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Abstract

This study employs a multilayer network approach to analyze the spatial and temporal patterns of suicide

and depression across Mexican municipalities from 2015 to 2020. Using a panel dataset of mental health cases,

substance use, and healthcare infrastructure, we constructed a multilayer graph based on cosine similarity. The

Infomap clustering algorithm was then applied to identify communities of municipalities with similar mental health

profiles. Our results reveal five distinct clusters with significant variations in the levels and temporal dynamics

of the analyzed indicators. Notably, two clusters consistently exhibited higher rates of substance use and adverse

mental health outcomes. These findings demonstrate the efficacy of network-based methods for identifying at-risk

municipal groupings, thereby informing targeted public health interventions.

Resumen

Este estudio emplea un enfoque de redes multicapa para analizar los patrones espaciales y temporales del
suicidio y la depresión en los municipios de México entre 2015 y 2020. Utilizando un conjunto de datos en panel
que integra casos de salud mental, consumo de sustancias e infraestructura de atención médica, construimos un
grafo multicapa basado en la similitud coseno. Posteriormente, aplicamos el algoritmo de clustering Infomap para
identificar comunidades de municipios con perfiles de salud mental similares. Nuestros resultados revelan cinco
clústeres distintos con variaciones significativas en los niveles y dinámicas temporales de los indicadores analizados.
De manera destacada, dos de estos clústeres presentaron de forma consistente mayores tasas de consumo de
sustancias y desenlaces adversos en salud mental. Estos hallazgos demuestran la eficacia de los métodos basados
en redes para identificar agrupaciones municipales en situación de riesgo, lo que permite orientar intervenciones
de salud pública más focalizadas.
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1 Introduction

Mental health is defined as a state of well-being in which individuals recognize their abilities, cope with
daily stress, work productively, and contribute to their communities [6]. When this balance is disrupted,
the risk of developing mental disorders increases, affecting personal well-being and functioning.

Globally, it is estimated that nearly one billion people live with a mental health disorder, and suicide
accounts for more than 700,000 deaths annually, ranking as the fourth leading cause of death among
individuals aged 15–29 [10]. The COVID-19 pandemic exacerbated these trends, increasing the prevalence
of depression and anxiety by more than 25% worldwide in 2020 [11]. These figures underscore the urgent
need to develop methodologies that capture not only the prevalence but also the spatial and structural
complexity of mental health issues.

In Mexico, around 18.1 million people experienced a mental health condition in 2021, mainly depression
and anxiety. INEGI reported 8,837 suicide cases in 2023 [5]. According to the ENBIARE survey, the
emotional balance average was 5.07 (scale -10 to 10), and 14.5% showed symptoms of depression [4].
These figures highlight the scale of the crisis and the need for tools that reflect its spatial and temporal
dynamics.

Suicide is one of the most severe outcomes of untreated mental illness. Its rates in Mexico have steadily
increased, especially among youth and men [3, 5]. Suicide has deep social and economic impacts and is
linked to factors such as poverty, limited access to care, substance use, and violence [12, 18, 17].

In this context, the convergence of machine learning (ML) and geospatial sciences offers new avenues
for understanding the territorial patterns of mental health. While traditional epidemiological analyses
focus on statistical associations, ML techniques allow for the discovery of complex, non-linear relationships
and the generation of predictive models. When combined with geospatial data, these methods can reveal
regional disparities, spatial autocorrelation, and multivariate clusters that are otherwise difficult to detect.

Geosciences provide the theoretical and methodological foundation to incorporate spatial context,
such as accessibility to mental health services, environmental stressors, or socio-economic deprivation,
into health models. By leveraging spatial networks, similarity measures, and temporal layers, it becomes
possible to model the diffusion, persistence, or emergence of mental health issues at a municipal level.

This study proposes a multilayer network approach to identify structural similarity patterns among
Mexican municipalities (2015–2020) based on indicators grouped into: (i) mental health outcomes (suicide
and depression rates), (ii) service utilization (consultations, substance use detections), and (iii) infras-
tructure availability (clinics, professionals). We use cosine similarity to construct undirected multilayer
graphs and apply the Infomap algorithm to detect and analyze the temporal and spatial patterns of the
resulting clusters.

2 Related Work

The study of factors influencing mental health has traditionally been rooted in health sciences, economet-
rics, and psychology. However, recent advances in spatial information science and machine learning have
introduced novel methods for addressing these complex challenges from a geographic and computational
perspective. This growing body of knowledge can be leveraged to perform clustering analyses that reveal
spatial and multivariate patterns of mental health risk, enabling the identification of territorial groupings
that exhibit similar dynamics.

In recent years, a growing body of research has employed clustering techniques to analyze patterns
related to mental health. For instance, Solmi et al. [16] leveraged spatial models to identify regions in
Europe with a higher risk of mental health problems in children and adolescents. Similarly, Elliott et
al. [7] used a combination of social, environmental, and neurological data to detect depression hotspots
across the UK, revealing significant territorial differences. In a different application, Kugathasan et al.
[9] analyzed social media data using unsupervised clustering to track changes in mental health discussions
during the COVID-19 pandemic. Collectively, these studies underscore the power of clustering to identify
territories or contexts that share similar patterns in mental health indicators, providing valuable insights
into the social and spatial dynamics of the problem.

While traditional clustering methods such as k-means and DBSCAN have proven useful, they often
rely on distance metrics that may not fully capture the complex, non-linear relationships present in multi-
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faceted health data. In contrast, network-based community detection offers a more flexible and powerful
alternative. This study employs Infomap, a prominent flow-based algorithm grounded in information
theory [15]. Infomap detects community structure by modeling information flow on a network, which
allows it to uncover modular structures without prior assumptions about the number or shape of clusters.
This makes it particularly effective for exploring heterogeneous data landscapes like the one presented in
this study.

The analytical power of our approach is further enhanced by the use of a multilayer network model
[1, 8]. This framework is ideal for modeling systems where entities—in our case, municipalities—interact
across multiple dimensions or layers. Here, each layer represents a different year, allowing us to model
both the static similarities between municipalities within a single year (intralayer connections) and their
evolution over time (interlayer connections). Infomap’s native ability to operate on these temporal mul-
tilayer networks makes it exceptionally well-suited for identifying complex intermunicipal dynamics that
persist or evolve across the study period [14].

Despite these methodological advances, research on the territorial dynamics of suicide and depression
in Mexico remains limited, particularly studies that integrate variables of substance use and healthcare
infrastructure within a network framework. Few studies have utilized network-based clustering to under-
stand how these conditions interact and evolve over time at a subnational level. This study addresses
this gap by applying the Infomap algorithm to a multilayer representation of Mexican municipalities. By
doing so, we aim to provide a novel, data-driven perspective on the structural and temporal patterns of
mental health, thereby offering new insights for targeted public health policy and intervention.

3 Methodology

To analyze the spatio-temporal structure of mental health indicators in Mexican municipalities, this study
implemented a multilayer network approach based on the Infomap algorithm. This section details our
methodological pipeline, beginning with the conceptual framework that underpins our analysis, followed
by the specific procedures for data preprocessing, graph construction, and community detection.

3.1 Conceptual Framework: The Infomap Algorithm and Multilayer Net-
works

The analytical core of this study rests on the Infomap algorithm applied to a multilayer network structure.
This section provides a self-contained overview of these two conceptual pillars. We first explain the
principles of community detection via the Map Equation, then detail the critical role of edge weights,
and finally describe the multilayer network framework used to model temporal data.

3.1.1 Community Detection with the Map Equation

The primary goal of the Infomap algorithm [13] is to identify the most significant community structure
in a network. It achieves this by applying principles from information theory to find the most efficient,
compressed description of information flow across the network, which is modeled as a random walk. The
optimal network partition is the one that minimizes the description length, a quantity defined by the
Map Equation:

L(M) = q↷H(Q) +
mX
i=1

pi�H(Pi) (1)

where L(M) represents the total information-theoretic cost (measured in bits) to describe a random
walker’s path on a network partitioned into m communities. The equation is composed of two key terms:

• The Inter-Community Cost (First Term): The term q↷H(Q) quantifies the information
required to describe movements between different communities. Here, H(Q) is the entropy of the
codebook used for community-to-community transitions, and q↷ is the per-step probability that a
walker switches from its current community to another. This term penalizes partitions where nodes
are frequently forced to cross community boundaries.
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• The Intra-Community Cost (Second Term): The term
P
pi�H(Pi) quantifies the information

needed to describe movements within communities. For each community i, H(Pi) is the entropy
of the codebook for within-community movements, weighted by pi�, the fraction of time the walker
spends moving inside that community.

By systematically testing partitions to find the one that yields the minimum value of L(M), Infomap
reveals the network’s most salient modular organization—the one that best compresses its information
flow.

3.1.2 The Role of Edge Weights in De�ning Information Flow

The success of the Map Equation is entirely dependent on the random walker’s movements faithfully
reflecting the meaningful relationships within the data. This behavior is governed by the network’s edge
weights, wij , which define the transition probability from node i to node j:

Pij =
wijP
k wik

(2)

For our analysis to be meaningful, the weights must accurately represent the degree of similarity between
the mental health profiles of any two municipalities. A higher weight should signify greater similarity,
increasing the probability that the random walker moves between them and, consequently, that they are
grouped into the same community. The relationship between weights and data is therefore defined by a
similarity function, f(�; �):

wij = f(xi;xj) (3)

where xi and xj are the feature vectors representing the characteristics of two municipalities. The specific
choice of this function is a critical modeling decision, which will be detailed in the implementation part
of this methodology.

3.1.3 The Multilayer Network Framework

To capture the temporal evolution of mental health patterns, we extend this framework from a single
static network to a dynamic multilayer network. In this model, nodes (municipalities) can exist across
multiple layers, where each layer ‘ represents a distinct point in time (a year). This structure is formally

represented by a third-order adjacency tensor, A, where an entry A
[‘;‘0]
ij denotes the existence and weight

of a connection between node i in layer ‘ and node j in layer ‘0.

A
[‘;‘0]
ij =

(
w

[‘;‘0]
ij if a connection exists between node i in layer ‘ and node j in layer ‘0

0 otherwise
(4)

This versatile structure allows us to define two fundamental types of relationships:

• Intralayer Connections: These are edges where ‘ = ‘0. They connect municipalities within the
same year, capturing contemporary patterns of similarity at a specific snapshot in time.

• Interlayer Connections: These are edges where ‘ 6= ‘0. They connect municipalities across
di�erent years, thereby modeling temporal phenomena such as the persistence of a municipality’s
health profile over time or its evolving similarity to other municipalities.

This multilayer framework, when analyzed through the lens of the Map Equation, provides a powerful
and comprehensive tool for uncovering the complex spatio-temporal dynamics of mental health.

3.2 Data Preprocessing

The dataset used in this study was constructed from the database developed under the PANGEOS
project, carried out by the National Institute of Psychiatry Ram�on de la Fuente Mu~niz (INPRFM). This
project compiled administrative data from various public health subsystems in Mexico, organizing them
into four main categories: infrastructure, services, mortality, and hospital discharges.
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From this database, we selected key variables related to mental health and substance use. These
included suicide-related deaths, confirmed diagnoses of depression, and detections of alcohol, tobacco,
and pharmaceutical drug use. Additionally, we incorporated variables reflecting the availability of mental
health care resources, such as the number of psychiatric and psychological clinics, psychiatrists, psychol-
ogists, psychiatric beds, and both initial and follow-up mental health consultations.

All records were georeferenced at the municipal scale. The period from 2015 to 2020 was selected
based on the availability of consistent and aligned data across sources, allowing for the construction of
a homogeneous and reliable dataset suitable for our analysis. To estimate population-based rates, we
used municipal-level population projections from the National Population Council (CONAPO). The final
dataset consists of a panel structure with the variables described in Table 1, covering 2,475 municipalities,
13 variables, and 6 years.

Table 1: Description of variables in the municipal-level panel on mental health.

Name Description Feature
year Year of the record -
cvegeo Unique ID of the municipality according INEGI -
Alcohol Use Disorder Rate of detected alcohol use Services Health
Tobacco Use Disorder Rate of detected tobacco use Services Health
Substance Use Disorder Rate of pharmaceutical drug use Services Health
Follow-up Consultation Rate of follow-up mental health visits Services Health
Specialist consultation Rate of visits with mental health specialists Services Health
Inital Consultation Rate of first-time mental health visits Services Health
Psychiatry clinics Rate of psychiatric clinics Infrastructure Mental Health
Psychological clinics Rate of psychological clinics Infrastructure Mental Health
Psychiatric beds Rate of psychiatric beds Infrastructure of Mental Health
Psychologists Rate of psychologists Infrastructure Mental Health
Psychiatrists Rate of psychiatrists Infrastructure Mental Health
Depression Rate of confirmed depression diagnoses Mental Health Cases
Suicides Rate of suicides Mental Health Cases

In the following section this dataset is used to build the adjacency matrix for multilayer graph.

3.3 Multilayer Graph Construction

This section details the practical implementation of our framework, from constructing the multilayer
graph to executing the community detection algorithm.

3.3.1 Feature Vector Representation and Similarity Metric

The characteristics of each municipality i in a given year ‘ were encoded in three normalized feature
vectors, one for each category � 2 Φ = fcases; services; infrastructureg:

• xcases;‘
i : Mental health case indicators (suicide and depression rates).

• xservices;‘
i : Service utilization metrics (consultations and substance use detections).

• xinfrastructure;‘
i : Infrastructure availability (clinics, beds, and health professionals).

The similarity between any two municipalities for a specific feature category was calculated using cosine
similarity [2]. As the function f(�; �) introduced in the conceptual framework, the similarity between
municipality i in year ‘ and municipality j in year ‘0 for a given category � is:

f(x�;‘i ;x�;‘
0

j ) =
x�;‘i � x

�;‘0

j

jjx�;‘i jj � jjx
�;‘0

j jj
=

PDϕ

k=1 x
�;‘
i;kx

�;‘0

j;kqPDϕ

k=1(x
�;‘
i;k )

2

qPDϕ

k=1(x
�;‘0

j;k )2
(5)
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where D� is the number of individual indicators (dimensions) within the feature category �.

3.3.2 Intra- and Interlayer Connections

The weights for the adjacency matrix A were defined as follows. For intralayer connections between
municipalities i and j in the same year ‘, the weight is the average similarity across all feature categories
Φ:

w
[‘;‘]
ij =

1

jΦj
X
�2�

f
�
x�;‘i ; x�;‘j

�
; for i 6= j (6)

For interlayer connections, which link municipality i in year ‘ to municipality j in a future year ‘0

(where ‘0 > ‘), the weight is calculated similarly. These links are defined only forward in time to model
temporal evolution [14]:

w
[‘;‘0]
ij =

1

jΦj
X
�2�

f
�
x�;‘i ; x�;‘

0

j

�
; for ‘0 > ‘ (7)

Self-loops were excluded in all cases to focus on inter-municipal relationships.

3.4 Community Detection with Infomap

he complete graph, with both intralayer and interlayer connections, was written to a Pajek-format file
for analysis. The community detection process was subsequently performed using the official infomap

Python package1, with a set of carefully chosen parameters to ensure both robustness and relevance to
our spatio-temporal analysis.

We configured the algorithm to find a two-level (non-hierarchical) community structure, as our goal
was to identify distinct municipal groupings rather than a nested hierarchy. The process was repeated
over 20 trials to ensure convergence to a stable solution. For the core algorithm parameters, we used the
default Markov time (� = 1:0). Crucially, for the multilayer dynamics, we also used the default interlayer
relaxation rate. This parameter governs the random walker’s tendency to move between layers (years),
thereby balancing the detection of within-year patterns against temporally persistent communities.

A final critical step was the selection of a weight threshold for filtering connections. To determine
an appropriate value, we conducted a sensitivity analysis with several thresholds (e.g., 0.6, 0.7, and
0.8). We selected a final threshold of 0.7, as it offered the optimal balance between filtering out weak
similarities and preserving meaningful graph connectivity. This analysis also confirmed that the core
community structures remained stable across this range of thresholds, with minor variations confined to
the assignment of a few peripheral nodes. This indicates our primary findings are robust and not an
artifact of specific parameter choices.

4 Results

The Infomap clustering process applied to the multilayer graph produced five distinct clusters, grouping
municipalities according to similarities in mental health rates, substance use, service utilization, and
infrastructure availability.

A total of 947 unique municipalities were included in the clustering process, with each municipality as-
signed to one or more of the detected clusters. This structure supports spatial and functional comparisons
between groups.

Table 2 presents the distribution of municipalities across the five detected clusters. The column
Number of Municipalities reflects the total number of municipal-layer assignments, including repetitions
due to multiple years. The column Unique Municipalities indicates the number of distinct municipalities
assigned to each cluster over the entire period.

The clusters are presented in descending order based on their size, measured as the number of
municipality-year assignments. Cluster 1 contains the largest number of nodes and represents the most
cohesive structure within the graph, concentrating the highest internal flow and connectivity among
municipalities.

1https://github.com/mapequation/infomap

https://github.com/mapequation/infomap
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Table 2: Distribution of municipalities by cluster

Cluster Number of Municipalities Unique Municipalities
1 4064 925
2 91 19
3 24 4
4 40 28
5 10 4

The subsequent clusters (2 through 5) contain progressively fewer municipalities and reflect groupings
that are less dense or more isolated in terms of structural similarity. Cluster 5, in particular, includes
the smallest number of municipalities, suggesting a more dispersed or distinct set of nodes within the
multilayer network.

To visualize the spatial distribution of the detected clusters over time, a series of maps was generated,
one for each year in the 2015–2020 period. These maps display the municipalities colored according
to their cluster assignment for that specific year, highlighting regional patterns and temporal shifts in
clustering structures.

The maps in the Figure 1 from 2015 to 2020 show that Cluster 1 is the most common and stable
across the country. Most municipalities each year are grouped in this cluster, suggesting they share
similar characteristics in mental health indicators and service availability.

Clusters 2 to 5 appear in smaller, more specific regions. For example, Cluster 2 is often found in the
northwest and central parts of Mexico, while Cluster 4 becomes more visible in the south and southeast
after 2018.

Cluster 5, although small in size, represents a unique structural configuration. The low number of
municipalities assigned to this cluster suggests uncommon combinations of mental health indicators,
which may indicate either highly underserved regions or exceptional cases of data reporting. Further
qualitative research is needed to understand their conditions.

Some municipalities remain in the same cluster across several years, showing stable conditions, while
others change clusters over time. These changes may reflect shifts in mental health outcomes or access
to services.

Overall, the maps help to identify regional patterns and changes in the distribution of mental health-
related factors in Mexican municipalities during the 2015–2020 period.

4.1 Exploratory Data Analysis of Clusters

This section presents an exploratory analysis of the clusters with respect to suicide, depression, and
substance use variables.

The Figure 2 shows the log-transformed distributions of suicide and depression rates, grouped by
cluster. Each cluster exhibits a distinct distribution, indicating structural differences in mental health
levels among groups of municipalities.

Figure 2.a displays the log-transformed distributions of suicide rates by cluster. A clear differentiation
is observed among the municipal groups. Clusters 1 and 2 show narrow distributions concentrated at low
values, indicating relatively similar and low suicide rates. Cluster 3 stands out with a distribution shifted
toward higher values, suggesting a greater suicide rate in those municipalities. Cluster 4 exhibits a more
dispersed distribution, which may reflect high internal variability in suicide rates among the municipalities
it comprises. In the case of cluster 5, a high concentration of values near zero is observed, possibly
associated with municipalities that experience underreporting or possess specific structural characteristics.

Figure 2.b shows the log-transformed distributions of depression rates by cluster. Substantial dif-
ferences are observed among municipal groups. Cluster 1 concentrates its distribution at high values,
indicating higher and more homogeneous depression rates. Cluster 2 also lies within relatively high values
but with greater dispersion. In contrast, clusters 3 and 4 display distributions shifted toward lower and
mid-range values, reflecting more moderate levels of depression. Cluster 5 presents a broad and multi-
modal distribution, which may be associated with greater internal heterogeneity in depression rates or
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(a) 2015 (b) 2016

(c) 2017 (d) 2018

(e) 2019 (f) 2020

Figure 1: Annual clustering of Mexican municipalities based on mental health indicators using Infomap.
Each map shows the cluster assignment for the year indicated. Colors represent distinct clusters and
reveal the spatial and temporal evolution of municipal groupings from 2015 to 2020.

variations in mental health service coverage or reporting. These differences in distributions support the
validity of the clustering and illustrate the distinct epidemiological profiles of the municipalities.

To facilitate visual comparison and reduce the effects of skewness and extreme values, all rate variables
were log-transformed prior to visualization. This transformation enhances interpretability by compressing
high values and expanding lower values, allowing for clearer differentiation among clusters. Figure 3
presents the distributions of variables related to addictions—specifically alcohol consumption, tobacco
use, and the use of prescription drugs—as well as clinical consultation rates, across the five identified
clusters.
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