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Abstract

In recent years, the mortality due to diabetes has increased around the world. In particular,
diabetes is the second leading cause of mortality in Mexico, with a heterogeneous distribu-
tion of mortality rates at the municipality level. The objective of this study is the analysis of
clusters of municipalities with similar values for sociodemographic indices and diabetes
mortality. In this sense, an application is presented that was developed using a data science
methodology and a machine learning algorithm called fuzzy c-means. For this research,
4,604,360 death certificates from 2019 to 2023 were assessed, among other official data. As a
result of the analysis, two key indicators related to diabetes mortality were found, i.e., one
is the percentage of population in poverty and the other is population density. The main
results of this research are as follows: a direct correlation was found between population
density and mortality, and an inverse correlation was found between population in poverty
and mortality. In the study interval, it was observed that the cluster with less mortality
showed an increase in mortality rate year after year. Finally, we consider that the tendencies
found can be useful to public health authorities for optimizing the distribution of resources
for treating diabetes and reducing diabetes-related mortality.

Keywords: clustering; data science; diabetes; epidemiology; fuzzy c-means; machine
learning

MSC: 62H30; 90C70; 68W40; 91C20; 62P10

1. Introduction
Diabetes mellitus is a chronic metabolic disease characterized by the presence hy-

perglycemia, i.e., high levels of glucose in blood [1]. According to the World Health
Organization, the number of people that live with diabetes increased from 200 million
in 1990 to 830 million in 2022. According to the International Diabetes Federation (IDF)
Atlas 2025 [2], 11.1% of the adult population between 20 and 79 years of age has diabetes,
i.e., approximately 1 in 9 people. From this percentage of the population, more than 40%
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has not been diagnosed. Projections for 2050 indicate that 1 in 8 people, approximately
853 million people globally, will live with diabetes, which amounts to an increase of 46%. In
the Americas, according to the recent data from the Pan American Health Organization, in
2021, diabetes was the sixth leading cause of mortality with a mortality rate of 29.3 deaths
per 100,000 people [3].

In particular, in Mexico in 2021, the mortality rate attributed to this disease was
76.1 deaths per 100,000 people, which places Mexico 13th worldwide in terms of diabetes [4].
In 2023, according to data from INEGI (the Mexican institute for statistics and geography),
110,059 deaths occurred due to diabetes in Mexico, making it the second leading cause of
mortality [5].

Diabetes constitutes a public health problem that is ever more important in Mexico
due to its high morbidity and mortality [6–8], as well as the high expenditure associated
with its prevention and treatment. To obtain an idea of this expenditure in Mexico, it is
important to mention that PROFECO (the Mexican consumer protection agency) published
that, in 2021, Mexico spent USD 19,946.8 million on diabetes prevention and treatment [9].

The causes of diabetes are multifactorial. Some of these causes are the structural factors
of population, malnutrition, obesity, and lack of physical activity, among others [10,11].
For mitigating the effect of this disease, it is known that several strategies have been
implemented, which are oriented toward disease prevention and universal access to its
treatment in several countries [12].

On another issue, in recent years, with the advent of computers with larger pro-
cessing and storage capacities coupled with advances in data science [13,14], artificial
intelligence [15,16], and particularly machine learning [17–19], it has been possible to
address ever more complex health problems.

To date, it is known that there exist official large databases and repositories that can
be processed to find new patterns about diabetes and to generate new knowledge that
can be useful for public health authorities. In this sense, in this research, people mortality
databases and population censuses, among others, were processed using fuzzy clustering
algorithms, which allow generating new knowledge capable of helping decision making.
In particular, the regions of Mexican municipalities with the highest mortality rates were
determined as well as the regions with the lowest rates.

In the following three subsections, investigations that use machine learning techniques
or algorithms for data processing aiming at obtaining new knowledge on diabetes are
presented. The first subsection presents computer applications that use an epidemiological
perspective and process data from Mexico. The second subsection differs from the first
subsection as in its data from other countries are used. Finally, the third subsection
describes machine learning applications that do not have an epidemiological perspective.
Noteworthily, in all the research works, relevant information such as publication year, the
source of data used, the machine learning techniques or algorithms employed, and the
main findings reported are mentioned.

1.1. Computational Applications in Mexico Using Diabetes Data from an Epidemiological
Perspective

To our knowledge, in Mexico, few investigations have been carried out on diabetes
mortality that include spatial and time determinants from an epidemiological perspective.

Bello-Chavolla et al. [20] present a descriptive epidemiological analysis of diabetes
mellitus type 2 (T2DM) mortality from 2000 to 2010. Their data sources were the General
Directorate of Health Information (DGIS), INEGI, CONAPO (the Mexican population
council), and ENSANUT (the Mexican survey on health and nutrition). From one of the
results of this research, it was inferred that the diabetes mortality rate increased by 3.8%
from 2000 to 2010. This increase was related to structural processes such as nutritional
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transition, an increased obesity prevalence in more than 70% of the adult population, a
high consumption of ultra-processed food, and a sedentary lifestyle.

Additionally, genetic and socioeconomic factors have contributed to increasing the gap
among regional diabetes mortality rates. This research also inferred that diabetes mortality
was higher in the northern and central regions of the country. In particular, the federal
entity Mexico City (denoted by CDMX) had a rate almost 30 points above the national
average, followed by the state of Coahuila. In contrast, the states with the lowest mortality
rates were Quintana Roo, Chiapas, and Baja California Sur.

Pérez-Ortega et al. [14] developed a Support Vector Regression model for predicting
diabetes mortality in CDMX and the State of Mexico in the interval of 2020–2024. For the
application development, they used the Batch MFCD methodology from data science [21].
In the experiments, they used the official mortality data from DGIS as well as population
databases from INEGI and CONAPO, corresponding to the period of 1990–2019. Thus, a
decreasing tendency of 10.7% was observed in the mortality rate in CDMX in the interval of
2017–2019. Additionally, for the period 2020–2024, it was projected that diabetes mortality
would continue decreasing at a similar rate. The authors mentioned that year 2020 was an
atypical case because of the COVID-19 pandemic; therefore, it is foreseeable that its effects
will alter the actual diabetes mortality rates in the subsequent years.

Bello-Chavolla et al. [22] used spatial and negative binomial regression models and
spatial autocorrelation, including Moran I and Getis-Ord Gi* statistics, for analyzing the
diabetes mortality distribution at the state level and its relation to sociodemographic factors.
The analysis compared the mortality rates observed in 2020 with the average mortality
rates of the time period 2017–2019 using the official data from ENSANUT, INEGI, and
CONAPO. For assessing the effect of sociodemographic inequalities on diabetes mortality
at the national level, the social lag index (SLI) and the density-independent SLI were used.
The results showed an increase in diabetes mortality rate of 41.6% in 2020 compared to the
average mortality rate of 2017–2019. The states with the highest mortality rates, adjusted for
age, were the State of Mexico, Tlaxcala, and Tabasco. The authors concluded that structural
inequalities and the interruption of medical care during the COVID-19 pandemic resulted
in the increase in diabetes mortality in Mexico.

Cervantes and Baptista [23] analyzed the spatial distribution of type 2 diabetes mortal-
ity in the 2469 municipalities of Mexico in 2020. Using mortality data from INEGI (ICD-10
codes E110–E119) and population projections from CONAPO, a hierarchical Bayesian
model was applied using the INLA inference for estimating the standardized mortality
ratios (SMRs) and subsequent relative risk, distinguished by age groups. The results make
the central area of Mexico to stand out (CDMX, Tlaxcala, the State of Mexico, Hidalgo,
and Puebla) because of its higher diabetes mortality rate in people older than 50 years.
The Yucatan peninsula area (Yucatan, Campeche, and Quintana Roo) and the southeast
zone of the country (Chiapas and Tabasco) show a high mortality risk due to diabetes in
the population younger than 50 years. Associations between a high mortality risk and
conditions such as a low education level, unsteady nutrition, and poverty were identified,
whereas a larger GNP per capita was found to be associated with a lower mortality risk.

1.2. Computational Applications on Diabetes Datasets from a Global Epidemiological Perspective

Globally, diabetes research has evolved and has approaches that include spatial and
sociodemographic dimensions aiming at understanding the territorial distribution of the
disease and associated determinants.

In North America, relevant investigations have been carried out. In Winnipeg, Canada,
Green et al. [24] performed a geographical analysis of diabetes prevalence using admin-
istrative health record sources and applying spatial scanning techniques and regression
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models. The results revealed significant clusters in areas characterized by unfavorable
socioeconomic conditions, less healthy environments, and inadequate lifestyles, empha-
sizing the influence of structural factors and intra-urban heterogeneity on the disease. In
Boston, Link and McKinlay [25] used logistic regression and the chi-square test to analyze
disparities according to race, socioeconomic status, and medical insurance and determined
education and income to be the key social determinants.

Additionally, in North Carolina, Bravo et al. [26] utilized spatial Bayesian models using
the health electronic records of 41,203 people (2007–2011) as a data source for evaluating
racial differences, which revealed a larger prevalence of diabetes in the non-Hispanic black
population, and emphasizing the importance of built environments for understanding
geographic disparities. A national research by Fang et al. [27] applied statistical methods
such as linear regression, logistic regression, and ponderation for relating diabetes to
sociodemographic characteristics, physical indicators, and life habits, which revealed body
mass to be the most strongly associated with diabetes.

In South America, the spatial patterns of diabetes linked to social inequalities have
been identified. In Chile, Crespo et al. [28] used self-organizing maps (SOMs) for clustering
zones according to socioeconomic variables and found that a high diabetes prevalence is
associated with low income and a low educational level. In Colombia, Montoya-Betancur
et al. [29] performed an ecological study by applying the Bayesian hierarchical model
smoothing and LISA statistic for identifying the persistent clusters of type 2 diabetes mor-
tality (2003–2016), and they unexpectedly found a positive association between mortality
and economic development. In Brazil, Oliveira et al. [30] used a Bernoulli model for finding
the clusters in zones with a low educational level and low income, and the areas with high
levels of both education and income showed a low diabetes prevalence.

In Asia, investigations have been carried out mainly in India and China. In India,
Valson et al. [31] applied the Bernoulli model for discovering the clusters of high and
low prevalence; in contrast, population density did not show a significant association
with diabetes mortality, while factors such as criminality and traffic accidents did show
an association. In China, investigations have found significant results twice. First, Zhou
et al. [32] conducted a national analysis that involved 161 districts between 2006 and
2012 by applying multilevel negative binomial models with data sources from the China
Mortality Surveillance System. Their results showed a general reduction of 12% in diabetes
mortality rates with decreases in urban areas larger than those in rural areas, though
regional inequalities persisted, i.e., the northwestern and northeastern regions showed
a significantly higher diabetes mortality risk than the southern region. Mortality was
associated with larger urbanization, body mass index, and high temperatures, while factors
like smoking, cholesterol level, and the local prevalence of diabetes did not show any
significant relations.

Finally, Luo et al. [33] performed a spatial temporal analysis of diabetes mortality in
the Guangdong province, aiming to identify high-risk areas and its socio-environmental de-
terminants. By using the empirical Bayesian kriging techniques and spatial Poisson scanning,
critical mortality clusters were identified mainly in the eastern and western coastal zones of
the province, with a significantly higher relative diabetes mortality risk than that of other
regions. The authors found that exposure to atmospheric contaminants, especially carbon
monoxide, was significantly associated with high mortality risk. In particular, the mortality
results from this research, similar to ours, suggest that, in densely populated areas, as the
population’s income increases, the mortality rate increases.
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1.3. Application of Machine Learning to Diabetes Datasets

To date, it is known that investigations that aimed to find new knowledge about
diabetes from the analysis of datasets about the disease have successfully used machine
learning techniques. In general, diabetes research follows an epidemiological or clinical
approach, and the source data have the same nature. As mentioned before, the current
article follows an epidemiological approach. However, to get an idea of other machine
learning applications that are mainly clinically orientated, several relevant applications
will be briefly described. The readers that wish to delve further into machine learning
applications on diabetes can read articles [34–36], since they include systematical surveys.
In the rest of this subsection, investigations that use supervised learning techniques are
mentioned, followed by non-supervised learning techniques.

Some examples of investigations that used supervised learning are described next.
Prabhu et al. [37] used Deep Belief Networks with the Pima Indians diabetes dataset. Elmen-
shawy et al. [38] integrated models such as XGBoost with explicable artificial intelligence
(XAI) (SHAP and LIME), allowing the generation of comprehensive predictions from the
clinical data of Bangladeshi female patients. Allani et al. [39] developed an interactive
platform based on LightGBM with local explainability (SHAP and LIME) applied to the
BRFSS 2015 dataset. Complementarily, Olaniran et al. [40] proposed a hybrid approach that
combines the random selection of characteristics and LSTM/BiLSTM networks, which was
evaluated using three datasets: the Pima Indians diabetes dataset, the diabetic retinopathy
Debrecen dataset, and the early-stage diabetes risk prediction dataset.

The recognition of diabetes subtypes has also been approached by using supervised
models. Omar et al. [41] used neural networks to classify four Mexican clinical cohorts:
SIGMA, Metabolic Syndrome, ENSANUT 2016, and CAIPaDi. From their results, four
consistent clinical subgroups were found, i.e., SIDD, SIRD, MOD, and MARD. Tanabe
et al. [42] used Random Forest for classifying four subtypes, using data from two Japanese
clinical cohorts. Antonio-Villa et al. [43] carried out a transversal analysis by using data
from ENSANUT 2016, 2018, and 2020–2022. Additionally, by using self-normalizing
neural networks (SNNNs), 23,354 adults were classified into four subgroups of type 2
diabetes (MOD, SIDD, SIRD, and MARD). Taurbekova et al. [44] validated five subtypes
of diabetes by conducting a cross-sectional review and study on a sample of 558 patients.
Preedasawakul et al. [45] proposed the 4TaStiC algorithm, which was tested using HbA1c
(a measure of average blood sugar) time series data of 1989 patients with diabetes for
clustering patients based on both HbA1c levels and hidden trends and patterns.

Described next are some applications that used unsupervised learning. Carrillo-Larco
et al. [46] used k-means on national health surveys in Latin America and the Caribbean
with data from 8361 adults, which revealed four population profiles. Manzani et al. [47]
analyzed the clinical trajectories from 11,028 patients with diabetes by using a Kernelized-
AutoEncoder, which revealed seven clinically relevant evolution clusters. Abbasi et al. [48]
used the k-prototype clustering algorithm on pediatric records and found five clinical diabetes
subtypes with a risk of complication. Finally, Priambodo et al. [49] evaluated lifestyle factors
associated with the diabetes risk by using the k-means algorithm on a dataset of 912 patients
of Puskesmas Jayanti (a community health center) in Indonesia.

Most of the machine learning applications regarding diabetes have been developed
from hospital datasets, which utilize individual clinical variables. In contrast, this research
proposes a different approach, based on population mortality datasets, to analyze groups
related to diabetes mortality rates at the municipality level by applying a machine learning
algorithm and data science from an epidemiological perspective.
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The remaining article is organized as follows: Section 2 describes the first four steps of
the approach used. Section 3 addresses the remaining two steps by integrating them as a
part of the analysis of results and discussion. Finally, Section 3 presents the conclusions.

2. Methodology
In this research, the methodology known as Batch MFCD [14] was utilized, a variant of

the one developed by IBM [21]. This methodology has been previously applied in studies
related to the COVID-19 mortality rate in Mexico from an epidemiological perspective [13].
This methodology is illustrated in Figure 1 and consists of six steps: (1) business under-
standing, in which the research questions are defined; (2) data collection, in which the
gathering of datasets from different sources is carried out; (3) data preparation, in which
the selection of attributes and records from the obtained databases is performed, new
attributes are generated from calculating the initial attributes, and the values of the new
attributes are normalized for a better interpretation of the results; (4) modeling, in which a
clustering model is selected; and the steps 5 and 6 are not described in separate subsections,
since graphic displays were used in Section 3 for facilitating the reading and interpretation
of results.

Figure 1. The Batch MFCD methodology.

2.1. Business Understanding

According to the principles of data science [50], the formulation of objectives and
the research question must be presented in the initial steps of the project. Therefore, the
questions that oriented this project were as follows: (1) what are the clusters of Mexican
municipalities with high diabetes mortality rates according to sociodemographic factors?
and (2) what are the time patterns of mortality rates of clusters in the interval 2019–2023?

In the context of this research, it is important to mention that Mexico is divided into
31 states and CDMX; in turn, states are divided into municipalities except CDMX, which is
subdivided into districts. To facilitate comprehension, in the rest of this article we will use
the term municipality for the CDMX districts.
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2.2. Data Collection

In this step, the attribute values are selected and prepared for their use in the modeling
and evaluation. In this study, records from four official datasets from Mexico were obtained,
which are described in Table 1.

Table 1. Origin of datasets and their general characteristics.

Source Dataset Number of
Records

Number of
Attributes

DGIS (Dirección General de
Información en Salud) [51] Death records 2019–2023 4,604,360 59

INEGI (Instituto Nacional de
Estadística y Geografía) [52,53]

Population and housing
census 2020 195,663 286

CONEVAL (Consejo Nacional de
Evaluación de la Política de
Desarrollo Social) [54]

Poverty indicators 2020 2469 145

SNIM (Sistema Nacional de
Información Municipal) [55]

Municipal information
records 2477 5

2.3. Data Preparation
2.3.1. Selection of Attributes

This section describes the attributes that were selected for creating the data warehouse.
The data warehouse attributes are of two types: one involving attribute directly selected
from the datasets, which are called base attributes, and the other including indicators.

Noteworthily, numerous experiments were carried out with different combinations
of attributes of different datasets without obtaining conclusive results. Therefore, the
grouping of the combinations of base attributes and indicators was attempted. Satisfactory
results were obtained with this approach, as described in Section 3.

Table 2 shows the base attributes selected from each dataset. The next subsection
shows the process for calculating the indicators.

Table 2. Attributes selected from each dataset.

Dataset Base Attributes

Death records 2019–2023 (DGIS) State code, municipality code, death cause,
and date of death

Population and housing census 2020
(INEGI)

State code, state name, municipality code,
municipality name, total population,
longitude, latitude, and altitude

Poverty indicators 2020 (CONEVAL)
State code, municipality code, and
percentage of
population in poverty

Municipal information records (SNIM)
State code, state name, municipality code,
municipality name, and municipality area
in km2

2.3.2. Generation of Indicators

This subsubsection describes the procedure used for calculating indicators for the
municipality level, which were crucial for carrying out this research. The first indicator was
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the population density at the municipality level, and the second indicator was the mortality
rate at the municipality level per 100,000 inhabitants.

Population density =
Population

km2 (1)

Mortality rate =
Deaths

Population
× 100, 000 (2)

2.3.3. Record Selection

Noteworthily, in this research, only municipalities with a population greater than
100,000 inhabitants were considered. A total of 234 municipalities that met this crite-
rion were included, since those with a smaller population could introduce biases in the
interpretation of results.

Mortality records were selected according to the values of the mortality cause attribute.
In particular, the values were those in the interval E10 to E14 and those in E232, O240,
O241, O244, P700, and P702. These values are related to disease codes associated with
diabetes, according to the International Statistical Classification of Diseases and Related
Health Problems 10th Revision [56].

2.3.4. Normalization of Attribute Values

The values of population density and percentage of people in poverty attributes were
normalized. Equation (3) shows, in a general way, the calculation for normalizing a set X of
attribute values.

x′ =
x − xmin

xmax − xmin
(3)

where x′ denotes the normalized value of x; the largest value of the set of values is xmax,
and the smallest is xmin.

2.4. Modeling

For selecting the clustering algorithm, several exploratory experiments were per-
formed using the following algorithms: standard k-means [57], k-means++ [58], standard
fuzzy c-means (FCM) [59], and a hybrid variant called fuzzy c-means++ (FCM++) [60]. As
a result of these experiments, it was found that FCM++ was the algorithm that obtained
better solutions for our specific application; therefore, it was selected for use in the rest of
the investigation. The FCM++ variant differs from the standard FCM algorithm as it uses
the k-means++ algorithm for generating the initial centroids.

In the rest of this section, the k-means++ and FCM algorithms are described, and their
respective pseudocodes are shown.

2.4.1. Algorithm k-Means++

Algorithm k-means++, proposed in [58], initializes the cluster centroids of the k-means
algorithm by randomly selecting objects from the set of data as explained next. First, let
D(x) be the shortest distance from a point x to the closest centroid that has already been
chosen. Next, randomly choose the initial centroid v1. Main step: determine the next
centroid by choosing vi ∈ X with probability D(vi)2/∑x∈X D(x)2. Finally, repeat the main
step until k centroids are determined. The pseudocode of algorithm k-means++ is shown in
Algorithm 1.
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Algorithm 1: k-means++

1 Initialization:
2 X: = {x1, . . ., xn}; //The set of data
3 Assign the value for k;
4 V: = {}; //The set of centroids is initialized
5 V: = V U {vi}; //Where the first centroid vi is selected randomly
6 for i = 2 to k do
7 Select the i-th centroid vi ∈ X that maximizes probability D(vi)2/∑x∈X D(x)2;
8 V: = V U {vi};
9 end for
10 Return V;
11 End of algorithm

Algorithm 1 shows the initialization of centroids by using the algorithm k-means++.
Given the dataset X and the number of clusters k, the first step consists of selecting the
first centroid v1 randomly from the dataset X (line 5). Next, v1 is incorporated to the set of
centroids denoted by V (line 5). Finally, for the second centroid and until the number of
centroids equals k, the i-th centroid must be selected to maximize a probability distribution
across all values of x ∈ X (lines 6 to 9).

2.4.2. FCM Algorithm

The clustering algorithm FCM [59,61] is a fuzzy-type partitional algorithm. The
algorithm is based on an objective function, which is shown in Equation (4).

Jm(U, V) =
n

∑
i=1

c

∑
j=1

uij
m ∥ xi − vj ∥ 2 (4)

where U = uij denotes the membership degree of each object i to each cluster j; V = {v1,. . .,vc}
denotes the set of centroids, where vj represents the centroid of cluster j; m denotes the
weighting exponent or fuzzy factor, which represents the membership degree m > 1; c
denotes the number of clusters; n denotes the number of objects; and ∥xi − vj∥2 denotes
the Euclidean norm.

The solution of the clustering of dataset X is defined by the (U, V) pairs, which
minimize the value of Jm.

In the convergence process, the algorithm uses Equations (5) and (6).

uij =
1

c
∑

k=1

( ∥ xi − vj ∥ 2

∥ xi − vk ∥ 2

) 1
m − 1

(5)

vj =

n
∑

i=1
uij

mxi

n
∑

i=1
uij

m
(6)

where xi and vj are vectors in the Rd space and are defined by Equations (7) and (8).

xi = (x1, x2, . . . , xd) (7)

vj = (v1, v2, . . . , vd) (8)
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The restrictions of fuzzy clusters are presented in Equations (9)–(12).

uij ∈ [0, 1] (9)

c

∑
j=1

uij = 1 (10)

uij = 1 if xi = vj (11)

0 <
n

∑
i=1

uij < n (12)

Equation (9) affirms that the membership degree of any object i to cluster j must lie
in the interval from 0 to 1. Equation (10) shows that the membership degree of object i to
all the clusters must be 1. Equation (11) indicates that the membership degree of object i
to cluster j is 1 if the object xi is at the same position as centroid vj. Equation (12) affirms
that the sum of all the membership degrees of objects to a cluster must be larger than 0 and
smaller than n, i.e., there cannot be empty clusters or clusters with zero objects.

The pseudocode of the FCM algorithm is shown in Algorithm 2. The K++ function
is called in line 4, which generates the initial centroids V′. In the rest of this article, this
variant of FCM is called FCM++.

Algorithm 2: Fuzzy C-Means++

Input: dataset X, c, m, t, ε
Output: V, U

1 Initialization:
2 X: = {x1, . . ., xn};
3 c: = 20;
4 Function K++ (X, c);
5 Return V′;
6 m: = 1.3;
7 ε: = 0.01;
8 t: = 0;
9 Calculate membership matrix U(0):

10 Calculate the membership matrix using Equation (5);
11 Repeat
12 Calculate centroids:
13 Calculate the centroids using Equation (6);
14 t: = t + 1;
15 Calculate membership matrix U(t):
16 Calculate the membership matrix using Equation (5);
17 Until |U(t) − U(t−1)| < ε

18 End of algorithm

3. Experimental Results and Discussion
This section is subdivided into four parts: the experiment design, result analysis,

analysis of time pattern results, and their discussion.

3.1. Experiments Design

In this subsection, the experiments carried out and their parameters are described. For
each year of the study interval (2019–2023), the clustering of municipalities with similar
values of population density and percentage of population in poverty was carried out using
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the FCM++ algorithm. In the five experiments, corresponding to each year of the study, the
values of used parameters were as follows: c = 20, m = 1.3, and ε = 0.01.

In particular, the value of c was selected based on a series of experiments conducted
using the different values of c. For each clustering configuration, the partition coefficient,
partition entropy, and silhouette index were computed. As shown in Table 3, the best
results were obtained for c = 20 across all three indices.

Table 3. Clustering results obtained with different values of c.

Index 14 16 18 20 22 24

Partition
coefficient 0.9155 0.9155 0.9215 0.9376 0.9284 0.9299

Partition
entropy 0.1540 0.1540 0.1481 0.1210 0.1354 0.1336

Silhouette
index 0.4481 0.4481 0.4411 0.4639 0.4476 0.4551

The datasets from the years 2019 to 2023 were clustered using the initial centroids of
the dataset from the year 2019. These centroids were generated using the K++ function
of the initialization phase of algorithm FCM++. However, for the datasets from 2020 to
2023, the K++ function was omitted in the initialization, and the centroids calculated for
the dataset from 2019 were used instead.

The FCM++ algorithm was implemented in C language using the GCC 7.4.0 compiler.
The computational experimentation was carried out on an Acer Nitro 5 computer with a
Windows 11 operating system Intel® Core™ i7-11800H processor at 2.30 GHz with 16 GB of
RAM memory, 512 GB SSD, and 1 TB HDD. Python 3.12 was used with the Matplotlib 3.10
library for drawing scatter plot graphs, and the Cartopy 0.24 library was used for drawing
map graphs. The R version 4.4.1 development environment was used for calculating the
Pearson correlation.

3.2. Result Analysis

In this subsection, the results of the five experiments carried out are presented. Table 4
shows the results of the clustering of the dataset for 2020. The first column shows the cluster
identifier, the second and third columns show the centroid values of the population density
and percentage of population in poverty attributes, the fourth column shows the number of
municipalities that belong to the cluster, and the fifth column shows the calculated average
of the mortality rate of each cluster.

Noteworthily, clusters 10, 3, and 7 have larger values of population density and
average mortality rate. Cluster 19 is atypical with only one municipality, which has a
similar population density value to those of clusters 3 and 7 but a larger population in
poverty value. This cluster has smaller mortality rate values. Additionally, cluster 11,
which has the smallest value of population density, has also the smallest average mortality
rate. In the rest of this article, clusters 10, 3, 7, and 11 are called clusters of interest, since
they have the most extreme values of average mortality rate and are particularly important
for this research.

Table 4 shows both a high mortality rate and a high population density. However, the
mortality rate is low when the percentage of population in poverty is high. For comparing
the population density and percentage of population in poverty with the mortality rate,
a Pearson correlation was performed. It was observed that the population density and
mortality rate values have a high correlation of 0.74, while a negative correlation is observed
for the poverty values. Additionally, the average age of people in clusters 10, 3, and 7 is
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69 years, while for cluster 11, it is 59 years. Figure 2 shows the result of the clustering
presented in Table 4.

Table 4. Results for the clustering of the dataset for 2020.

Cluster Population
Density

Population in
Poverty

Number of
Municipalities

Average
Mortality Rate

10 0.9619 0.1372 3 0.5970
3 0.9486 0.4344 2 0.5101

19 0.7339 0.6936 1 0.3699
7 0.7237 0.2549 4 0.5975

17 0.4960 0.3296 6 0.4016
5 0.4733 0.6454 2 0.3876

16 0.4030 0.0866 3 0.3628
9 0.2734 0.2653 5 0.4049
4 0.2696 0.4265 8 0.3077

12 0.1727 0.3479 14 0.3247
0 0.1576 0.0822 3 0.2110

13 0.1090 0.2147 9 0.1731
18 0.1035 0.4866 16 0.3775
1 0.0236 0.5593 33 0.4097

14 0.0168 0.3247 26 0.2721
2 0.0173 0.4171 25 0.3471
6 0.0161 0.1768 31 0.2196
8 0.0161 0.2548 20 0.2469

15 0.0167 0.7180 19 0.3934
11 0.0056 0.9788 4 0.1078

 

Figure 2. The distribution of population density and poverty for municipalities of the 2020 dataset.
Panel (a) shows results of clustering. Panel (b) shows clusters of interest.

In Figure 2a,b, the values on the x axis represent population density, the values on
the y axis represent population in poverty and the symbol + represents the centroid of
each cluster. The values of indicators are shown normalized in the interval from 0 to 1. In
panel (a), the centroids of the 20 clusters are represented by crosses, and the municipalities
included in this research are represented by dots. In the lower right corner, the clusters
with the largest population density and the lowest population in poverty are shown, while,
in the upper left corner, the cluster with the lowest population density and the largest
population in poverty is shown. In panel (b), only the clusters of interest are shown.
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Table 5 shows the values of the centroids of the so-called clusters of interest. The first
three rows are related to clusters with a high mortality rate, which are located in the north
of CDMX. The fourth row is related to the cluster with the lowest average mortality rate,
which is in the State of Chiapas.

Table 5. Clusters of interest.

Year Cluster Population
Density

Population in
Poverty

Average
Mortality Rate

Average Age at
Death

2019

10 0.9618 0.1371 153.8019 68.4934
3 0.9485 0.4343 108.4972 68.3355
7 0.7222 0.2560 115.9756 68.8533

11 0.0056 0.9786 36.8833 63.5742
10 0.9618 0.1371 210.8076 68.5474
3 0.9485 0.4343 181.6783 67.6134
7 0.7222 0.2560 210.9831 68.83842020

11 0.0056 0.9786 46.9043 64.0137
10 0.9618 0.1371 169.1083 69.0481
3 0.9485 0.4343 156.9382 68.8953
7 0.7222 0.2560 166.0642 69.52842021

11 0.0056 0.9786 62.4245 64.3385

2022

10 0.9618 0.1371 139.2098 70.0100
3 0.9485 0.4343 117.2857 70.3936
7 0.7222 0.2560 119.8149 70.7411

11 0.0056 0.9786 57.4546 63.2591

2023

10 0.9618 0.1371 127.6741 70.0408
3 0.9485 0.4343 105.5273 70.1341
7 0.7222 0.2560 103.2399 70.6185

11 0.0056 0.9786 59.3680 63.4612

Table 5 presents the information on clusters of interest and the changes that the
mortality rate has experienced over the years. The first column has the rows for the
years 2020 and 2001 highlighted in red to emphasize the span of the COVID-19 pandemic.
Clusters 10, 3, and 7 are the clusters with a high mortality rate located in the north of
CDMX. Additionally, the ages of people that died are 68 to 70 years old. Cluster 11 has
the smallest average age at death, which is located in Chiapas. Furthermore, the ages of
people that die are smaller: 63 to 64 years on average. Table 6 presents the names of the
municipalities that are members of each cluster.

Table 6. Municipalities of the groups of interest.

Cluster State Municipality
CDMX Iztacalco
CDMX Benito Juárez10
CDMX Cuauhtémoc
CDMX Iztapalapa

3 Estado de México Nezahualcóyotl
CDMX Azcapotzalco
CDMX Coyoacán
CDMX Gustavo A. Madero7

CDMX Venustiano Carranza
Chiapas Chamula
Chiapas Chilón
Chiapas Las Margaritas11

Chiapas Ocosingo
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Figure 3 shows the results of municipality clustering in a geospatial plot to facilitate
the interpretation of the clustering results.

 

Figure 3. The geospatial distribution of the municipalities of the clusters of interest. Panel (a) shows
the distribution of clusters. Panel (b) shows the members of the CDMX clusters. Panel (c) shows the
members of a cluster of Chiapas.

Figure 3 comprises three panels. Panel (a) shows a geospatial plot of the municipalities
of the clusters of interest; additionally, for the better interpretation of data, dots represent
municipal seats, and each colored space symbolizes the geographical area of each munic-
ipality. Panel (b) presents a zoomed-in view of panel (a) in the CDMX area. In this area,
there are three clusters whose elements are represented by colored dots. These clusters are
located in the north of the city and are contiguous or close to each other. In contrast, panel
(c) shows the cluster with the smallest mortality rates, which is located in Chiapas. This
cluster is located in Chiapas Hights, which is inhabited by Indigenous people and a region
with high poverty and marginalization in Mexico.

3.3. Analysis of the Results of Time Patterns of Clusters

This subsection presents the analysis of time patterns of clusters through the years.
Figure 4 shows the trend of mortality rate of the clusters of interest for the years 2019
to 2023.
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Figure 4. Trend of mortality rate of the clusters of interest.

Figure 4 shows the mortality values associated with each of the clusters of interest in
the time period from 2019–2023. It is observed that clusters with the highest mortality rates,
mainly located in CDMX, show a decreasing trend over time. In contrast, the cluster with
the lowest mortality rate, corresponding to the Chiapas Hights, shows an increasing trend
for the same indicator. Noteworthily, as they are clusters of interest, these trend results are
especially relevant. In the municipalities of CDMX, diabetes mortality has decreased over
the years in the study interval.

The area highlighted in red in Figure 4 represents the time period of the COVID-19
pandemic, which might be the reason for the decrease in the diabetes mortality rate of the
clusters in CDMX. In contrast, for the cluster of interest located in Chiapas, mortality shows
an increasing trend over the years, which suggests an increasing vulnerability in this region.
In the Chiapas region, there were less deaths by COVID-19, which was a possible cause
for the increase in diabetes mortality rate. Figure 5 shows the four main causes of death in
Mexico from 2019–2023.

Figure 5 shows the number of deaths by heart diseases, diabetes mellitus, COVID-19,
and malignant tumors. The COVID-19 pandemic started in 2020, and in the period of 2020–
2021, an increase in the number of deaths due to COVID-19 occurred, while the number of
deaths caused by diabetes decreased. Similar trends are observed for the causes of death
due to heart diseases. However, for deaths due to malignant tumors, a slight increase was
noted. The behavior of diabetes mortality rate in the entire Mexico (2478 municipalities)
was compared to that of the selected 234 municipalities. Figure 6 shows the trends of both
of these diabetes mortality rates.
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Figure 5. Trend of the four main causes of death in Mexico.

Figure 6. Trends of mortality rates in the entire Mexico and in the 234 municipalities studied.

It is evident from Figure 6 that the trends for both mortality rates are similar. The
mortality rate for the 234 municipalities is larger than the nationwide mortality rate in the
years 2019–2020. However, from 2021, the mortality of the 234 municipalities is smaller
than that of the entire nation.

3.4. Discussion

The analysis of population databases with an epidemiological approach is complex,
and the number of investigations performed in Mexico has been limited [14,20,22,23].

This problem has several dimensions. One of these dimensions is the ingress to other
databases for accessing complementary information on populations, for example, census
data. Another one dimension is accessing databases on the geographical and statistical
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information of entities or subdivisions of a country, for knowing information such as the
average income of inhabitants or territorial area. Additionally, it is necessary that the data
from different sources cover the same time period for the new generated knowledge to
be valid. Another dimension involves the computational tools and methodologies used
for the analysis. As previously mentioned, in this research, we applied machine learning
techniques and a data science methodology.

The rest of this subsection contrasts the results of this research with those of other
works on the following aspects: (1) cluster granularity, (2) the key parameters or variables
used for clustering, and (3) the results and patterns of clustering.

Concerning granularity, in this research, clusters were defined as groups of munici-
palities with similar values in two sociodemographic indices. This approach provided a
possible advantage over other investigations and permitted the identification of the risk
patterns related to diabetes mortality with greater precision by considering structural fac-
tors, which are common to municipalities, beyond their geographical positions. In contrast,
in other investigations, clusters are predefined as regions constituted by municipalities
or states of a nation. For example, in reference [20], the authors divided Mexico into
northern, central–western, central, and south–southeastern regions; in [23], the nation was
divided into Baja California, northern Mexico, Bajio (region in central–western Mexico),
Pacific coast, central Mexico, and the Yucatan peninsula; in [22], the individual states were
considered for clustering; in [14], two clusters were considered, i.e., one of CDMX and the
other of the State of Mexico. In investigations from other countries, clustering is performed
according to different parameters [27–32].

Concerning variables, the reviewed literature shows a large diversity in the analysis
of mortality and prevalence of diabetes as well as the characterization of social and spatial
inequalities. In Mexico [14,20,22,23], the authors mainly used sociodemographic variables
such as age, sex, educational level, and socioeconomical level as well as public health and
clinical indicators such as body mass index (BMI), hypertension, glucose level, comor-
bidities, and excess mortality. Additionally, contextual and spatial factors were included,
among which municipal marginalization, urbanization, and regional inequalities were the
prominent ones.

At the international level, the investigations in [24–27] included variables related
to race/ethnicity, economic income, life habits, diet, and physical activity, which allows
a deeper analysis of disparities in diabetes prevalence. In Latin America [28–30] and
Asia [31–33], spatial and socio-environmental indicators, such as urbanization, characteris-
tics of the built environment, poverty, environment contamination, and access to health
services, were integrated.

In contrast, in this research, only two variables were defined, i.e., percentage of
population in poverty and population density as crucial for applying the FCM clustering
algorithm. This methodological decision allowed us to clearly and precisely determine
the municipalities with a higher diabetes mortality while avoiding information overload.
Noteworthily, incorporating a larger number of variables might enrich the analysis, but it
also increases the complexity of the result interpretation, since the interaction of multiple
sociodemographic, clinical, and spatial factors tends to generate patterns that are more
difficult to discover. Therefore, the focalized use of a small number of relevant variables
guarantees an equilibrium between model robustness and the analytical clarity necessary
for guiding decision making in public health.

Regarding the obtained results, previous findings show a significant spatial variability
in diabetes mortality in Mexico. In [8], for the interval 2000–2010, the highest mortality
rates were concentrated in the central and north regions of Mexico, with minimal rates in
Quintana Roo, Chiapas, and Baja California Sur; however, these values do not reflect the
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recent changes in the geographic distribution of the disease. In [10], the increase in mortality
occurred mainly in the southeast and east coast because of social underdevelopment, more
hospitalization by COVID-19, and high prevalence of HbA1c levels of ≥7.5%. Additionally,
in [12], a significant territorial heterogeneity was detected with a high mortality risk in
central Mexico, the Yucatan peninsula, and southern Mexico (Oaxaca and Chiapas), which
are related to a low education level, food insecurity, marginalization, and a protecting effect
associated with a higher GDP per capita.

In contrast, this research found that eight municipalities in CDMX and one in the State
of Mexico concentrate the highest mortality rates, though with a decreasing trend, and the
cluster with the lowest mortality, located in Chiapas, has a low population density, adverse
socioeconomic conditions, and an increasing trend of mortality rate in the analyzed period.
This set of evidence reinforces the necessity of using up-to-date space temporal analyses
for finding the recent changes in risk patterns and guiding focalized interventions that
consider the socioeconomic and territorial dimensions of the disease.

As a result of this investigation, two key socioeconomic indicators are significant
contributions for carrying out the clustering of diabetes mortality at the municipality level.
One of these indicators is the municipal population density, and the other indicator is
population in poverty at the municipality level. Noteworthily, the population density
indicator showed a high correlation with the mortality rate at the municipality level.
Such indicator has not been reported in other investigations on this subject, as far as the
authors are aware. The indicator of population in poverty has been included in several
investigations, frequently with different names or variants such as low income [28,30],
economic troubles [25], low socioeconomic status [24], and GDP per capita [29,33].

In this research, as a result of clustering based on the two aforementioned indicators,
three clusters located in the north of CDMX were found, which have high mortality rates,
very high population densities, and very low levels of population in poverty. In other
words, the higher the population income and density, the higher the mortality. Other
investigations have arrived at very similar results, for example, references [29,32,33]; in
particular, in [33], the authors suggest that this pattern occurs in countries or regions with
medium-developed and developing areas. In contrast, other investigations have found that
the higher the population income, the lower the mortality rate according to [24,25,28,30].
There is no agreement about the correlation between population income and mortality rates,
thus showing the need for carrying out more complete future work that allows a better
explanation of the relationship between these factors. It is foreseeable that, in order to get a
better understanding of the problem, it will be necessary to include additional indicators.

Finally, we consider that the results of this study suggest that an intervention by public
health authorities, focused on diabetes care in the northern area of Mexico City, would
represent an important contribution to addressing diabetes due to its impact on a densely
populated region of Mexico.

4. Conclusions
In this investigation, through the use of machine learning and data science, it is shown

that it is possible to find regions with high or low rates of diabetes mortality as well as their
trends in an interval of time. All data were obtained from official Mexican governmental
sources. The main databases used were death records 2019–2023, population and housing
census 2020, poverty indicators 2020, and municipal information records, which were
the basis for integrating the data warehouse used by the fuzzy c-means algorithm. One
of the challenges faced by this research was the selection of the attributes to be used
by the clustering algorithm; therefore, several combinations of socioeconomic variables
were tested, and the best results were obtained with the poverty indicator and population
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density at the municipal level. For this study, in order to avoid bias, only municipalities
with populations greater than one hundred thousand people were included.

Through this investigation, we found that there is a high direct correlation between
mortality rate and population density and an inverse correlation between mortality rate and
the percentage of the population in poverty. An unexpected finding was that three regions of
municipalities in the north of CDMX with very low percentages of the population in poverty
had the highest mortality rates in Mexico; however, they exhibited a decreasing trend in
their mortality rates in the interval from 2019–2023. The cluster with the lowest mortality
rate was located in Chiapas, which had low population density and high poverty indicator;
however, an increasing trend for its mortality rate was observed. Finally, we consider that
the findings of this investigation can be beneficial for decision making by public health
authorities regarding budget expenditure and the implementation of programs for the
prevention and treatment of diabetes.
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