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Abstract

Crime prediction and territorial analysis have become increasingly relevant for public security plan-
ning, particularly in regions characterized by heterogeneous spatial and temporal crime dynamics.
This study proposes an integrated methodological framework that combines spatial clustering and
supervised machine learning to support territorial segmentation and short-term crime occurrence
prediction in the state of Tamaulipas, Mexico. The proposed approach follows the Knowledge Discov-
ery in Databases (KDD) process and is based on official crime records analyzed at the neighborhood
(colonia) level across eleven municipalities. In the first stage, a K-Means clustering algorithm is
applied to identify homogeneous territorial patterns based on crime incidence and sociodemographic
characteristics. In the second stage, an AdaBoost classifier is implemented to predict the occurrence
of crime events using different temporal windows. Model performance is evaluated using precision,
recall, F1-score, and accuracy, with particular emphasis on recall due to the operational relevance of
minimizing false negatives in public security contexts. The results indicate that the combined spatial
and predictive approach supports the understanding of territorial crime dynamics and provides stable
predictive performance across municipalities. This integration offers a practical and replicable frame-
work to support data-driven decision-making in public security and territorial planning, particularly
in contexts with limited analytical resources.

Keywords: crime analysis; territorial segmentation; spatial clustering; AdaBoost; short-term crime
prediction; public security; Tamaulipas

1. Introduction
Crime represents one of the most pressing challenges for public security and social development,

particularly in urban contexts characterized by strong territorial heterogeneity and dynamic temporal
patterns. In Mexico, criminal activity remains at high levels and exhibits pronounced spatial differences
across regions and municipalities, complicating the implementation of uniform prevention strategies.
In this context, the increasing availability of administrative crime data has created opportunities to
develop evidence-based analytical approaches to support decision-making in public security.

Traditionally, crime analysis has relied on descriptive statistical methods and explanatory models
focused on socioeconomic variables. While these approaches have contributed to understanding
structural factors associated with criminal activity, their capacity to capture complex, dynamic, and
non-linear patterns is limited. In contrast, machine learning techniques have demonstrated substantial
potential for analyzing large, heterogeneous datasets, uncovering latent regularities, and generating
predictive estimates in complex environments.

Recent literature identifies two dominant methodological perspectives in data-driven crime
analysis. On the one hand, territorial segmentation approaches, commonly implemented through
unsupervised clustering techniques, enable the spatial characterization of areas with similar crime
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profiles and support territorial diagnostics. On the other hand, supervised machine learning models
have been widely applied to predict the occurrence of crime events over short-term temporal horizons,
emphasizing operational anticipation. However, these approaches are often developed independently,
limiting a comprehensive understanding of crime dynamics.

This study proposes an analytical framework that integrates both perspectives in a complementary
manner, while maintaining a clear conceptual and methodological separation between descriptive
spatial analysis and temporal prediction. The methodology follows the Knowledge Discovery in
Databases (KDD) process and is based on official crime records from eleven municipalities in the state
of Tamaulipas, Mexico, covering the period from 2017 to 2023.

In the first stage, the K-Means clustering algorithm is applied to segment neighborhoods within
each municipality based on crime incidence and socioeconomic characteristics, with the aim of identi-
fying homogeneous territorial patterns. In the second stage, independently of the clustering process, a
supervised predictive model based on AdaBoost is implemented to estimate the probability of at least
one crime event occurring within 1-, 7-, and 15-day time windows, using temporal and cumulative
features derived from historical records.

The main contribution of this work lies in the articulation of a dual analytical approach that
combines territorial segmentation and temporal prediction as complementary components, without im-
posing methodological dependence between them. This design enables the generation of interpretable
insights for both spatial crime diagnosis and short-term operational anticipation, offering a replicable
framework applicable to territorially heterogeneous contexts with limited analytical resources. The
results show consistent territorial segmentation and stable predictive performance, supporting the
relevance of the proposed approach for public security planning and crime prevention strategies.

2. Related Work
Recent literature on data-driven crime analysis can be broadly grouped into two main research

lines: territorial segmentation approaches based on unsupervised learning techniques and supervised
predictive models aimed at anticipating crime events.

In the first line, several studies have employed clustering algorithms, particularly K-Means, to
spatially characterize criminal activity and classify regions or territorial units according to crime
incidence. Works such as those by [1–3] demonstrate the usefulness of unsupervised clustering for
identifying spatial patterns and grouping areas with similar crime profiles. Complementarily, [4,6]
apply K-Means to segment urban areas and analyze specific crime types, highlighting the descriptive
value of clustering techniques for territorial diagnostics.

Other studies have proposed variations or optimizations of the K-Means algorithm to improve
clustering quality. For instance, [5] introduce an optimized K-Means approach for crime analysis and
prediction. In the Latin American context, [7] present an exploratory analysis supported by machine
learning techniques to characterize cybercrime, illustrating the potential of these methods in regions
with high territorial heterogeneity.

A second research line focuses on the use of supervised machine learning models for crime
prediction. Recent systematic reviews report a growing interest in algorithms such as decision trees,
neural networks, ensemble methods, and boosting techniques to anticipate crime occurrence over
different temporal horizons [8,9]. These studies emphasize the ability of supervised models to handle
large datasets and capture complex, non-linear relationships.

Within this line, AdaBoost has been identified as a competitive approach for crime-related
classification tasks, particularly in contexts characterized by class imbalance. [10] demonstrate the
performance of a Naïve Bayes–AdaBoost ensemble for classifying sexual crimes, while other studies
report favorable results using machine learning techniques for crime prediction and forecasting [11–13].

Despite these advances, most existing studies tend to develop territorial segmentation or pre-
dictive modeling approaches in isolation. Clustering-based works primarily focus on spatial char-
acterization and descriptive analysis, without explicitly addressing short-term crime anticipation.
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Conversely, predictive studies often operate on aggregated spatial units, without incorporating an
explicit territorial diagnostic to contextualize their results.

In this context, a methodological gap persists in the development of approaches that combine
territorial segmentation and temporal crime prediction in a complementary manner, while maintaining
a clear conceptual separation between both components. The present study addresses this gap by
proposing a dual analytical framework that integrates unsupervised clustering and supervised machine
learning within the KDD process, offering a coherent and replicable approach for crime analysis and
anticipation in territorially heterogeneous contexts.

3. Study Area and Data
The study area corresponds to the state of Tamaulipas, located in northeastern Mexico, a region

characterized by pronounced territorial heterogeneity in terms of urbanization, economic dynamics,
and crime patterns. For analytical purposes, this study focuses on eleven municipalities within the
state, which concentrate the complete and consistent availability of crime records throughout the
period of analysis. These municipalities include border areas, metropolitan regions, and semi-urban
zones, allowing the capture of a wide range of territorial contexts.

The spatial unit of analysis adopted in this study is the neighborhood (colonia), considered a rele-
vant intra-urban scale for crime analysis. This level of spatial disaggregation enables the identification
of fine-grained spatial variations that are often obscured when using more aggregated administrative
units. The selection of this unit is driven both by the availability of official data and its operational
relevance for public security planning.

Crime data were obtained from official sources, specifically from the Executive Secretariat of the
State Public Security System (SESESP) through its State Information Center. The dataset documents
criminal incidents occurring between 2017 and 2023 and includes information on the event date,
municipality, neighborhood, crime type, and the number of recorded occurrences. In total, the dataset
comprises 48,768 records corresponding to multiple categories of criminal activity.

In addition, for the purpose of territorial segmentation, socioeconomic variables at the neighbor-
hood level were incorporated from official statistical sources. These variables provide a structural
context for crime incidence and include demographic and socioeconomic indicators commonly used
in territorial studies. All socioeconomic data were spatially harmonized to ensure consistency with the
crime records at the neighborhood level.

It is important to note that, although both datasets share the same spatial unit, their use within
the study serves distinct analytical purposes. Socioeconomic variables are employed exclusively in
the territorial segmentation model based on clustering techniques, whereas the supervised predictive
model is constructed solely from temporal and cumulative features derived from historical crime
records. This separation preserves methodological coherence between both approaches and avoids
unnecessary analytical dependencies.

Prior to analysis, the data were subjected to cleaning and standardization procedures to ensure
consistency and comparability. These processes include the removal of non-assignable records, the
normalization of neighborhood names, and the consolidation of temporal variables. A detailed
description of these procedures is provided in the Methodology section.

Table 1 summarizes the main types of variables used in the study and their analytical role within
each modeling component.
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Table 1. Summary of variables used in the study

Variable type Description Model usage
Crime frequency Total crime events per neighborhood Clustering
Socioeconomic indicators Demographic and socioeconomic attributes Clustering
Day of week Temporal categorical variable Prediction
Month Temporal categorical variable Prediction
Season Temporal categorical variable Prediction
Lagged crime counts Crimes in previous periods (7, 15, 30 days) Prediction
Cumulative crime measures Historical crime intensity indicators Prediction

4. Methodology
The methodological design of this study follows the Knowledge Discovery in Databases (KDD)

framework, which provides a structured and iterative process for transforming raw data into actionable
knowledge. Within this framework, the proposed approach integrates two complementary analytical
components: territorial segmentation through unsupervised learning and short-term crime prediction
through supervised classification. The complete workflow is summarized in Figure 1.

DATA SOURCES

Official Crime Records (2017?2023)
Socioeconomic Indicators (Neighborhood level)

 DATA INTEGRATION AND PREPROCESSING 

- Data cleaning
- Spatial harmonization
- Feature construction

DATASET READY

TERRITORIAL 
SEGMENTATION 

(UNSUPERVISED)

K-Means Clustering
- Crime frequency
- Socioeconomic 

variables

SHORT-TERM CRIME 
PREDICTION 

(SUPERVISED)

AdaBoost Classification
- Temporal features
- Cumulative features

SPATIAL CRIME 
PROFILES

- Homogeneous 
territorial groups

- Descriptive spatial 
analysis

CRIME OCCURRENCE 
ESTIMATION

- Prediction windows (1, 
7, 15 days)

- Probabilistic risk 
outputs

TERRITORIAL 
DIAGNOSTIC

- Exploratory 
interpretation

- Spatial interpretation

PREDICTIVE 
PERFORMANCE

- Recall
- F1-Score
- AUC

Figure 1. Methodological workflow illustrating the dual analytical approach based on territorial segmentation
and supervised crime prediction.

4.1. Data Integration and Preprocessing

The analysis begins with the integration of official crime records and contextual information at
the colonia level. Crime data were obtained from administrative records compiled by public security
institutions, while contextual variables were derived from official statistical sources. Both datasets
were spatially harmonized to ensure consistency in geographic identifiers.

Preprocessing procedures included the elimination of duplicate and non-assignable records,
standardization of colonia names, and removal of special characters to ensure compatibility across
sources. Records corresponding to crime categories with incomplete temporal coverage were excluded
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to preserve the consistency of the analytical period. A unified date variable was constructed from year,
month, and day fields to support subsequent feature engineering.

4.2. Feature Engineering

To enhance the predictive capacity of the models, a set of temporal, spatial, and cumulative
features was derived from the crime records. Temporal attributes include the day of the week, month
of the year, season, and week of the year. In addition, cumulative and lag-based indicators were
constructed to capture recent crime dynamics within each colonia, such as the number of events
observed in the previous 7, 15, and 30 days.

Contextual features include the type of urban settlement associated with each colonia and aggre-
gate indicators reflecting the historical volume of crime. Together, these variables provide a structured
representation of both short-term dynamics and longer-term crime intensity at the territorial level.

4.3. Spatial Segmentation Through Clustering

Territorial segmentation was performed using an unsupervised clustering approach to identify
groups of colonias with similar crime-related characteristics. Clustering was conducted using the
K-Means algorithm, selected for its efficiency and suitability for partitioning large spatial datasets.
Prior to clustering, numerical variables were normalized to avoid scale effects.

Similarity between observations was measured using the Euclidean distance. Given two observa-
tions xi and xj described by p numerical attributes, the Euclidean distance is defined as:

d(xi, xj) =

√√√√ p

∑
k=1

(xik − xjk)2. (1)

The optimal number of clusters was determined using internal validation criteria, including the
elbow method and the Davies–Bouldin index. The resulting clusters define a territorial typology
that supports exploratory analysis and spatial interpretation. Importantly, cluster assignments were
used exclusively for descriptive purposes and were not incorporated as predictors in the supervised
classification models, ensuring a clear conceptual separation between segmentation and prediction.

4.4. Construction of Prospective Target Variables

Crime prediction was formulated as a binary classification problem. For each colonia and reference
date, three prospective target variables were defined to indicate the occurrence or non-occurrence of
at least one crime event within future time windows of 1 day, 7 days, and 15 days. This formulation
enables short-term crime anticipation without relying on explicit time-series modeling, focusing
instead on window-based event occurrence.

Table 2 presents the definition of the prediction windows used in the supervised classification
task.

Table 2. Definition of prediction windows

Window Prediction horizon Target definition
Short-term 1 day Crime occurrence within next 24 hours
Medium-term 7 days Crime occurrence within next 7 days
Extended-term 15 days Crime occurrence within next 15 days

Formally, for each neighborhood and reference time t, the target variable yt is defined as:

yt =

1, if at least one crime event occurs in (t, t + ∆t],

0, otherwise,
(2)

where ∆t ∈ {1, 7, 15} days represents the prediction window.
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4.5. Supervised Classification and Class Imbalance Handling

Supervised learning was implemented using the AdaBoost ensemble algorithm. AdaBoost itera-
tively combines weak learners and emphasizes misclassified observations, making it well suited for het-
erogeneous and imbalanced crime datasets. Separate models were trained for each temporal horizon.

To address class imbalance, the Synthetic Minority Over-sampling Technique (SMOTE) was
applied to the training data, generating synthetic instances of the minority class and improving the
model’s ability to learn patterns associated with rare events. Numerical variables were scaled using a
robust normalization strategy based on the median and interquartile range, while categorical variables
were encoded using one-hot encoding.

4.6. Model Training and Evaluation

Model performance was evaluated using a stratified data partitioning strategy, with 80% of the
data used for training and 20% reserved for testing. Stratified k-fold cross-validation was applied
during hyperparameter tuning to preserve class proportions across folds. Hyperparameters were
optimized through grid search.

Evaluation metrics included accuracy, precision, recall, F1-score, and the area under the ROC
curve (AUC). Given the operational relevance of crime anticipation, particular emphasis was placed
on recall to minimize false negatives. Performance was assessed independently for each temporal
horizon, allowing comparison of predictive behavior across short-term windows.

Given the operational relevance of minimizing undetected crime events, recall was prioritized as
a key evaluation metric. Recall is defined as:

Recall =
TP

TP + FN
, (3)

where TP denotes true positives and FN false negatives.

5. Results
This section presents the results obtained from the two analytical components of the proposed

framework: territorial segmentation using unsupervised clustering and short-term crime prediction
using supervised machine learning. Results are reported using the best-performing configurations
previously validated in independent studies and are organized according to each analytical component.

5.1. Territorial Segmentation Results

Territorial segmentation was conducted using the K-Means algorithm, enabling the identification
of homogeneous neighborhood groups based on crime incidence and socioeconomic characteristics.
Clustering was performed independently for each municipality to capture localized spatial dynamics
and avoid imposing a uniform clustering structure across the state.

Cluster quality was evaluated using the Davies–Bouldin index, which measures intra-cluster dis-
persion relative to inter-cluster separation. Across the eleven municipalities analyzed, Davies–Bouldin
values ranged from 0.371 to 0.856, indicating moderate to good cluster separation depending on local
conditions. Lower values were observed in municipalities such as Valle Hermoso and San Fernando,
suggesting more compact and well-separated clusters, whereas higher values in municipalities such as
Reynosa reflect more complex or heterogeneous territorial crime patterns.

Table 3 summarizes the optimal number of clusters selected for each municipality and the
corresponding Davies–Bouldin index.
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Table 3. Territorial clustering results by municipality

Municipality Optimal clusters (k) Davies–Bouldin
Altamira 6 0.760
Ciudad Madero 5 0.768
El Mante 6 0.598
Matamoros 9 0.509
Nuevo Laredo 7 0.731
Reynosa 6 0.856
Río Bravo 7 0.769
San Fernando 6 0.508
Tampico 6 0.805
Valle Hermoso 6 0.371
Ciudad Victoria 6 0.621

The resulting clusters provide an interpretable territorial diagnostic by revealing distinct spatial
patterns of criminal activity. In several municipalities, a limited number of neighborhoods concentrate a
disproportionately high number of crime events, while other clusters exhibit consistently low incidence
levels despite adverse socioeconomic conditions. These results highlight the usefulness of territorial
segmentation as a tool for spatial crime diagnosis and localized analysis.

5.2. Predictive Performance Results

For the predictive component, supervised classifiers based on the AdaBoost algorithm were
trained to estimate the occurrence of crime events within short-term temporal windows. Model perfor-
mance was evaluated using unseen test data and summarized through standard classification metrics.

Overall, the predictive model exhibited stable and balanced performance. The average accuracy
reached 0.77, while precision and recall values were 0.84 and 0.77, respectively. The resulting F1-score
was 0.79, indicating an adequate balance between sensitivity and precision. In addition, the average
area under the ROC curve (AUC) was 0.77, reflecting satisfactory discriminative capacity across
municipalities and temporal windows.

Table 4 summarizes the global predictive performance of the AdaBoost model.

Table 4. Global predictive performance of the AdaBoost model

Metric Average value
Accuracy 0.77
Precision 0.84
Recall 0.77
F1-score 0.79
AUC 0.77

The prioritization of recall contributed to reducing the proportion of false negatives, which is
critical in public security contexts where failing to anticipate a crime event may have significant
operational consequences. Despite variability across municipalities with different crime volumes, the
model maintained consistent performance without abrupt degradation, supporting its applicability for
short-term crime anticipation in territorially heterogeneous settings.

6. Discussion
The results obtained confirm the usefulness of addressing crime analysis through a dual per-

spective that combines territorial segmentation and temporal prediction while maintaining a clear
conceptual separation between both components. Clustering-based segmentation revealed differenti-
ated spatial patterns across municipalities, reflecting the territorial heterogeneity of crime dynamics in
the state of Tamaulipas. The observed variability in Davies–Bouldin index values indicates that the
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spatial structure of crime is not uniform and is strongly influenced by local conditions, supporting the
relevance of intra-urban scale analysis.

From a territorial perspective, the identified clusters show that criminal activity tends to concen-
trate in a limited number of neighborhoods within each municipality, while extensive areas exhibit
consistently low incidence levels. This pattern is consistent with findings reported in spatial crim-
inology studies and supports the use of unsupervised clustering as a diagnostic tool for territorial
analysis. Rather than providing causal explanations, the resulting spatial profiles offer a descriptive
foundation that facilitates exploratory analysis and supports differentiated decision-making in public
security contexts.

For illustrative purposes, a representative clustering configuration can be highlighted. In the
case of San Fernando, where the Davies–Bouldin index indicated favorable cluster separation, the
K-Means algorithm differentiated a small and spatially compact cluster characterized by high crime
concentration from several clusters exhibiting consistently low incidence levels. The high-incidence
cluster was clearly distinguishable, while low-incidence clusters displayed more dispersed patterns
across the urban space. This example illustrates how territorial segmentation can reveal localized
crime dynamics and enhance interpretability without introducing causal assumptions or additional
quantitative complexity.

Regarding the predictive component, the stable performance of the AdaBoost model confirms the
feasibility of applying supervised machine learning techniques for short-term crime anticipation. The
observed recall and AUC values indicate that the model effectively discriminates between scenarios
with and without crime occurrence, even under conditions of class imbalance and spatial heterogeneity.
The relatively stronger performance observed for intermediate and extended temporal windows
suggests that crime risk prediction benefits from incorporating recent historical information rather
than relying exclusively on immediate signals.

A key methodological decision in the proposed framework is the explicit separation between
territorial segmentation and predictive modeling. Cluster labels were not incorporated as explana-
tory variables in the supervised model, avoiding potential issues related to spatial dependence and
overfitting. This design allows each analytical component to serve a distinct purpose: spatial segmen-
tation enhances contextual understanding and interpretability, while supervised prediction focuses on
operational anticipation of crime events.

Despite these strengths, several limitations should be acknowledged. First, the results depend on
the quality and consistency of administrative crime records, which may be affected by underreporting
or changes in data collection practices. Second, the use of internal validation metrics for clustering
constrains direct comparison with alternative approaches based on external validation. Finally, the
predictive model focuses on the occurrence of crime events rather than their severity or specific
typologies, which represents a potential avenue for future research.

Overall, the findings support the relevance of a complementary analytical framework that inte-
grates unsupervised and supervised learning techniques. By balancing spatial interpretability and
predictive capability, the proposed approach offers a flexible and replicable solution for crime analysis
and short-term anticipation in territorially heterogeneous contexts.

7. Conclusions and Future Work
This study proposed a dual analytical framework for crime analysis that integrates territorial

segmentation through unsupervised learning and short-term crime prediction using supervised
machine learning. Unlike approaches that address these tasks in isolation or combine them into
a single analytical pipeline, the proposed design maintains a clear conceptual and methodological
separation between both components, allowing each to serve a distinct analytical purpose.

Clustering-based territorial segmentation enabled the identification of differentiated spatial
patterns at the neighborhood level across the analyzed municipalities, highlighting the territorial
heterogeneity of crime dynamics. The use of the Davies–Bouldin index revealed that clustering quality
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varies depending on local conditions, reinforcing the relevance of conducting analysis at intra-urban
scales. These findings confirm the value of unsupervised clustering as a descriptive tool for spatial
crime diagnosis.

The predictive component based on the AdaBoost algorithm demonstrated stable and consistent
performance in anticipating crime events over short-term temporal horizons. The prioritization of
recall contributed to reducing the proportion of false negatives, which is particularly important in
public security applications. Results suggest that crime risk prediction benefits from incorporating
recent historical information, especially when using intermediate and extended prediction windows.

Overall, the proposed framework offers a flexible and replicable approach that balances territorial
interpretability and predictive capability. Its modular design facilitates adaptation to different urban
contexts and data availability scenarios, making it especially relevant for settings with limited analytical
resources. Future research directions include the incorporation of additional spatial variables, the
exploration of external validation approaches for territorial segmentation, and the extension of the
predictive model toward estimating crime severity or specific offense typologies.
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