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Preface 

The present volume, Navigating Complexity - Statistical Methods, Data Analysis, and 

Machine Learning for Actionable Insights, gathers the revised, refereed versions of short 

papers accepted for presentation at the 2026 Conference of the International Federation 

of Classification Societies (IFCS). The upcoming conference, themed “Classification, 

Machine Learning and Statistical Methods: from Data to Discovery”, will take place 

in Milan, Italy from July 14 to July 16, 2026. The event is locally organized by a 

joint effort of University of Milano-Bicocca and University of Milan, and two hosting 

scientific societies: the Classification and Data Analysis Group (CLADAG) and the 

Italian Statistical Society (SIS). 

Founded in 1985, the International Federation of Classification Societies (IFCS) is 

an international scientific organization dedicated to promoting mutual communication, 

cooperation, and the interchange of views among all those interested in the scientific prin-

ciples, numerical methods, and practice of data science, data analysis, and classification. 

IFCS 2026 continues this proud tradition by serving as a premier platform for dissemina-

tion and collaboration. Indeed, this year’s scientific program features over 260 accepted 

contributions, thoughtfully organized into thematic tracks, special sessions, contributed 

paper sessions, and poster presentations. We are excited to welcome over 300 scholars 

from countries of all continents to the upcoming event. We are particularly looking for-

ward to the six keynote lectures to be addressed by Krzysztof Jajuga (Wrocław  U  of  

Economics and Business), Sugnet Lubbe (Stellenbosch U), Brendan Murphy (U College 

Dublin), Mohamed Nadif (U Paris Cité), Adrian Raftery (U Washington), and Laura San-

galli (Politecnico di Milano). Additionally, the conference program will include highly 

anticipated tutorials: “Machine learning with functional data: from statistical methods 

to deep architectures” by Alberto Suárez González (U Autónoma de Madrid) and “Hid-

den but powerful: practical insights into latent Markov models to discover dynamics in 

longitudinal data” by Fulvia Pennoni (U of Milano-Bicocca). A Data Challenge has also 

been organized to engage young students.

The Conference Scientific Program Committee is co-chaired by Francesca Greselin 

(U of Milano-Bicocca) and Silvia Salini (U of Milan), and includes representatives of the 

IFCS member societies: Krzysztof Jajuga (IFCS President, Wrocław U of Economics 

and Business), Rebecca Nugent (IFCS Past President, Carnegie Mellon U), Mark de 

Rooij (IFCS President Elect, Leiden U), Vladimir Batagelj (U of Ljubljana), Paula Brito 

(U do Porto), Sonya Coleman (Ulster U), Rosa Crujeiras (U de Santiago de Compostela), 

Jean Diatta (U of La Réunion), Luca Frigau (U of Cagliari), Raeesa Ganey (U of the 

Witwatersrand), Stefano Antonio Gattone (U di Chieti “G. d’Annunzio”), Aurea Grané 

(U Carlos III de Madrid), Julien Jacques (U Lumière Lyon 2), Joanna Landmesser-Rusek 

(Warsaw U of Life Sciences), Berthold Lausen (U of Essex), Agustin Mayo Iscar (U de 

Valladolid), Angelos Markos (Democritus U of Thrace), Raffaella Piccarreta (Bocconi 

U), Riccardo Rastelli (U College Dublin), Pieter Schoonees (Erasmus U Rotterdam), 

Luca Scrucca (U of Bologna), Piercesare Secchi (Politecnico di Milano), Gianluca Sottile
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(U degli Studi di Palermo), Yoshikazu Terada (Osaka U), Cristina Tortora (San Jose State 

U), Tom Wilderjans (Leiden U), Adalbert Wilhelm (Constructor U). We wish to thank 

them, alongside the chairs of the thematic tracks, for their invaluable cooperation in 

evaluating submissions and shaping an outstanding scientific program prior to the event. 

The local organization is chaired by Francesca Greselin (U of Milano-Bicocca). We 

cordially thank all members of the Local Organizing Committee – Luca Brusa (U of 

Milano-Bicocca), Andrea Cappozzo (Catholic U of Milan), Alessandro Casa (Free U of 

Bozen-Bolzano), Francesca De Battisti (U of Milan), Francesco Denti (U of Padova), 

Sónia Dias (Polytechnic Institute of Viana do Castelo), Andrea Marletta (U of Milano-

Bicocca), Marta Nai Ruscone (U of Genova), Giorgia Zaccaria (U of Milano-Bicocca), 

Mariangela Zenga (U of Milano-Bicocca) – and everyone at University of Milan and 

University of Milano-Bicocca who has worked actively behind the scenes to prepare for 

this international gathering. 

Reflecting this volume’s title, Navigating Complexity, the selected papers collected 

here showcase modern methodologies and real-world applications designed to extract 

actionable insights from intricate data. The topics span a wide range of areas within statis-

tics, machine learning, and data science. These include model-based clustering, Bayesian 

methods, anomaly detection, and predictive modeling. Novel and tailored models are 

proposed for complex data types, such as mixed-type data, compositional data, and 

functional data. Furthermore, advanced statistical concepts and cutting-edge artificial 

intelligence techniques are explored, underscoring the interdisciplinary effort required 

to address complex challenges in today’s data-driven landscape. 

Finally, the organizers and editors would like to express their deepest gratitude to 

all the authors for their commitment and outstanding contributions to this volume. We 

are especially grateful to the colleagues who served as reviewers, whose timely and 

dedicated work was decisive to the scientific quality of these proceedings. Their names 

are reported in the next page. We also thank our generous sponsors and Springer Nature 

for their support in producing this book ahead of the conference. 

We look forward to a stimulating, fruitful, and highly engaging meeting at IFCS 

2026. 

June 2026 Paula Brito 

Francesco Denti 

Francesca Greselin 

Krzysztof Jajuga 

Mariangela Zenga
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Mixture-Based Latent Trait Modeling 

for Biclustering Overdispersed Counts 

Dalila Failli1(B), Maria Francesca Marino1, and Francesca Martella2

1 Dipartimento di Statistica, Informatica, Applicazioni, Università degli Studi di
Firenze, Florence, Italy

dalila.failli@unifi.it 

2 Dipartimento di Scienze Statistiche, Sapienza Università di Roma, Rome, Italy

Abstract. We propose a mixture of latent trait models for biclustering
units and variables in the presence of multivariate, overdispersed count
data. Units are grouped into homogeneous clusters called components
through a finite mixture model. Simultaneously, within each component,
variables are grouped into segments using a flexible specification of the
linear predictor. Covariates are incorporated at the latent level of the
model to account for their effect on component formation, while residual
dependence among variables is captured by a multidimensional latent
trait. A simulation study based on a varying number of units and vari-
ables is conducted to assess both clustering performance and the ability
to correctly estimate model parameters.

Keywords: Co-clustering · Latent variable models · Negative
Binomial · EM algorithm · Gauss-Hermite quadrature

1 Introduction 

The joint partitioning of rows (i.e., units) and columns (i.e., variables) of a data
matrix into homogeneous blocks is commonly known in the literature as biclus-
tering, co-clustering, or block clustering (see, e.g., [5]). This approach is used to
identify subsets of units that behave similarly across specific subsets of variables.
Typical applications include genetics, where biclustering helps detect groups of
genes showing similar expression patterns under certain experimental conditions,
and market analysis, where the approach is used to segment customers according
to their preferences for particular groups of products.

We propose a biclustering approach for multivariate, overdispersed count
data based on a mixture of latent trait analyzers (MLTA; [9]) model. Units are
partitioned into subsets (components) via a finite mixture of latent variable mod-
els, with component probabilities modeled as a function of observed covariates
as in [7]. A multidimensional latent variable (trait) is also introduced to cap-
ture residual dependence among variables. Within each component, variables
are partitioned into subsets (segments) via a flexible specification of the linear
predictor, following an approach similar to that firstly introduced by [12], and

c The Author(s), under exclusive license to Springer Nature Switzerland AG 2026 
P. Brito et al. (Eds.): IFCS 2026, STUDIES CLASS, pp. 170–177, 2026. 
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subsequently extended to the MLTA framework by [8] to deal with multivariate
binary data.

In this work, we focus the attention on multivariate count responses. While
the Poisson distribution is a standard choice for the modeling of count data, it
often fails to accommodate the extra variability commonly observed in practice.
To address this issue, we assume that, conditional on the latent trait and compo-
nent membership, the responses of interest are independent of each other (local
independence assumption) and follow a Negative Binomial (NB) distribution.
Such a distribution introduces an additional dispersion parameter that allows
the conditional variance to exceed the conditional mean, thus offering greater
flexibility in the modeling of heterogeneous count processes.

A closely related approach is the Latent Block Model (LBM) for contingency
tables proposed by [10], which provides a well-established framework for simul-
taneously clustering rows and columns by assuming block-wise homogeneity of
the data matrix. While both approaches perform a joint clustering of units and
variables, the proposed model introduces several important extensions compared
to the LBM. First, as mentioned above, our proposal explicitly accommodates
overdispersion in the data. Second, the model accounts for residual heterogene-
ity not fully captured by the block configuration. Third, the proposed model
allows for cluster-specific partitions of the variables. In other words, for each
row cluster, a potentially different grouping of variables is identified, enabling a
more flexible representation of the data structure compared to the single global
column partition assumed in the standard LBM framework. In addition, unlike
the LBM, the proposed model allows for the inclusion of covariates to inform the
clustering structure. Another related contribution is the model-based bicluster-
ing framework for overdispersed count data proposed in [2], which represents a
special case of LBM that explicitly addresses overdispersion within a biclustering
setting. Although this approach effectively relaxes the equi-dispersion assump-
tion, it does not explicitly model residual heterogeneity beyond the bicluster
structure. Moreover, it does not allow for cluster-specific partitions of variables
or for clustering informed by covariates, thereby limiting its flexibility in more
complex data scenarios.

The paper is organized as follows. In Sect. 2, we describe the model. Section 3
shows the results of the simulation study, while Sect. 4 contains concluding
remarks and details further extensions of the approach.

2 The Proposed Model 

Let Yik denote the k-th random variable and yik the corresponding observed
value for the i-th unit, with i = 1, . . . , N , and k = 1, . . . , R. Each unit is assigned
to one out of G unobserved clusters (components), identified by a discrete latent
variable

zi = (zi1, . . . , ziG)
iid
∼ Multinomial(1, (ηi1, . . . , ηiG) ).

The generic element of this vector, zig, is equal to 1 if the i-th unit belongs to
the g-th component (with probability ηig), and is equal to 0 otherwise, for g =
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1, . . . , G, and i = 1, . . . , N. Following the proposal by [7], we model component
probabilities ηig via the following multinomial logit specification

ηig = Pr(zig = 1 | xi;βg) =
exp{xiβg}

1 +
G

g =2 exp{xiβg }
, g = 2, . . . , G,

where βg = (β0g, β1g, . . . , βJg) is a (J + 1)-dimensional vector of coefficients
measuring the impact of covariates xi = (1, xi1, . . . , xiJ ) on ηig.

For each unit i = 1, . . . , N,, we also assume the existence of a D-variate,
Gaussian latent variable, ui, with mean vector and covariance matrix equal to
0 and ID, respectively, to ensure identifiability.

The proposed model relies on a local independence assumption. Specifically,
to deal with overdispersed counts, we assume that, conditional on zi and ui,
responses in the vector Y i = (Yi1, . . . , YiR) are independent of each other and
follow a NB distribution. Therefore, the joint (conditional) density of the vector
yi (a realization of Y i) may be expressed as

f(yi | ui, zig = 1) =

R

k=1

f(yik | ui, zig = 1)

=

R

k=1

yik + αgk − 1

αgk − 1

γgk

γgk + αgk

yik αgk

γgk + αgk

αgk

,

with location and overdispersion parameters denoted by γgk and αgk, respec-
tively.

To achieve a joint clustering of units and variables, we follow the proposal by
[1,12], and [8] and assume that, within each component, the location parameter
γgk is modeled according to the following specification:

log [γgk(ui)] = bg + agk(ζ + ui).

Here, bg is a component-specific effect, while ζ, ui, and agk identify a set of
D-dimensional vectors allowing for a partitioning of variables into one out of
D ≤ R clusters (hereafter, segments). In particular, agk = (agk1, . . . , agkD)
is a D-dimensional row stochastic (parameter) vector, whose generic element,
agkd, is equal to 1 if, within component g, the k-th variable belongs to segment
d, and 0 otherwise. Furthermore, the parameter bg represents the baseline (log-
transformed) mean count for units in the g-th component, while ζ = (ζ1, . . . , ζD)
represents a vector of fixed model parameters assumed to be constant across com-
ponents. Therefore, the fixed effect ζd captures systematic deviations from the
baseline values implied by bg for those variables belonging to the d-th segment.
Last, uid ∈ ui is a unit- and segment-specific latent trait that characterizes
individual profiles by capturing residual heterogeneity in the transformed mean
counts of variables belonging to segment d.

Denoting with Φ the vector of all free model parameters and considering the
modeling assumptions described above, the likelihood function for the proposed
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model can be written as:

L(Φ) =

N

i=1 

Li(Φ) =

N

i=1 

G

g=1 

ηig
IRD 

f(yi | ui, zig = 1)f(ui)dui . (1)

Maximum likelihood estimation of Φ can be performed via an Expectation-
Maximization (EM) algorithm [6]. However, the multidimensional integral
appearing in Eq. (1) does not admit a closed-form solution and approximation
methods are thus needed. Here, we opt for a Gauss-Hermite quadrature app-
roach [13]. Accordingly, the integral is approximated via a weighted summation
over a pre-specified set of quadrature locations (say, Q), with given weights; see
[8] for further details.

Note that within the Gauss-Hermite quadrature framework, the computa-
tional cost grows in the order of QD. However, in our framework, the latent
dimension D directly corresponds to the number of segments and is therefore
small, ensuring that the approximation remains computationally feasible and
numerically stable. However, the exploration of alternative and more convenient
approximation methods for higher-dimensional latent traits remains a direction
for future work.

Regarding model selection, the proposal is estimated over a range of val-
ues for components G and segments D; the optimal specification is selected by
minimizing a chosen information criterion, such as the Bayesian Information
Criterion (BIC; [14]).

3 Simulation Study 

To assess the performance of the proposed approach in terms of parameter
estimation and clustering, we conduct a simulation study based on S = 100
replicates, each initialized with 100 random starting values to avoid the EM
algorithm remains trapped in local maxima solutions, and different data sizes.
Specifically, we simulate data from the proposed specification, by considering
G = 3 components and D = 2 segments, along with a varying number of units
(N = 100, 500, 1000) and variables (R = 10, 20). A single covariate drawn from a
Gaussian distribution with unit mean and variance is included in the model for
prior component probabilities – i.e., xi1 ∼ N (1, 1). Model parameters are set as
β0g = 0, β12 = −0.4, β13 = −0.9, b = (−1.7, 0, 1.7) , and ζ = (−2, 0.5) . These
values are chosen to have moderate separation between clusters and segments,
ensuring an identifiable block structure. For simplicity, the dispersion parame-
ters are constrained to be constant across variables, so that they only depend
on mixture components (i.e., αgk = αg, for all k = 1, . . . , R) and these are set
as follows: α1 = 0.5, α2 = 1, and α3 = 1.5. These values allows for varying
overdispersion of counts across clusters.

3.1 Clustering Performance

The ability of the proposal to correctly partition units and variables is evaluated
through the Adjusted Rand Index (ARI; [11]); this represents a standard measure
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to evaluate the agreement between the true and the estimated clustering. Results
of the simulation study are shown in Table 1 and demonstrate that, as the number
of units and, above all, variables, increases, clustering performance improves.

Table 1. ARI mean and standard error (SE) across samples, for varying N and R.

R = 10 R = 20

Unit Variable Unit Variable

100 0.64 (0.11) 0.69 (0.25) 0.79 (0.09) 0.83 (0.24)

N 500 0.66 (0.09) 0.78 (0.17) 0.83 (0.06) 0.97 (0.11)

1000 0.69 (0.08) 0.79 (0.18) 0.84 (0.04) 0.99 (0.06)

3.2 Parameter Recovery

Table 2 reports the Relative Root Mean Squared Error (RRMSE) values for the
model parameters b, ζ, β, and α across different sample sizes (N) and numbers
of variables (R). Values equal to zero indicate parameters that were perfectly
estimated, while non-zero values reflect the typical relative error. Overall, the
table shows that parameter estimates are generally accurate, with RRMSEs
decreasing as either the number of units or the number of variables increases. For
instance, the RRMSE for β decreases from [0.48, 0.40] at N = 100 and R = 10
to [0.09, 0.09] at N = 1000 and R = 20, demonstrating improved estimation
precision with larger samples and a larger number of observed variables.

Table 2. RRMSE values across samples for b, ζ, β and α, for varying N and R.

R = 10

b ζ β α

100 [0.38, 0, 0.22] [0.13, 0] [0.48, 0.40] [0.47, 0, 0.35]

N 500 [0.21, 0, 0.11] [0.06, 0] [0.33, 0.17] [0.40, 0, 0.16]

1000 [0.18, 0, 0.13] [0.06, 0] [0.27, 0.11] [0.41, 0, 0.15]

R = 20

b ζ β α

100 [0.31, 0, 0.24] [0.12, 0] [0.37, 0.32] [0.29, 0, 0.27]

N 500 [0.12, 0, 0.15] [0.07, 0] [0.14, 0.14] [0.12, 0, 0.22]

1000 [0.08, 0, 0.08] [0.05, 0] [0.09, 0.09] [0.01, 0, 0.02]
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3.3 A Comparison with Competitive Models

In this section, we compare the performance of the proposed model in terms
of clustering accuracy with that of the LBM [10] and the overdispersed LBM
(OD-LBM) [2]. Specifically, we considered two scenarios, based on G = 3 com-
ponents, D = 2 segments, N = 500 units, and R = 20 variables. In the first
scenario, data are generated according to the proposed model under the param-
eter configuration described in Sect. 3; in the second scenario, data are generated
from an LBM specification. This study allows us to assess (i) the performance
of the proposed model under correct specification and (ii) its behavior when the
underlying structure originates from a different mechanism. In both scenarios,
S = 100 datasets are generated and, for each method, clustering ability is eval-
uated via the ARI. The LBM is estimated using the blockcluster R package
[4], while the OD-LBM is fitted using the cobiclust R package [3].

As shown in Table 3, under Scenario 1, both LBM and OD-LBM perform
poorly, failing to capture the biclustering structure of the data. Note that, in
the absence of overdispersion, the OD-LBM reduces to the LBM, which explains
the nearly identical results observed between the two models. In Scenario 2, the
LBM and OD-LBM achieve almost perfect ARI, reflecting that these models are
correctly specified. On the other hand, despite the misspecification, the proposed
model remains competitive, recovering most of the biclustering structure and
thus indicating robustness of the results even in less ideal settings.

Table 3. ARI mean and standard error (SE) for the proposed model (PROP), the
LBM, and the overdispersed LBM (OD-LBM) across the two simulation scenarios.

Scenario Model Unit ARI Variable ARI

PROP∗ 0.83 (0.06) 0.97 (0.11)

1 LBM 0.23 (0.05) 0.00 (0.02)

OD-LBM 0.21 (0.05) 0.00 (0.02)

PROP 0.82 (0.21) 0.93 (0.25)

2 LBM 0.97 (0.12) 1.00 (0.01)

OD-LBM 0.99 (0.01) 1.00 (0.01)
∗ Results coincide with those in Table 1 for N = 500 and
R = 20.

4 Conclusions 

The proposed model allows for a joint partitioning of units and variables in the
context of overdispersed counts, which arise quite often in real data applica-
tions, such as genomics, social sciences, and epidemiology. In detail, units are
partitioned into components, and, in each of them, variables are partitioned
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into segments, thanks to a very flexible finite mixture model specification. Fur-
thermore, a continuous latent trait captures residual heterogeneity in individual
profiles that is not explained by the joint partitioning of units and variables, also
accounting for latent factors that may influence the observed counts. The model
also accounts for the effect of covariates on the probability of belonging to the
different components, thus enabling the integration of additional information
that may influence the clustering structure. Furthermore, it is worth noticing
that in the absence of meaningful row or column clusters, the model selection
procedure may appropriately favor the simplest configuration, typically selecting
G = 1 and/or D = 1, indicating no latent clustering structure.

The performance of the proposed model is demonstrated through a simula-
tion study. Results of this study show that the model can be effectively used for
dimensionality reduction, as well as for uncovering latent patterns in overdis-
persed count data. In particular, as the number of units and variables increases,
the model is able to accurately recover the true parameter values, while main-
taining good clustering performance for both units and variables. The simulation
study further shows that the proposed method maintains strong performance
even under model misspecification, highlighting its robustness and flexibility as
an analytical tool of analysis.

While the current paper focuses on simulations, the proposed model can be
readily applied to real-world overdispersed count data, such as genomic expres-
sion profiles, social network activity counts, or epidemiological incidence data.
Future work could explore extensions to handle larger datasets, or adapt the
framework to longitudinal or spatially structured count data.
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