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Abstract

Multivariate categorical data are common in many fields. We are motivated by election polls studies assessing evi-
dence of changes in voters opinions with their candidates preferences in the 2016 United States Presidential primaries
or caucuses. Similar goals arise routinely in several applications, but current literature lacks a general methodology
which combines flexibility, efficiency, and tractability in testing for group differences in multivariate categorical data
at different—potentially complex—scales. We address this goal by leveraging a Bayesian representation which fac-
torizes the joint probability mass function for the group variable and the multivariate categorical data as the product of
the marginal probabilities for the groups, and the conditional probability mass function of the multivariate categorical
data, given the group membership. To enhance flexibility, we define the conditional probability mass function of the
multivariate categorical data via a group-dependent mixture of tensor factorizations, thus facilitating dimensionality
reduction and borrowing of information, while providing tractable procedures for computation, and accurate tests as-
sessing global and local group differences. We compare our methods with popular competitors, and discuss improved
performance in simulations and in American election polls studies.
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1. Introduction

Multivariate categorical data arise frequently in relevant fields of application. Notable examples include epidemi-
ology (e.g. Landis et al., 1988), psychology (e.g. Muthen and Christoffersson, 1981), social science (e.g. Santos et al.,
2015), and business intelligence (e.g. Bijmolt et al., 2004)—among others. In such settings it is increasingly common
to observe a vector of categorical responses for each subject, along with a qualitative variable indicating membership
to a specific group. For example, in psychological studies a vector of categorical traits is typically measured for each
individual, and the focus is on studying differences in these traits across groups, such as gender or level of education
(e.g. Shao et al., 2014). We are specifically motivated by election polls studies measuring changes in voters opinions

with their preferences for the Presidential candidates, expressed in the primaries or caucuses of the 2016 United States

*Corresponding author
Email addresses: russo@stat .unipd. it (Massimiliano Russo), durante@stat .unipd. it (Daniele Durante),
scarpa@stat.unipd. it (Bruno Scarpa)

Preprint submitted to July 6, 2021



Table 1: Opinions on several political topics collected from voters during the 2016 American national elections, along with their preference for
Hillary Clinton or Bernie Sanders in the 2016 Democratic Presidential primaries.

VOTER 15 VOTER 16
Vote primaries z; Hillary Clinton Bernie Sanders
Political opinions y; = (y;1,...,¥ip)"
CLINTON
FEEL ANGRY Never Never
FEEL DISGUSTED Never Never
LEADERSHIP Extremely well Very well
SPEAKS MING Extremely well Very well
TRUMP
FEEL ANGRY Always About half the time
FEEL DISGUSTED Always Always
LEADERSHIP Not well at all Not well at all
SPEAKS MING Extremely well Very well

Presidential elections. These elections have attracted a considerable interest by the political scientists—mainly due
the striking and partially unpredicted results—thereby motivating ongoing attempts to understand the determinants
underlying the final outcomes. Most of the available political analyses provide qualitative explanations for the effect
of the media, and the effectiveness of the different campaigns and supported policies—among others. Refer to Lilleker
et al. (2016) for a careful summary of the most valuable studies and comments.

Although all the above explanations allow important insights, quantitative assessments providing empirical evi-
dence of the suggested conclusions in the light of the observed polls data, are fundamental to improve the current
understanding of the determinants underlying the 2016 United States Presidential elections. However, such contri-
butions are still lacking. This is mainly due to the only recent availability of relevant datasets, along with the broad
variability of the research interests characterizing the 2016 United States Presidential elections. In this contribution,
our overarching goal is to assess evidence of differences in political opinions between the subset of voters who chose
Hillary Clinton as Presidential candidate, and the one opting for Bernie Sanders in the 2016 Democratic Presidential
primaries. There is, in fact, a common perception in the media that Bernie Sanders may have been a more effective
candidate for the Democratic party in the Presidential campaign against Donald Trump (e.g. Lilleker et al., 2016).

As shown in Table 1, we address the above goal with a main interest on how the voters feelings toward Hillary
Clinton and Donald Trump, along with their evaluations on specific personality traits of the two Presidential candi-
dates, change between Hillary Clinton and Bernie Sanders voters in the 2016 Democratic Presidential primaries. The
data are obtained from the American National Election Studies available at http://electionstudies.org/,
and comprise five different feelings along with five specific personality traits for each of the two Presidential candi-

dates, thereby providing a total of p = 20 categorical opinions collected for each unit. There are n; = 567 voters who
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expressed their preference for Hillary Clinton, and ny = 386 voters who chose Bernie Sanders in the 2016 primaries.

According to Table 1, it is not clear—a priori—whether there exist group differences in the voters opinions, and, if
present, whether these differences are found in the entire vector of the p = 20 categorical variables, or only on a subset
of the marginals or higher-order structures—including the bivariates, and more complex joint combinations. Obtaining
statistical evidence of these differences at multiple scales, can provide interesting insights on how marginal, bivariate,
or more complex joint opinions of the voters change with their preference for Hillary Clinton or Bernie Sanders in the
2016 Democratic Presidential primaries. However, as discussed in Section 1.1 below, the available literature lacks—to
our knowledge—a general methodology to test for group differences in multivariate categorical data at multiple scales
under a single statistical model which combines flexibility, efficiency, and tractability.

To cover this gap, we propose in Section 2 a flexible dependent mixture of tensor factorizations, which allows the
joint probability mass function for the multivariate categorical data to be unknown, and changing with the groups via a
set of group-dependent mixing probabilities. The proposed representation allows substantial dimensionality reduction
and efficient borrowing of information in sparse tables, while providing a simple test for global group differences in the
entire probability mass function, based on a flexible formulation which reduces model misspecification issues. Taking
a Bayesian approach to inference, we define the prior distributions for the parameters in the proposed statistical model
to guarantee full support, and incorporate automatic multiplicity control when testing for local group differences in the
marginals, bivariates, and—potentially—more complex combinations. As discussed in Section 3, posterior inference
is available via a simple Gibbs sampler which incorporates the global test, and provides tractable methods for the local
tests via a model-based version of the Cramer’s V coefficient outlined in Section 2.1. The advantages associated with
the proposed methods are empirically described via simulations in Section 4, and compared to popular competitors.

Finally, Section 5 provides results for the motivating application on recent American election polls data.

1.1. Literature review

There is a wide interest in studying differences in political opinions across groups of voters defined by gender (e.g.
Atkeson and Rapoport, 2003), race (e.g. Brown, 2009), and affiliation party (e.g. Finkel and Scarrow, 1985)—among
others. In accomplishing this goal, a widely used approach proceeds by summarizing the multivariate categorical data
into a single latent class membership variable, while testing for group differences in these latent classes (Bolck et al.,
2004). Although the latent class analysis provides a useful simplification, the set of procedures required to perform
the above test are subject to systematic bias, and it is still an active area of research to improve this methodology (e.g.
Vermunt, 2010).

An alternative procedure is to avoid data reduction by assessing evidence of group differences in each categorical
variable via separate x? tests, while accounting for multiple testing via false discovery rate control (e.g Benjamini and
Hochberg, 1995). These methodologies do not incorporate dependence structures among the p categorical variables,
and therefore have low power. Pesarin and Salmaso (2010) addressed this issue via permutation tests preserving the

dependence structure in the multivariate categorical data. Although this contribution provides a possible solution, the
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proposed methods cannot capture differences that go beyond changes in the marginals of a multivariate categorical
variable, thus leading to inaccurate insights when the group differences are in higher-order structures.

To avoid the above robustness issues, one possibility is to define a test based on a provably flexible representation
for the probability mass function of the multivariate categorical data. Log-linear models (e.g. Agresti, 2013) represent
a popular class of procedures, but are characterized by an explosion in the set of possible interactions when the number
of variables increases. Indeed, even in moderate p settings, the number of parameters required to fully characterize
the joint probability mass function is massively larger than the sample size n, thereby leading to inaccurate inference
on group differences in the entire joint probability mass function, and higher—order dependence structures among the
categorical variables. To explicitly incorporate sparsity in log-linear models, Ntzoufras et al. (2000), and Nardi and
Rinaldo (2012) proposed a Bayesian stochastic search, and a group-lasso algorithm, respectively, for model selection.
However, when p is moderate to large, these procedures require restrictions for computational tractability, potentially
affecting flexibility. As a result inference can be a cumbersome task in high-dimensional settings.

In order to address the issues associated with log-linear models, an alternative recent literature avoids pre-specifying
graphical parametric structures in the multivariate categorical data, but leverages instead tensor factorizations. Dunson
and Xing (2009) proposed a Bayesian nonparametric representation which defines the probability mass function for
the multivariate categorical random vector as a mixture of products of multinomial distributions. This factorization
induces a provably flexible statistical model, which incorporates dimensionality reduction, and borrows information
between the cell probabilities in sparse tables to provide efficient inference on the entire joint probability mass func-
tion. Notable recent generalizations of the model proposed by Dunson and Xing (2009) incorporate additional sparsity
(Zhou et al., 2015), dynamic patterns (Kunihama and Dunson, 2013), classification of univariate outcomes (Yang and
Dunson, 2016), data imputation (Fosdick et al., 2016; Murray and Reiter, 2016), and inference in case-control studies
with several categorical predictors (Zhou et al., 2015). Refer to Johndrow et al. (2017) for a theoretical justification,
and connections with log-linear models.

Yang and Dunson (2016), and Zhou et al. (2015) focused on the conditional distribution of a univariate response,
with the categorical data acting as predictors. Consistent with the discussion in Section 1, we consider instead the dual
problem, assessing evidence of group differences in the entire probability mass function of a multivariate categorical
random variable. This is accomplished by factorizing the joint probability mass function for the group variable and the
multivariate categorical data, as the product of the marginal probabilities for the groups and the conditional probability
mass function of the multivariate categorical data, defined via a group-dependent mixture of tensor factorizations. As

discussed in Section 2, this formulation is flexible and tractable, facilitating accurate global and local testing.

2. Dependent mixture of tensor factorizations for multivariate categorical data

Lety; = (Yi1,.- - ¥ip)" €Y =(1,...,d1) x--- x (1,...,dp) denote the vector of categorical data observed

for the statistical unit ¢, and z; € X = (1,...,d,) its corresponding group, for each uniti = 1,...,n. We seek a
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provably flexible representation for the joint probability mass function 7y x = {my x(y,z) =pr(Y =y, X =z):
y € Y,z € X} underlying data (y1,1), ..., (Yn, Z,), which facilitates accurate testing of independence between

the random variables Y and X. This goal can be formally addressed by assessing evidence against the null hypothesis
Hy:my x(y,z) =7y (y)nx(z), forally € Yandz € X, (1)
versus the alternative
Hy 71y x(y,z) # 1y (y)mx(z), forsomey € Yandax € X, 2)

withmy = {ny(y) =pr(Y =y):y € Y}and wx = {nx(z) = pr(X = z) : * € X'} denoting the unconditional
probability mass functions of Y and X, respectively.

In order to accurately test the system of hypotheses (1)—(2), and avoid issues arising from model misspecification,
it is important to develop a representation for 7wy x which is sufficiently general to approximate any possible prob-
ability mass function in the |)) x X'| — 1 dimensional simplex Py x|—1. For instance, restrictive representations
for the joint probabilistic process associated with Y, are expected to fail in detecting group differences in complex
structures of the multivariate categorical random variable, beyond those incorporated by the assumed statistical model

for y x. To avoid this issue, without relying on excessively parameterized models, we express Ty x (Y, z) as
Ty x (¥, 2) = Ty |x=(Y)7x (), foreveryy € Yandz € X, 3)

with the conditional probability mass function of Y given X = x factorized as a dependent mixture of products of

multinomial distributions, obtaining
H p
Ty | x=z(Y) = Z Vhs H mh;(y;), foreveryy € Yandz e X, 4)
h=1 j=1

where 7, (y;) is the probability that the categorical random variable Y; assumes value y; in mixture component /,
foreachy; € (1,...,d;),j =1,...,pand h = 1,...,H, while v, = (v14,...,VHs) € Pu—1 are vectors of
mixing probabilities specific to each group = € (1,...,d,). Representation (3)—(4) has several benefits. In particular
factorization (3) allows inference on changes in the multivariate random variable Y across the groups defined by X,
with the conditional probability mass functions Ty |x—, = {Ty|x=(y) = pr(Y =y | X = ) : y € V} fully
characterizing such variations for each group = € (1,...,d,). Equation (4) generalizes instead unconditional tensor
factorization representations (Dunson and Xing, 2009) to provide a tractable model for the probability mass function
of Y, which is additionally allowed to flexibly change across the groups = € (1,...,d,) via a set of group-specific

mixing probabilities. Moreover, the conditional independence assumption among the p categorical variables within



each mixture component, allows substantial dimensionality reduction for tractable inference, while incorporating
effective borrowing of information. This facilitates modeling of higher-order structures in sparse tables, and shrinking
towards low-rank representations which are allowed to vary across groups via group-specific mixing probabilities v/,..

As discussed in Proposition 2.1, considering a conditional independence assumption within each mixture compo-
nent, and accounting for group-dependence only in the mixing probabilities, do not affect flexibility and incorporates
borrowing of information across the shared mixture components, along with tractable tests of independence between

Y and X—as we will discuss in Section 2.1.
Proposition 2.1. Any wy x € P|yxx|—1 can be factorized as in (3)~(4) for some H.

PROOF. Since it is always possible to factorize Ty x (y, ) as 7y x (¥, ) = Ty |x—(y)7x (), for each y € ) and
x € X, Proposition 2.1 holds if any collection of conditional probability mass functions 7y |x—, = {7y |x=2(Y) =
pr(Y =y | X = x) : y € Y}, admits representation (4), for every = € (1,...,d,). Adapting Corollary 1 in Dunson

and Xing (2009), it is always possible to separately represent each my| x—,(y) as

Hy P
ﬂ-Y\X:w(y): Z Vthﬂ'hmj(yj)? yeya
ho=1 j=1

for every group z € (1,...,d,), with m;,_;(y,;) denoting the probability that the categorical random variable Y
assumes value y; in mixture component h,, given that X = x. Hence, the proof follows after defining each 7y,; for
h=1,...,Hand j = 1,...,p as the sequence of unique component-specific probability mass functions appearing
in the above separate factorizations for at least one group x € X. Consistent with this representation, the associated
group-specific mixing probabilities will be vy, = v, if wp; = w4, = 1,...,p and vy, = 0, otherwise, proving

Proposition 2.1. O

Proposition 2.1 holds for some H, which is typically unknown. However, since the set ) X X" has finitely many
elements, H admits an upper bound H which is finite. Hence, we fix H at a conservative threshold, and perform
Bayesian inference leveraging priors for v,, € (1,...,d,) which allow adaptive deletion of unnecessary mixture
components not required to characterize the data (e.g. Rousseau and Mengersen, 2011). If all the mixture components
are occupied after performing posterior computation, this suggests that A should be increased.

Large H is typically required in situations when the underlying dependence structure is complex, compared to the
sample size. In these contexts Bhattacharya and Dunson (2012), and Johndrow et al. (2017) proposed a generalization
of Dunson and Xing (2009) which allows the latent class indicator variable to be multivariate, in order to improve
flexibility, without necessarily relying on a large number of mixture components. Although our model can be general-
ized to these representations, we obtained good performance in simulations and applications also under a factorization
adapting the model in Dunson and Xing (2009). Therefore, we leverage their building-block representation which is

interpretable, computationally tractable, and allows simple testing—as discussed in the subsequent Section 2.1.
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Figure 1: Graphical representation of the mechanism to generate data (y;, ;) from model (3)—(4).

2.1. Model interpretation and hypothesis testing at different scales

Figure 1 provides a graphical representation of the probabilistic generative mechanism associated with our repre-
sentation of the joint probability mass function 7wy x via (3)—(4). According to Figure 1, the group membership z; is
simply generated from the univariate categorical random variable X with unconditional probability mass function 7 x .
Conditionally on the group membership z;, the data y; are instead generated from the multivariate random vector with
conditional probability mass function 7y | x—,, factorized as in (4). In accomplishing this goal, a latent class variable
z; € (1,..., H) is first generated from a categorical variable with probability mass function v,,. Then, given z; = h,
the entries y;; of y; are generated from conditionally independent categorical random variables with probability mass
function 7v1,; = {m;(y;) : y; € (1,...,d;)} forevery j = 1,...,p. This hierarchical representation provides key
benefits in terms of computational tractability as discussed in Section 3.2, while substantially reducing dimensionality,
and providing a simple test for global group differences in the multivariate categorical random variable. In fact, it is

easy to show that under (3)—(4) for my x, the system (1)—(2) reduces to the simpler test assessing evidence against

Ho:(vir,...,vm) == (Vidy, - -, VHd, )s 5

versus the alternative

Hy: (Vigy - VHZ) # (Viats -+ -5 VHS! ), ©)

for some x # x’. This test substantially improves tractability, without affecting accuracy. In fact, according to the
aforementioned Proposition 2.1, the system (5)—(6) leverages a representation of 7y x which is provably general,
and therefore reduces concerns arising from model misspecification.

Rejection of the global null in the system (5)—(6) provides evidence of group differences in the multivariate cat-



egorical random variable Y. However, such changes may be attributable to several structures. Consistent with this
discussion, we additionally consider local analyses assessing evidence of group differences in each marginal Y; of Y,
j =1,...,p, and in the bivariates of each pair (Y},Y}/), forevery j =1,...,pandj' =1,...,p, j' # J.

We address this aim by relying on a test which leverages the model-based version of the Cramer’s V coefficient.

Specifically, we assess evidence of group differences in each marginal Y}, for j = 1,.. ., p, by studying the coefficients

2 2

; @)

1 i i {7y, x (95 @) = 7y, (y5)mx (2) }

Pi= min{dz,dj} -1 7Tyj (yj)ﬂ'x(il?)

z=1y;=1
foreach j = 1,...,p, where 7y, (y;) denotes pr(Y; = y;), whereas 7y, x (y;,z) = pr(Y; = y;, X =) = pr(¥; =
yi | X = 2)pr(X = z) = 7y, x=2(yj)7x(x) for every y; € (1,...,d;) and group = € (1,...,d,). Measuring
the association between Y; and X with p; € [0, 1] provides a convenient choice for interpretation. In fact, according
to (7), a value of p; very close to 0 provides evidence of low dependence between Y; and X, meaning that Y; is not
expected to change across groups.

We consider a similar strategy to study group differences in the bivariate probability mass functions for every pair

(Y;,Y}s) across the categories of X. As in equation (7), this is accomplished by studying the coefficient

IS8
8
S8
<
ISH
<
Nl

P 1 : Ay, v x (Ui v ®) — Ty v, (05, v mx (@)} ®
i min{d,, d;d; } — 1 v,y (Y5, y5 )7 x () ’

r=1y;=1y,; =1

forevery z € (1,...,d;) and pair (Y}, Yy),j=1,...,p,j' =1,...,p, j' # j. Inequation (8), 7y, v,, x (y;, yj’, )
denotes the joint probability that Y}, Yj» and X take values y;, y;s and z, respectively, while 7y, v, (y;, y;/) is the
joint probability of the pair (y;,y,), and 7y (x) the marginal probability to observe the group x. Consistent with the
above discussion, a value of p;;s very close to 0 suggests low evidence of changes in (Y;,Y;/) with X.

Beside providing simple measures for interpretable inference on local group differences, the above model-based
Cramer’s V coefficients incorporate dependence in the multiple tests via the factorization (3)—(4), and therefore are
expected to improve power. Moreover, according to Proposition 2.2, the Cramer’s V coefficients in (7) and (8) can be

easily computed from the quantities in our model, facilitating tractable testing at multiple scales under a single model.

Proposition 2.2. Let J C (1,...,p) denotes a generic subset of the indices set (1,...,p), such that J U J¢ =
(1,...,p), and let Y7 denote the multivariate categorical random vector containing the variables with indices in the
set J. Then, under the factorization (3)~(4) for Ty x (y,x), we obtain 1y, | x—.(y7) = Zthl Uhs Hjej hy (Yj),

and Ty, (ys) = erx TX (I){Zf:1 Vha Hjej Thy (yj)}~

PROOF. To obtain Ty, |x—,(y) we need to marginalize out in my|x—,(y) all the configurations y7c € Vzc. To



accomplish this goal note that Y = (Y7, Y7¢) and y = (y7, y.7<). Therefore, recalling factorization (4), we obtain

H H
v ix=®) = D Y vhe [[ i) T[] () = Downe [Tmnsw) | Do T 7wiwi)|

Ygc€Yge h=1 JjeET VISV h=1 JjeT Yygc€YVge jeTC
= § Vhy H 7Thj(yj)?
h=1 JjeT

where the last equality follows after noticing that ]| jege Thi (y;) is the joint probability mass function of a multivari-
ate categorical random vector with |7 €| independent variables and joint sample space ) <. Therefore the summation
of its joint probability mass function on the whole sample space provides Zyjc Ve I1 jege Thy (y;) = 1. Exploit-
ing model (3) for Ty x (y, x), the proof of Ty, (y7) = > . cx WX(x){Zthl Vhe [ 17 ™nj(y;)} is an immediate

consequence of the above derivations. O

Although Proposition 2.2 facilitates inference on group differences in many complex higher-order functionals of
Y, we focus on changes in interpretable local structures of relevant interest in these types of analyses. Note also that,
to assess statistical evidence of group differences in these local structures we rely on the systems of interval hypotheses
Hyj; : pj < eversus Hyj : pj > ¢, j = 1,...,p for the marginals, and Hy;j/ : pj;» < € versus Hyjj @ pjjr > €,
j=1,...,p,5 = 1,...,p, j # j, for the bivariates, with £ an appropriately selected small threshold denoting
the minimum effect size required to declare the presence of a group difference. Popular thresholds in social science
studies are ¢ = 0.1 and € = 0.3, denoting small and moderate differences, respectively (e.g. King et al., 2010). Since
there is not an overall agreement in this choice, we consider an intermediate threshold ¢ = 0.2, and maintain this

default setting in our simulations in Section 4, and in the application in Section 5, to assess sensitivity to this choice.

3. Bayesian inference

Although inference and hypothesis testing for the model discussed in Section 2 can potentially proceed under dif-
ferent paradigms, we rely on a Bayesian treatment of the representation (3)—(4), and the associated testing procedures.
This choice is appealing in allowing coherent uncertainty quantification, effective borrowing of information, simple
inference via the posterior distribution, along with the possibility to incorporate appropriate prior distributions which
facilitate automatic multiplicity control for the local tests (e.g. Scott and Berger, 2010), and adaptation of the model di-
mensions (e.g. Rousseau and Mengersen, 2011). Section 3.1 describes our prior specification and properties, whereas
Section 3.2 provide a pseudo-code with step-by-step implementation of the tractable Gibbs sampler associated with

the proposed statistical model.

3.1. Prior specification and properties
We define independent priors wx ~ Ilx, v, ~ I,z € (1,...,dy)and wp; ~ 1y, =1,...,p,h=1,... H,
for the quantities in (3)—(4) to induce a prior 11 for 7y x which has full support, facilitates tractable posterior inference
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on the association between Y and X, and incorporates shrinkage along with automatic multiplicity control.

In enhancing computational tractability we let ITx and I, for j = 1,..., p, correspond to conjugate Dirichlet
priors, obtaining wx ~ Dir(asy,...,aq,), and mwy; ~ Dir(v,1,...,7;q4,) independently for j = 1,...,p, and h =
1,..., H. The prior I, is instead defined to automatically incorporate the global test in (5)—(6). Lock and Dunson

(2015) recently addressed a related goal in order to test for equality in distribution, with a particular focus on Gaussian

mixture models. We adapt their procedure to our conditional tensor factorization, obtaining

v, 1-Tw+Tv,, z€X,
v ~ Dir(1/H,...,1/H), wv,~Dir(1/H,...,1/H), z € X, 9)

T ~ Bern{pr(Hy)}.

According to equations (9), when T' = 0 the mixing probability vectors are forced to be equal across all groups, while
if T" = 1 these vectors are allowed to be different. As shown in Lock and Dunson (2015), combining this prior with
a flexible characterization for the kernels in the mixture model—as in our formulation—provides a provably accurate
test for the equality in distribution under a general specification for the mixture components, thereby representing a
valid candidate also for our methods. Moreover, by choosing small hyperparameters in the Dirichlet priors in (9) we
also facilitate automatic deletion of redundant mixture components (Rousseau and Mengersen, 2011).

Leveraging (9), evidence against the global null hypothesis is available from pr{H; | (y1,21),.. ., (Un,Tn)} =
pr{T =1 (y1,21),.-., (Yn, Zn)}, which can be easily computed via the Gibbs sampler outlined in Section 3.2—
refer in particular to step 4 in Algorithm 1. The posterior probabilities for the local alternatives are instead available via
pr{H; | (y1,21),. -, (Yn,zn)} =pr{p; > ¢ | (y1,21),..., (Yn,2n)}. J = 1,...,p for the tests on the marginals,
and pr{H;;s | (y1,21)s-- -, (Un,2n)} = pr{pj;r > ¢ | (y1,21),...,(Yn,zn)}, j=1,...,p, j' =1,...,p, with
j' # j, for the bivariates. Note that, considering small interval local hypotheses defined via a model-based version of
the Cramer’s V coefficients, allows the proposed model to place a positive probability mass on each local null, with
this probability having a prior distribution induced by IIx, IT,,, and 1, j = 1, ..., p, via (7)=(8). According to Scott
and Berger (2010), these conditions guarantee automatic multiplicity control within a Bayesian framework, thereby
providing an additional relevant benefit associated with the proposed methods.

The above discussion is further confirmed by Proposition 3.1, guaranteeing that the induced prior II for 7y x via
(3)~(4) has full support in the probability simplex Py x|—1. This is a key result to guarantee the accuracy of our
inference procedures, which may display poor performance if II assigns zero probability to a subset of the possible

true data generating processes.

Proposition 3.1. Let wy x ~ II, with I denoting the prior for wy x induced by Il x, 11, Tl , ... Il via (3)~(4),

then {my x : Zyey Yowex Ty x(y,2) — 7r9,7X(y,x)| < €} > 0foranye >0, and 7rg;7X € Plyxx|-1-

PROOF. Recalling Proposition 2.1, it is always possible to rewrite the L; distance »_ v, > v [Ty, x (¥, 2) —
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7y x (y,z)| between Ty x and 7y, y as

H p H 4
ZZ|7TX Z Hh]y] *ﬂ'X ZVIH;)LyJ

yey zeX h=1 j=1

with vy, = v} if m); = 7)) ., j = 1,...,pand v, = 0, otherwise, for z € (1,...,d,). Therefore the prior

probability {7y x: 3",y > ,cx [Ty, x (y,2) — 7%y (y,2)| < €} assigned to a neighborhood of 7y, y is

H p

J10E S v (o) - 7 x| < e diLs(ma)dl () [T [] e, ).

yeY zeX h=1j=1

with 7y x (y, ) and 7y, x(y,x) factorized as above, and 1{-} denoting an indicator function. Following Dunson
and Xing (2009), a sufficient condition for the above integral to be strictly positive is that all the above priors have full
Ly support on their corresponding spaces. As Iy and Il , ..., Il are Dirichlet priors, by definition IIx has full
L support on the simplex P|x|_1, and Il has full L; support on the simplex Py, 1, foreach j =1,...,p.

To conclude the proof we need to show that pr(z‘,fff':1 Zthl |Vhe — V).] < €,) > 0 for every ¢, > 0, and

0

..., de), when the group-specific mixing probabilities v1, ..., v4, have prior II,, defined as in equation (9).

Marginalizing out the testing indicator 7', a lower bound for the previous probability is

d, H
a (sz”’gmke") + pr(Hy) H (Zlvhmv2x<;”>.
rz=1h=1 T

=1

If the true model is generated under independence between X and Y, the true mixing probability vectors are constant
across groups, and therefore the Dirichlet priors for v and v,, € (1,...,d,), ensure the positivity of both sum-
mands. When instead the true mixing probability vectors change across groups, the term pr( H, o)pr(Ziil Zthl |op—
vy | < €,) is no more guaranteed to be strictly positive. However pr(H; ) Hi;l pr(Z:hH:1 |Uhe — Vp,| < €,/dy) re-
mains positive for every €, > 0, since under the alternative we assume independent Dirichlet priors I, , ..., Iy,

for the group-specific mixing probability vectors, each one having full L support on Pr_;. O

As my x is fully characterized by finitely many parameters {7y x(y,z) : y € Y,z € X}, Proposition 3.1,

also guarantees that I{7my x:>_ > cv Ty, x(y,2) — 7y x (¥, )| < e (y1,21), -, (Yn,2n)} — 1 for any

€ > 0, almost surely when 79  is the true probability mass function, thereby ensuring also posterior consistency.

3.2. Posterior computation

Posterior computation proceeds via a simple and efficient Gibbs sampler, exploiting the hierarchical representation
of model (3)—(4), outlined in Figure 1. Refer to Algorithm 1 for a pseudo-code with detailed steps. Source R code, and

tutorial implementations are available at https://github.com/danieledurante/GroupTensor-Test.
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Algorithm 1: Gibbs sampler for posterior computation

begin
[1] Update the marginal probability mass function 7r x for the group variable X, from the full conditional
(mx | =) ~Dir(ag + nq,...,aq, + ng,), with the generic n,, denoting the total number of statistical
units in group x € (1,...,d,);
[2] Sample the latent class indicator variables z; € (1,..., H) for each unit 4;
for i from 1 to n do

Sample z; € (1,..., H) from the categorical variable with probabilities

Vha, [1f—1 70 (yi)
pr(zi = h| =) = —prati=L ,
Zq:l Vg, Hj:l a5 (Yij)

forevery h=1,..., H.

[3] Update the component-specific probability mass functions 7r,; in equation (4);
for h from 1 to H do
for j from 1 to p do
L Update 7, from (7,5 | —) ~ Dir(vy;1 + njn1, - - -, Vjd; + Mjnd, ), with the generic np,,,; denoting
the number of statistical units in component A having value y; for the variable Y.

[4] Sample the testing indicator T" from the full conditional Bernoulli variable with

dz H Nha
pr(T =1 | 7) _ pr(Hl) Hm:l f(Hh:l Uh”z )dH’U$ ’

pr(Ho) J (TTnzy vp*)dL, + pr(H1) [T52y [ (TTh, opae)dIL,,

pr(Ho) [Tney (3 + nn) ﬁ D(H) T, +1) |

pr(Hl) F(%)Hr(n + 1) =1 Hle F(% + nhm)

where ny, is the total number of units in mixture component h, and np,, is the total number units in group x
allocated to component h. The above equation can be easily obtained adapting derivations in Lock and
Dunson (2015). Exploiting the Gibbs samples for 7', the posterior probability of the global alternative can
be easily obtained as the proportion of samples in which 7' = 1;
[5]1 Update the group-specific mixing probability vectors v, x € (1,...,d;);
if 7=1 then
Update each group-specific mixing probability vector v, separately from the full conditional
‘ (vy | =) ~Dir(1/H + nizy...,1/H +npy,), forz € (1,...,d,;)
else if 7=0 then
Letvy = -+ = vy, = v, with v updated from the full conditional distribution
L (v|—)~Dir(1/H +ny,...,1/H +ng);

4. Simulation study

We consider three relevant simulation studies to evaluate the empirical performance of the proposed methodologies
in several scenarios, characterized by different types of dependence between Y and X. In particular, in a first scenario
we generate the data to obtain sparse dependence structures in Y, with these higher-order dependencies, along with
the induced marginals, being the same across the two groups defined by the variable X. The second scenario induces

instead dependence between Y and X, by incorporating group differences in the marginals of Y, along with variations
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in more complex higher-order structures, including a subset of the bivariates. Finally, the third scenario characterizes
a challenging situation in which there are no changes in the marginals of Y, but only sparse group differences in the
bivariates. Hence, the dependence between Y and X is in fewer higher-order structures. The goal in defining these
challenging simulation scenarios is to assess whether the proposed model can characterize probabilistic generative
mechanisms having different properties, thereby ensuring accurate testing in broad settings. Consistent with this goal,
we focus on d, = 2 groups, and p = 15 categorical variables having d; = --- = dj5 = 4 possible categories. Data
(yi,x;), i =1,...,n, are simulated for n = 400 units, whose group membership x; is generated from a categorical
variable with probabilities 7% (1) = 0.5 and 7% (2) = 1 —7% (1) = 0.5. The multivariate categorical responses y; are
instead simulated from generative mechanisms incorporating the specific properties of the aforementioned scenarios.
In particular, in the first simulation scenario the generative mechanism associated with Y does not change with
groups—i.e. Wg,l Xy = 9. However, to evaluate the flexibility of the proposed model, we define a challenging
representation for wg’,, in which the subset of variables having indices in J = (1,5, 10, 12, 15) are generated from a
joint probability mass function with pr(Y; = Y5 = Y19 = Y12 = Y15 = y) = 0.1, foreach y € (1,...,4), and the
remaining probability mass of 0.6 assigned in equal proportion to the other 45 — 4 combinations of categories. The
variables with indices in [ are instead simulated independently from their corresponding marginal probability mass
function 11'% ~ Dir(10, 10, 10, 10). In the second simulation, we induce instead sparse group differences in marginals
and bivariates. To incorporate this behavior, we still simulate variables with indices in ¢ independently, but force
the marginals of Y5 and Yg to change with groups, by letting 71'?,2|X:1 = ﬂ-g’le:l = (0.45,0.45,0.05,0.05), and
ﬂg,zlxzz = 71'%)/8|X:2 = (0.05,0.05,0.45,0.45). The variables with indices in 7 are instead generated as in the first
scenario for X = 1. When X = 2 these variables are instead simulated independently from the marginal probability
mass function ﬂ'g)/j colx=2 = (0.25,0.25,0.25,0.25). As a result we incorporate group differences in the marginals
of Y5 and Y3, along with changes in the bivariates for any pair of variables including Y5 or Yz, and any pair (Y}, Y}),
with j € J, 7 € J. In fact, note that, the joint generative mechanism for the variables with indices in J ensures
that rg)/j colx=1= (0.25,0.25,0.25,0.25). Therefore only the bivariates of these variables change with groups in the
second scenario, whereas the marginals remain constant. Consistent with this discussion, the third scenario maintains
the same generative process, with the exception of assuming again 7y, _, = 7y, | y_p,and wy | =7y, as
in the first scenario. As a result, no group differences in the marginals are observed, and the dependence between Y
and X in the third scenario is only due to sparse group differences in the bivariates (Y], Y]/) withj e 7,5 € J.
Before studying the empirical performance, it is worth noticing that the above scenarios rely on generative mecha-
nisms not explicitly related to the statistical model proposed in (3)—(4), thereby allowing a more effective validation of
the flexibility of our methodologies, since the data are not generated from the model described in Section 2. The three
scenarios are indeed more closely related to a log-linear model characterized by sparse and higher-order dependence
structures, thus providing a challenging setting. To highlight the benefits associated with the proposed methodologies,
we compare performance in global testing with the nonparametric approach of Pesarin and Salmaso (2010), and the
latent class models (e.g. Bolck et al., 2004)—estimating the latent classes with the R package poLCA. The competitors
13



in local testing are instead separate x? tests with and without false discovery rate control (Benjamini and Hochberg,
1995). Accurate and tractable inference under a log-linear model would be possible only by including the structure
and restrictions of the above scenarios. However, these properties are not known a priori, and the focus of inference is
actually learning these structures. Hence, due to the complex higher-order dependencies in the above simulations, an
unstructured log-linear model would require a massive amount of parameters to incorporate these structures, thereby

leading to intractable and inefficient inference in practice. Hence, we avoid comparison with log-linear models.

4.1. Performance in global and local testing

We perform posterior inference under the proposed model (3)—(4) with priors defined in Section 3, setting o =
az =1/2,7vj1 =---=1jq, = 1/djforeach j = 1,...,p,and pr(H;) = pr(Ho) = 0.5. We maintained these default
hyperparameters in all the three simulations to assess sensitivity to prior settings, observing no evidence that posterior
inference is sensitive to these hyperparameter’s choices. We consider 5000 Gibbs samples and set a conservative upper
bound H = 20, allowing the sparse Dirichlet prior II,, to adaptively empty redundant mixture components (Rousseau
and Mengersen, 2011). Trace-plots suggest that convergence is reached after a burn-in of 1000. We additionally obtain
very good mixing, with most of the effective sample sizes for the quantities of interest around 2400 out of 4000.

Using the Gibbs samples for 7', in the first simulation scenario, we obtain a posterior probability for the global
alternative pr{Hy | (y1,1),- .., (Yn,zn)} < 0.05!, providing correct evidence of no group differences in the multi-
variate categorical data. We observe similarly accurate performance for the other two simulation scenarios, providing
a posterior probability pr{H1 | (y1,21),- .., (Yn,zn)} > 0.95, which correctly highlights the global dependence
between Y and X in both scenarios. The permutation test proposed in Pesarin and Salmaso (2010) provided correct
results in the first two scenarios—when independence and dependence are evident from the marginals—but failed to
reject Hy with a p-value of 0.4 in the third scenario. This is not surprising, as this procedure aggregates p-values of
multiple tests assessing evidence of group differences in the marginals—which do not vary with groups in the third
scenario. We additionally attempted the global testing procedure based on the latent class analysis (Bolck et al., 2004),
estimating the latent classes with the R package poLCA. Also this approach produced accurate conclusions in the first
two scenarios. However, we found the results quite unstable in the last case. This may be related to the systematic
bias associated with this procedure as well as possible convergence issues in the expectation-maximization algorithm.

As shown in Figure 2, our procedure provides also accurate results in assessing local group differences. Consistent
with the three generative mechanisms of the simulated data, the posterior distributions for the coefficients p; provide
evidence of group differences in the marginals only for Y5 and Y3 in the second scenario. We obtain, in fact, pr{p; >
0.2 | (y1,21)s- -, (Yn,zn)} > 0.95% only for j € (2,8), in the second scenario. Similarly accurate performance is

found in the local tests on the bivariates. Consistent with the first scenario, the posterior distribution for the coefficient

I'The estimated posterior probability of H can be easily obtained as the relative frequency of the MCMC samples in which 7" = 1.
2The estimated posterior probabilities of Hq; and H, jj/ can be easily obtained as the relative frequencies of the MCMC samples in which
pj > 0.2,and p;;, > 0.2, respectively.
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Figure 2: Performance in testing of local group differences. Upper panels: for the three simulation scenarios, posterior estimate of pr(Hi;) =
pr(p; > 0.2), to assess evidence of group differences in the marginals Y;, j = 1, ..., 15. Lower panels: for the same scenarios, posterior estimate
of pr(Hy ;) = pr(p,;» > 0.2) to test for group differences in the bivariates (Y}, Y;/). The gray dashed lines in the upper panels represent the
0.95 threshold on the posterior probability of the alternative. The x symbols in the lower panels denote instead those pairs of variables whose
bivariates are declared to change across groups according to the proposed local tests—i.e. pr{p;; > 0.2 | (y1,%1), .-, (Yn,2Zn)} > 0.95.
pjj correctly highlight no group differences in the bivariates, with pr{p;;; > 0.2 | (y1,21),..., (Yn,zn)} < 0.05 for
allj=1,...,pand 7' = 1,...,p, with 7' # j. As expected, the changes in the two marginals observed in the second
scenario, induce also group differences in the bivariates for pairs of variables including Y5 or Ys. We correctly learn
also changes across groups in the joint probability mass function for pairs (Y;,Y} ) with j € J and j' € J, j' # j,
consistent with the settings of the second scenario. The same finding is obtained in the third simulation, correctly
providing pr{p;; > 0.2 | (y1,21),- ., (Yn,Zn)} > 0.95 only for pairs (Y;,Y;) with j € J and j' € T, 5 # j.
Local analyses via separate y? tests produced several false positives and false negatives when multiplicity control
is not considered. Including a false discovery rate control at a level 0.10 via Benjamini and Hochberg (1995), improves
the results, but still provides one false discovery for the local tests on the bivariates in the second scenario, and one
false discovery for the local tests on the marginals in the third scenario. These empirical findings further support the
proposed procedures, which gain power by borrowing information across the local tests, and incorporate an automatic

multiplicity control via the hierarchical Bayesian formulation (e.g. Scott and Berger, 2010). In fact, according to the

above results, the proposed methods effectively control the false discoveries, without requiring additional procedures.
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5. Application to the 2016 American National Election Studies

We apply the proposed methodologies to a subset of the 2016 polls data from the American National Election
Studies (ANES) available at http://electionstudies.org/, and described in Section 1. Recalling our mo-
tivating application, the dataset comprises p = 20 categorical measurements of voters opinions and feelings for the
two main candidates in the 2016 United States Presidential elections—namely Hillary Clinton and Donald Trump.
These categorical data are available on a five item scale, and are collected for n; = 567 voters who chose Hillary
Clinton during the 2016 Democratic Presidential primaries, and no = 386 voters who expressed preference for Bernie
Sanders. Consistent with the discussion in Section 1, our aim is to understand if the voters feelings and opinions for
Hillary Clinton and Donald Trump, change with their preference for Hillary Clinton or Bernie Sanders expressed in
the 2016 Democratic Presidential primaries. Although the ANES dataset provides additional information, and more
elaborated analyses could be devised, our fundamental goal is to validate the proposed methods on an interpretable
real-data application of potential interest in political studies. Indeed, qualitative political analyses of Presidential pri-
maries are common (e.g. LeDuc, 2001; Cain, 2015), and—as discussed in Section 1—there is an active debate about
the possible effects of a different outcome in the 2016 Democratic Presidential primaries on the final 2016 United
States Presidential elections (e.g. Lilleker et al., 2016).

Focusing on our specific motivating dataset it is not clear—a priori—whether, and for which variables, underlying
groups differences are present. In fact, the focus is on democratic voters sharing the same party affiliation. Therefore,
their general opinions and feelings toward Hillary Clinton and Donald Trump, may remain substantially unchanged
when comparing the subsets of voters expressing their finer—scale preference for one of the two alternative democratic
candidates. On the other hand, the substantial differences characterizing the democratic candidates Hillary Clinton
and Bernie Sanders (e.g. Lilleker et al., 2016), may have attracted subset of voters with different opinions and feelings
toward Hillary Clinton and Donald Trump. However, it is not clear a priori whether the preference for Hillary Clinton
and Bernie Sanders, is associated with different positive opinions and feelings for Hillary Clinton or varying negative
evaluations of Donald Trump—or both. These considerations motivate the implementation of the statistical model
and testing procedures described in Section 2, which are specifically developed to allow effective inference on group
differences at varying scales. In accomplishing this goal, we perform posterior computations with the same settings of
the simulation studies in Section 4. Also in this case we obtain convergence after a burn-in of 1000 and good mixing,
with most of the effective sample sizes around 2300 out of 4000.

Results from posterior inference offer interesting insights on group differences in voters opinions with pr{H; |
(y1,21),- -, (Yn,Tn)} > 0.95 providing strong evidence of changes in opinions between Hillary Clinton and Bernie
Sanders voters. To assess the robustness of this result, we also performed posterior inference based on datasets that
randomly matched the observed voting preferences for Hillary Clinton or Bernie Sanders, with a corresponding vector
of evaluations on the p items, effectively removing the possibility of a dependence between Y and X. In 10 of these

trials we always obtained pr{H; | (y1,21),-- -, (Yn,Zn)} = 0, as expected.
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(b) Assessments of different personality traits characterizing Hillary Clinton and Donald Trump in the two groups of voters.

Figure 3: Posterior mean (gray bars), and 0.95 credible intervals (gray segments) of the difference Ty, | X=1 — Ty;|X=2 between the marginal

probability mass functions of each qualitative variable in the groups of voters who chose Hillary Clinton and Bernie Sanders, respectively, during
the 2016 Democratic Presidential primaries.

The multiple local tests on the marginals interestingly suggest that the above global variations are attributable to
different feelings and opinions on Hillary Clinton. Evaluations of Donald Trump instead do not differ across groups

with max;e 7, [pr{p; > 0.2 | (y1,21),..., (Yn,xn)}] = 0.078, where Jp denotes the set of indices for the variables

characterizing feelings and opinions on Donald Trump. Figure 3 clarifies these findings by summarizing the posterior

distribution of the difference 7y, x—1 — 7y, x=2 between the probability mass functions characterizing the feelings
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Figure 4: Posterior mean, 0.025 posterior quantile, and 0.975 posterior quantile, for the Cramer’s V coefficients p; ;+, measuring group differences
in each bivariate. The x symbols denote those pairs of variables whose bivariates are declared to change across groups according to the proposed
local tests—i.e. pr{p;;» > 0.2 | (y1,21),.- ., (Yn,Tn)} > 0.95.

and opinions on Hillary Clinton and Donald Trump, in Hillary Clinton and Bernie Sanders voters, respectively. Lever-
aging Proposition 2.2, these quantities are defined as Ty, x—.(y;) = Zthl VhaTh;(y;), for each y; € (1,...,5).
Consistent with the local tests, the opinions on Donald Trump remain mostly constant across the two groups, whereas
those for Hillary Clinton change. According to Figure 3, these group differences are reasonably due to more negative
feelings and opinions expressed by Bernie Sanders voters on Hillary Clinton.

As shown in Figure 4, the changes in the marginals induce also evident group differences in the probability mass
function for pairs of variables including at least one assessment on Hillary Clinton. When studying the block of items
related to the feelings and opinions on Donald Trump, we do not observe, instead, evidence of group differences in
the bivariates. This is an interesting finding, which suggests that the democratic voters share the same joint opinions
on the Republican candidates, and express their preference during the primaries mostly based on evaluations of the
Democratic candidate, rather than considering their opinions on the potential Republican competitor in the subsequent
Presidential elections. Indeed, we applying the model and methodologies described in Section 2 only to the vector of
items Y7, measuring feelings and opinions on Donald Trump, we obtained a posterior probability for the global al-
ternative pr{Hy | (y1,21), ..., (Yn,zn)} = 0, effectively proving the absence of group differences in the Republican

candidate assessments, not only in the marginals and the bivariates, but also in higher-order combinations of items.

6. Discussion

Motivated by recent political election studies providing multivariate categorical data on voters opinions and pref-
erences for Presidential candidates, we have developed a novel methodology for testing of group differences in multi-
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variate categorical data at different scales. The proposed procedures rely on a single statistical model based on tensor
factorizations, thereby allowing inference and testing on several underlying structures, within a coherent methodolog-
ical framework. Although this goal can be also accomplished in log-linear models, the proposed group-dependent
mixtures of tensor factorizations substantially reduce dimensionality and provide tractable testing procedures, while
crucially preserving flexibility—as proved in theoretical studies. These key properties are directly related to the effec-
tive borrowing of information within the mixture representation, which additionally induces dependence among the
different tests, thus allowing improved power compared to separate univariate tests. Taking a Bayesian approach to
inference, we additionally incorporate adaptive selection of the model dimension, and automatic multiplicity control
via carefully specified priors. The simulation studies, and the real-data application provide empirical guarantee of the
above properties, and highlight improved performance when compared to popular alternatives.

The proposed methods are applicable in broad settings, including unordered and ordered multivariate categorical
data. Indeed, in the motivating real-data application there is a natural ordering among the categories of the observed
items, which may motivate inclusion of additional structure to incorporate order restrictions (e.g. Agresti and Natara-
jan, 2001). Although these properties can be easily incorporated within the multinomial kernels in (4), we avoided
additional complications to maintain the model general and fully flexible. In fact, there is no guarantee—a priori—that
the ordering in the categories is translated into order restrictions for the probabilistic generative mechanisms of the
associated variables. Another promising direction of research is to incorporate additional dimensionality reduction in
equation (4). In particular, although the proposed statistical model massively reduces the number of parameters com-
pared to log-linear representations, inference may be still cumbersome in large and sparse tensors. A possibility to
address this issue is to exploit additional sparsity, by adapting representation (4) to incorporate the recently developed

sparse—PARAFAC model proposed in Zhou et al. (2015).

References

References

AGRESTI, A. (2013). Categorical Data Analysis. Wiley.

AGRESTI, A. and NATARAJAN, R. (2001). Modeling clustered ordered categorical data: A survey. Int. Stat. Rev. 69, 345-371.

ATKESON, L. R. and RAPOPORT, R. B. (2003). The more things change the more they stay the same: Examining gender differences in political
attitude expression, 1952-2000. Public Opin. Q. 67, 495-521.

BENJAMINI, Y. and HOCHBERG, Y. (1995). Controlling the false discovery rate: a practical and powerful approach to multiple testing. J. R. Stat.
Soc.: Ser. B 57, 289-300.

BHATTACHARYA, A. and DUNSON, D. B. (2012). Simplex factor models for multivariate unordered categorical data. J. Amer. Stat. Assoc. 107,
362-3717.

BuMoLT, T. H., PAAS, L. J. and VERMUNT, J. K. (2004). Country and consumer segmentation: Multi-level latent class analysis of financial
product ownership. Int. J. Res. Mark. 21, 323-340.

BOLCK, A., CROON, M. and HAGENAARS, J. (2004). Estimating latent structure models with categorical variables: One-step versus three-step

estimators. Polit. Anal 12, 3-27.

19



BROWN, R. K. (2009). Denominational differences in support for race-based policies among white, black, hispanic, and asian americans. J. Sci.
Stud. Relig. 48, 604-615.

CAIN, S. A. (2015). Polls and elections: Leviathan’s reach? The impact of political consultants on the outcomes of the 2012 Republican
Presidential primaries and caucuses. Pres. Stud. Q. 45, 132-156.

DUNSON, D. B. and XING, C. (2009). Nonparametric Bayes modeling of multivariate categorical data. J. Amer. Stat. Assoc. 104, 1042—-1051.

FINKEL, S. E. and SCARROW, H. A. (1985). Party identification and party enrollment: The difference and the consequence. J. Polit. 47, 619-642.

FospICK, B. K., DEYOREO, M. and REITER, J. P. (2016). Categorical data fusion using auxiliary information. Ann. App. Stat. 10, 1907-1929.

JOHNDROW, J. E., BATTACHARYA, A. and DUNSON, D. B. (2017). Tensor decompositions and sparse log-linear models. Ann. Stat. 45, 1-38.

KING, M. B, ROSOPA, P. J. and MINIUM, E. W. (2010). Statistical Reasoning in the Behavioral Sciences. Wiley.

KUNIHAMA, T. and DUNSON, D. B. (2013). Bayesian modeling of temporal dependence in large sparse contingency tables. J. Amer. Stat. Assoc.
108, 1324-1338.

LANDIS, J. R., MILLER, M. E., DAVIS, C. S. and KOCH, G. G. (1988). Some general methods for the analysis of categorical data in longitudinal
studies. Stat. Med. 7, 109-137.

LEDuC, L. (2001). Democratizing party leadership selection. Party Polit. 7, 323-341.

LILLEKER, D., JACKSON, D., THORSEN, E. and VENETI, A. (2016). US Election Analysis 2016: Media, Voters and the Campaign. Centre for
the Study of Journalism, Culture and Community.

Lock, E. F. and DUNSON, D. B. (2015). Shared kernel Bayesian screening. Biometrika 102, 829-842.

MURRAY, J. S. and REITER, J. P. (2016). Multiple imputation of missing categorical and continuous values via Bayesian mixture models with
local dependence. J. Amer. Stat. Assoc. 111, 1466—1479.

MUTHEN, B. and CHRISTOFFERSSON, A. (1981). Simultaneous factor analysis of dichotomous variables in several groups. Psychometrika 46,
407-419.

NARDI, Y. and RINALDO, A. (2012). The log-linear group-lasso estimator and its asymptotic properties. Bernoulli 18, 945-974.

NTZOUFRAS, 1., FORSTER, J. J. and DELLAPORTAS, P. (2000). Stochastic search variable selection for log-linear models. J. Stat. Comput. Simul.
68, 23-37.

PESARIN, F. and SALMASO, L. (2010). Permutation Tests for Complex Data: Theory, Applications and Software. Wiley.

ROUSSEAU, J. and MENGERSEN, K. (2011). Asymptotic behaviour of the posterior distribution in overfitted mixture models. J. R. Stat. Soc.: Ser.
B 73, 689-710.

SANTOS, L. M., AMORIM, L. D. A., SANTOS, D. N. and BARRETO, M. L. (2015). Measuring the level of social support using latent class
analysis. Soc Sci. Res. 50, 139-146.

ScortT, J. G. and BERGER, J. O. (2010). Bayes and empirical-Bayes multiplicity adjustment in the variable-selection problem. Ann. Stat. 38,
2587-2619.

SHAO, A., LIANG, L., YUAN, C. and BIAN, Y. (2014). A latent class analysis of bullies, victims and aggressive victims in chinese adolescence:
relations with social and school adjustments. PloS one 9, €95290.

VERMUNT, J. K. (2010). Latent class modeling with covariates: Two improved three-step approaches. Polit. Anal. 18, 450—-469.

YANG, Y. and DUNSON, D. B. (2016). Bayesian conditional tensor factorizations for high-dimensional classification. J. Amer. Stat. Assoc. 111,
656-669.

ZHOU, J., BHATTACHARYA, A., HERRING, A. H. and DUNSON, D. B. (2015). Bayesian factorizations of big sparse tensors. J. Amer. Stat. Assoc.
110, 1562-1576.

ZHOU, J., HERRING, A. H., BHATTACHARYA, A., OLSHAN, A. F. and DUNSON, D. B. (2015). Nonparametric Bayes modeling for case control

studies with many predictors. Biometrics 72, 184-92.

20



	1 Introduction
	1.1 Literature review

	2 Dependent mixture of tensor factorizations for multivariate categorical data
	2.1 Model interpretation and hypothesis testing at different scales

	3 Bayesian inference
	3.1 Prior specification and properties
	3.2 Posterior computation

	4 Simulation study
	4.1 Performance in global and local testing

	5 Application to the 2016 American National Election Studies
	6 Discussion

