in consumption during the crisis can have consequences on eating habits and, in
short, on health (Jabakhaniji et al., 2017) find that obesity is associated with the perceived effects
of the economic recession but not with social class, so they defend a greater public health effort
for a healthy weight of the population, instead of doing so towards specific social classes

According to Fritsche et al. (2017), economic crises threaten the sense of control of individuals
and lead to certain collective responses such as class protests, nationalism or xenophobia. In short,
there is an adaptation of consumers to the new situation, spending less, looking for alternatives or
substitutes or more durable products (Katz-Gerro et al. 2017).

On the other hand, crises also cause consequences of a psychological nature that have effects on
consumption. The results obtained by Oh (2021) show a negative relationship between self
esteem and conspicuous consumption among those who consider themselvesto be of high social
class.

Also, the perceived economic inequality, not only the objective one, has its effects. According to
Velandia-Morales et al. (2022), perceived economic inequality influences consumption
preferences, specifically favoring preferences for products that provide desirable symbolic values
associated with status.

Meyer & Sullivan (2013) find different patterns of income and consumption inequality during the
first decade of the 21st century. Inequality in consumption increases in the growth period while it
decreased during the economic recession. The Great Recessionaccording to the meta -analysis
carried out by Jenkins et al. (2021) was associated with a reduction in mean calories per adult
equivalent per day in high-income countries and an increase in calories per adult per day in middle
income countries. The intake of fruit and vegetables, fast food, sugary products, and soft drinks
was also reduced. Ballester & Velazco (2015) reach similar conclusions for Spain.

Some research points to the effects of the 2008 economic crisis in Spain on consumption. Using
focus group Alonso et al. (2015) confirm the different perceptions by class. On the one hand,
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those who have a dominant position did not articulate a critical discourse on consumption.
Moreover, they identify it as the engine of the economy and in terms of well-being, only excessive
consumption "by others" is criticized, without seriously considerng other alternative forms of

consumption or questioning the sustainability of the current consumption model. The crisis is seen

Although with skepticism, the remoralization of consumption and saving habits is seen as a
possible solution.

Some studies analyse the effects of COVID on the consumption of certain products. Coibion et
al. (2020) find that recreation, travel, and entertainment expenses, clothing and footwear,
housing expenses including rent and maintenance, transportation, and déot payments including
mortgages, auto, and student loans see the largest declines in spending. Instead, for utilities, food,
or education and childcare, they only observe modest drops. And intermediate drops for small
durables such as furniture and medicalexpenses. Regarding expenditures on durable goods,
Coibion et al. (2020) do not find differences in the purchases of durable products, but they do
find a sharp decrease in future purchases of these products, both in the probability of buying in
the next twelve months and in the quantity to buy.

On the other hand, Chronopoulos et al. (2020) showed the changes produced in the consumption
of different products during the different phases of the pandemic. Groceries increased a lot in
fever-lockdown phases and remained at higher levels afterwards, whe dining and drinking fell
drastically in fever-lockdown and remained at lower levels afterwards (stay alert phase). In both
cases, differences were found due to socio-demographic characteristics.
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More specifically, in the case of Spain,Luque-Martinez (2020) points out that the confinement
caused drastic changes in supply and demand, as well as in prices, commercial distribution and
consumption with heterogeneous effects by products, sectors and territories. The drastic fall in
consumption was generalized in all types of products during confinement and rebounded once it
ended. The prices of goods and services that rose the most during confinement were
unprocessed food, food and non-alcoholic beverages, beverages, nondurable goods for the
home or products for pets. On the contrary, the prices that fell the most were those of electricity,
gas and other fuels; and recorded media.

In short, the review of the literature shows that socioeconomic classes are social spaces,
modulated by the context, in which consumption patterns and the consequences derived from
crises are reflected in a heterogeneous way. The factors that determine these changes can be
divided into intrinsic and extrinsic. The former includes the more or less proactive nature of the
households that comprise it, their self-image/self -esteem or the need for assimilation and the
need for differentiation that can lead to os tentatious consumption, or the perceived inequality
that gives symbolic value to consumption. Among the extrinsic aspects, it is worth highlighting
whether the products are basic necessities, their character as available goods or relative equity,
durability and sustainability, as well as government measures (fiscal measures, promotion or
consumption stimulus measures).

In summary, crises provoke behavioral reactions in different directions as has been observed in
different countries and habitats (Kumar & Abdin, 2021).

Socioeconomic strata are instruments for market segmentation and estimation of the evolution
of product consumption. The 2008 economic recession led to a general decline in consumption,
which affected households depending on their composition and economic vulnerability. The crisis
derived from COVID-19 had even more abrupt consequences in all products, especially in those
most directly affected by the confinement of the population and which corresponded to non -
essential activities. The drastic change was nb always downward, although a large drop was
observed in the intention to purchase future durable products.

Thus, for example, Yan, Keh & Chen (2021) find a curvilinear effect of social class on green
consumption, according to which the middle classes have a greater propensity to green
consumption than the upper classes and the lower classes. This can be explained by the tension
between need for assimilation (NFA) and need for differentiation (NFD) that differ bet ween
classes according to their identity.

After an in-depth analysis of the literature, we have not found relevant studies that analyze the
effects of the economic crisis on the evolution of consumption by specific categories of products,
not on the changes caused in their consumption according to the different classes. However, and
in general terms, derived from the review of the literature, we can conclude that consumption fell
for a longer time in the 2008 economic recession than in the COVID-19 pandemic, particularly in
non-essential goods (clothes and footwear, vacations or leisure activities or food outside the
home because those at home would increase due to confinement). The consumption of basic
necessities seems not to be so affected during economic crises; some studies have even
observed an increase during the pandemic (food at home). The consumption of energy and that
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related to communications is maintained during the economic crisis, it is relatively more insensitive
to it, it would even increase in the home due to confinement.

The (economic and pandemic) crises are also crises of confidence, in addition to the fall of the
GDP, the consumer confidence index falls (Luque-Martinez, 2020).

During the COVID-19 crisis, three dimensions of consumers' online behavior stood out: increased
digital participation, transformative capacity of digital technologies, and socioeconomic
adaptability to the crisis (Jiang, & Stylos, 2021).

In addition, the perception of food insecurity increased (Parekh, et al. 2021). Fear for health and

economy is associated with changes in consumer behavior, in traditional and online shopping.

During COVID-19 this occurs in different generations of consumed € 3 y 4 YOd i 6 OGS %=+ 01 AT 2
poorest deciles increased their environmentally destructive behavior, while wealthier deciles

showed modest improvements. All deciles displayed greater frugality in purchasing. Support was

greater for policy interventions framed as environmental than for taxes on daily consumer

products. The findings confirm the need for environmental programs which make sustainable
EayegubDGaayoiadoOsdowl 4+i 6 WEEO& & A& C+ OoMuiachieaTald Od o6 & 2
2021). Consumers ae subject by product scarcity and/or to resource scarcity (Hamilton, et al.

2019).

An historical analysis of articles published in the Journal of Consumer Research highlights that
research on family decision-making has declined over time now the focus is on households (Wang
et al., 2015).

In light of the existing literature and the two major crises of the 21st century, the following research
questions arise: How did the Great Recession of 2008 and the COVID 19 crisis affect the structure
of consumption by product category in Spain? To what extent do these effects differ across
socioeconomic strata defined by Permanent Income? Which categories of goods display
resilience in the face of crises, and which are more vulnerable? Do consumption differences
between socioeconomic strata narrow or widen in times of crisis?

The general hypothesis is that the effects of crises are heterogeneous (Kumar & Abdin, 2021,
Jenkins et al., 2021), with specific particularities associated with the pandemic crisis (Coibion et
al., 2020; Chronopoulos et al., 2020; Jiang & Stylos, 2021). Such effects manifest unevenly across
strata (Tilikidou & Delistavrou, 2014; Jabakhanji et al., 2017; Yan, Keh & Chen, 2021) and by
product type (Ballester & Velazco, 2015; KatzGerro et al.,, 2017; Luque Martinez, 2020;
Velandia-Morales et al., 2022).

Accordingly, the following hypotheses can be formulated:
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H1 (Essential vs. noressential goods). During crises, the budget share devoted to essential
goods remains stable or increases, while the share of noressential goods declines
substantially.

H2 (Socioeconomic gradient in essentials). Households with lower Permanent Income allocate
a greater proportion of their budget to essential goods than higher -income households, both
in normal periods and during crises.

H3 (More abrupt effects of the pandemic than of the 2008 recession on mobility and leisure).
COVID-19 generated a more abrupt adjustment than the 2008 recession in categories related
to mobility and leisure.

H4 (Digital acceleration). The pandemic-driven digitalization of consumption led to increased
spending on communication equipment and services, particularly among middle- and lower-
income classes.

H5 (Inequality in essentials vs. discretionary goods). The disparity between strata narrows in
essentials and widens at the upper end in discretionary goods during the pandemic.

H6 (Leisure substitution). During the pandemic, consumers substituted leisure services with
leisure equipment at home.

H7 (Transportation: private car vs. public). Car use displayed a relatively countercyclical
pattern in 2008 but declined in 2020; public transportation fell more sharply in 2020 than car
use.

As summarized in Table 1, the study builds on the concept oPermanent Income (PI), defined as

z7GaoOo mCa+4a4Gijoalo Gao0saageOaa+106Gao u%uayGwuay o %o EOd
current income may be misleading with respect to socioeconomic status, Pl is measured as a latent

variable derived from observable indicators. Although some authors (Bollen et al., 2007) have

approached PI through formative indicators, the authors highlight methodological issues of

collinearity and instead adopt a framework based exclusively on reflective indicators. Moreover,
GaaeoUadaigo-dsGCaaybuGaouaeeay VYol +gO&i 6o%uedl OuayeGd
The same procedure was employed by Luque-Martinez, Kamakura, and Del BarrieGarcia (2024).

The proposed model is a Latent- Trait measurement model that adjusts indicators according to
household composition and life-cycle stage. This model accommodates binary, continuous, and
count indicators, while also correcting for household characteristicsUsuch as number of members
and family structure Uto avoid biases in the comparison of living standards.



Table 1.Methodological outline

1957). Measured as a latent variable with reflective indicators

Total net monthly income (at 2015 avg. prices) of the household (natural logarithm).

Annual monetary spending (at 2015 avg. prices) of the household temporarily elevated (natural
logarithm).

Highest studies completed (categorical in 4 levels O primary, first cycle, second cycle, higher education).
Occupation (categorical in 5 levels 0 Management, Professional or Technical, Administrative, Qualified
Worker, Non-qualified Worker).

Socioeconomic situation (reduced classification) of the main breadwinner

(categorical in 6 levelsi manual labor, nonmanual labor, independent worker, unemployed, retired, other
active).

Tenure regime (categorical in 6 levelst owned, own with mortgage, rent, reduced rent, partially paid
concession, free concession).

Number of rooms in the house (ordinal in 8 levels).

Area of the dwelling in m2 (natural logarithm).

Access to hot water (binary).

Access to Central Heating (binary).

Neighbourhood (categorical in 7 levels 0 urban deluxe, urban high, urban medium, urban low, rural
industrial, rural fishing, rural agriculture).

Latent - Trait measurement model uig; = 1+t k[ kXiok +}iZie +Riw;

uiw;= latent value for household iinterviewed (nested) in year t measuring the propensity to respond with the
observed value yiw; for indicator j. This latent value is linked to the value y; via n identity (for continuous
indicators), logarithm (for counts) or logit (for multichotomous observed indicators) link function.

1j = intercept for indicator j.

[ k= regression coefficient for indicator j on the k-th covariate (eg, household type).

xipk= background characteristic (regressor) k of household i interviewed in year t.

1j=factor loading for indicator j on the latent PI.

Zin=Latent Permanent Income score for household | (nested) in year t.

R =random error.

Household Composition and Life Cycle Adjustment

Encuesta de PresupuestosFamiliares (EPF)- Household Budget Survey - is an annual survey of Spanish
National Statistics Institute (INE) among 24,000 households
6 socioeconomic strata based on standardized permanent income:

A (Permanent Income score in the top decile).

B (top second and third deciles).

C1 (top fourth and fifth deciles).

C2 (bottom fourth and fifth deciles).

D (bottom second and third deciles).

E bottom decile).

Analysis of consumption trends by product in period:
Expansion (2006 - 2008)
Big-recession (2008 -2013)
Recovery (2014-2019)
COVID- 19 pandemic (2020)
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The Pl indicators are drawn from the Spanish Household Budget Survey (EPF) conducted annually
by the National Statistics Institute (INE), which collects information from 24,000 households each
year. Based on this information, the Pl of each household is masured over a 15year period,
consistent socioeconomic strata are defined across the entire timeframe, and mobility between
social classes is tracked during phases of expansion (200€2008), financial crisis (2008 02013),
recovery (201302019), and the pandemic (2020). This approach also enables analysis of evolution
across product categories.

We look at how consumption priorities (share of consumption budget) changed over time across
socioeconomic strata for major consumption categories. Figure 1 displays budget shares allocated
to Food at Home in the past 15 years, showing a reduction in disparity among socioeconomic
classes since the Great Recession. The difference in allocation td~ood at Home between class E
and A was 21 points in 2008, down to 14 points in 2020. As one would expect for essential goods,
wealthier classes (A and B) devote a smaller portion of their consumption budgets to Food at
Home than poorer classes (E and D).

As for Food away from Home, typically a non-essential discretionary expense, the difference
between upper and lower classes increased over time, particularly during the recovery from the
Great Recession. However, the disparity decreased considerably with the pandemic, because
richer households reduced their allocation to this category at a higher rate than poorer
households. This probably happened becauseFood away from Home might be discretionary for
the upper classes, but an unavoidable necessity for poorer households (e.g., lunch at work), who
could not reduce consumption at the same rate as richer households since they already had it at a
very low subsistence level. Anoter evidence that Food away from Homemight be an unavoidable
necessity for poorer households is the fact that budget allocations to this category are much less
volatile for the lower classes than the wealthier ones, as shown over time in Figure 2.

Home Energy (Figure 3) is a clear essential expense, because poorer households allocate a higher
share to it. The disparity in budget allocations toHome Energyacross classes has increased since
the Great Recession and even more so during the recovery phase (by almost 3 points), but
decreased during the pandemic; all classes devoted a higher share of their budgets toHome
Energyin 2020, except for the lowest class. All other classes stayed at home more and used more
energy, while the lowest class probably could not afford to spend more.

Clothing (Figure 4) is a non-essential expense (higher budget allocation by the wealthier classes),
and a smaller portion of the consumption budget has been devoted to it over time, surely
motivated by globalization that favors marketing with lower prices. There was also a dramatic
reduction in allocated budget to Clothing in 2020 due to mobility restrictions that led consumers
to spend much more time at home, reducing the need for new clothing.
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As one would expect, wealthier classes devote a higher share of their budgets tovacations(Figure
5) than the poorer classes, typical for non-essential consumption. Surprisingly, budget allocations
to Vacationsshow a decreasing long term trend during the 15- period across all classes, suggesting
that Spanish consumers are spending less of their budgets on vacations. The drop in allocated
budget is more dramatic during the pandemic across all classes, probably de to mobility
restriction and fear of contagion (why risk it?) rather than economic reasons, especially in the
wealthier classes because they have much more room to save on it.

Leisure Equipment (Figure 6) is a non-essential and not very relevant category that represents
less than 1.5% of the consumption budget in the sampling period, with a declining trend across all
socioeconomic classes, except for 2020, which shows a clear growth forLeisure Equipmentfor all
classes. The pandemic and confinement increased the need for leisure at home, hence the
increase in this type of equipment across all social classes, although the increase is more
accentuated in the wealthier classes.

Leisure Services(Figure 7) is a non-essential category, with stable behavior observed during the
Great Recession in all socioeconomic classes, with a slight downward trend in the recovery, except
for 2020. In this pandemic year, we see a large generalized drop inLeisure Servicesacross all
classes. This drop inLeisure Servicesis in direct contrast to the increase observed in Leisure
Equipment (Figure 6), again confirming that consumers stayed at home more often, replacing
Leisure Serviceswith home entertainment, leading to increasing expenses inLeisure Equipment

There was little diversity in the budget allocations to Communication Equipment (Figure 8) across

socioeconomic classes until 2013, when this consumption category became clearly discretionary,
with the wealthier classes spending a larger portion of their budgets in this category than the
poorer classes. This increase is striking, attough the share of total expenditure is still small.This is
probably due to the increased spending on digital devices, both because of the diversity of the

supply and the demand of an increasingly digitized society, both at work and in daily life.
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In contrast to Communication Equipment (Figure 8), Communication Services (Figure 9) has
always been an essential expense, with the poorer classes devoting a higher share of their budgets
to it than the wealthier classes. The year 2013 has also been a turning point for this consumption
category as seen with Communication Equipment. As mentioned, an increasingly digitalized
society needs more space for leisure and for work. However, in the case of Communication
Servicesthe poorer socioeconomic classes increased their allocation to this category after 2013
at a higher rate than the wealthy classes. Allocations to Communication Services increased
dramatically in the pandemic year (2020) as consumers were forced to substitute in-person
contacts with telecommunications.

Budget allocations to Use of Personal Car(Figure 10) increased during the Great Recession,
particularly among the poorer classes. This behavior is somewhat surprising, especially for the
poorer classes who have less discretionary income to spend on noressentials and therefore rely
more on public transportation. Possibly because the trips made are more concentrated in their
own car instead of other alternatives, especially for leisure trips or vacations. As expected, all
consumers reduced their budget allocations to Use of a Personal Caiin the pandemic year of
2020, due to mobility restrictions.

It is somewhat surprising that budget allocations to Public Transportation (Figure 11) characterize
this category as a nonessential discretionary expense, with wealthier classes devoting a higher
share of their budgets to this category than poorer classes. This unexpected result might be due
to the fact that Public Transportationincludes inter-city transportation (beyond Vacations).

Similar to Use of Personal Car and for the same reasons, all socioeconomic classes reduced their
allocation to Public Transportationduring the pandemic year of 2020. However, the drop in Public
Transportation was much more dramatic, suggesting that consumers preferred to drive their own
car than taking public transportation whenever necessary and possible.
Figure 1. Share of Consumption Budget by Socioeconomic Strata 0 Food at home
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Figure 2. Share of Consumption Budget by Socioeconomic Strata 0 Food away from home
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Figure 3. Share of Consumption Budget by Socioeconomic Strata 0 Home Energy
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Figure 4. Share of Consumption Budget by Socioeconomic Strata @ Clothing
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Figure 5. Share of Consumption Budget by Socioeconomic Strata 0 Vacations
3.5%
3.0%

2.5%

2.0% \_\
Lo, _’/\__’_\

1.0% "/\’-_\-—-—\

0.5% \/\’\

/L

0.0%
2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Social Class ~
—A (top10%) ——B (next 20%) ——C1 (upper mid 20%)
C2 (lower mid 20%)  ===D {next to bottom 20%}===E {bottom 10%)

104



Book Tribute to Wagner Kamakura

Figure 6. Share of Consumption Budget by Socioeconomic Strata 0 Leisure Equipment
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Figure 7. Share of Consumption Budget by Socioeconomic Strata 0 Leisure Services
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Figure 8. Share of Consumption Budget by Socioeconomic Strata 0 Communication Equipment
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Figure 9. Share of Consumption Budget by Socioeconomic Strata 0 Communication Services
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Figure 10.Share of Consumption Budget by Socioeconomic Strata t Use of Personal Car
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Figure 11Share of Consumption Budget by Socioeconomic Strata G Public Transportation
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