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Abstract.  The increase in urban crime has promoted 

the use of Machine Learning as a predictive approach to 
support crime prevention and decision-making in public 
safety. This systematic review aimed to analyze the 
application of Machine Learning in Crime Prediction by 
identifying technologies, application areas, editorial 
quality, conceptual foundations, and predominant 
thematic categories. The Kitchenham and Charters 
methodology was followed through searches in Scopus, 
IEEE Xplore, Web of Science, EBSCOhost, and 
ScienceDirect, with the search closed on July 12, 2025. 
After applying exclusion criteria and quality assessment, 
a final corpus of 60 papers was consolidated, and its 
data were organized and synthesized quantitatively and 
critically. The results show that Python was the 
predominant language, used in 75% of the studies, while 
applications were mainly concentrated in transportation, 
mental health, and public safety. Likewise, publications 
in Q1 and Q2 journals predominated, evidencing a 
corpus with adequate scientific visibility. Conceptually, 
Machine Learning was mainly defined from a technical 
perspective, focused on algorithms and computational 

models. Finally, Cybercrime Forensics and Forensic 
Analytics emerged as motor themes, although several 
frequent lines still require greater theoretical and 
methodological consolidation. 

Keywords. Deep learning, public safety, predictive 

model, crime prevention, bibliometric review. 

1 Introduction 

The increase in crime has motivated the use of 
Machine Learning (ML) to make crime predictions 
and improve public safety strategies, establishing 
a shift from reactive approaches to proactive data-
driven models. The relevance of this area lies in its 
potential to reduce crime and optimize the 
allocation of police resources; however, 
knowledge remains fragmented: there is no 
consensus on the most effective algorithms, 
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results are often difficult to generalize, and 
multidisciplinary approaches that integrate social 
and technical perspectives are still lacking. Recent 
literature shows that Machine Learning-based 
Crime Prediction has focused, first, on improving 
the identification of critical areas, the allocation of 
police resources, and the anticipation of criminal 
patterns through preprocessing techniques, data 
mining, supervised learning, and feature selection, 
with high-accuracy results in contexts such as heat 
maps, criminal case analysis, and crime 
classification [1-3]. Likewise, the authors [4, 10, 
11], in studies on urban crime and transfer 
learning, show that deep architectures, including 
deep neural networks, Bi-LSTM, and hybrid 
models, make it possible to capture complex 
patterns in large volumes of data, improving 
forecast quality compared with traditional 
approaches. 

Complementarily, studies [5, 8, 9] compare and 
optimize predictive models such as LightGBM, 
Random Forest, linear regression, SVR, and 
hybrid algorithms, showing that model 
performance depends both on the nature of crime 
data and on the algorithm's capacity to handle 
nonlinear relationships, imbalanced data, and 
highly variable scenarios. Along the same lines, 
the authors [6, 7] demonstrate that model 
effectiveness depends not only on the selected 
algorithm, but also on its adaptation to the social, 
geographic, climatic, linguistic, or digital context, 
especially when limitations related to imbalanced 
data, low-resource languages, or particular 
territorial conditions exist. 

 Moreover, studies [12, 13, 18] emphasize that 
incorporating spatial, visual, contextual, and urban 
mobility data broadens the explanatory and 
predictive capacity of models by integrating 
information from geographic systems, urban 
images, police records, demographic data, and 
dynamic transportation flows. Continuing this 
perspective, the authors [14,1 5] propose deep 
spatiotemporal architectures, such as 3D 
convolutional networks and CLSTM-NN models, 
which allow the temporal and territorial complexity 
of crime to be modeled, strengthening the 
prediction of criminal events in cities with a high 
density of historical information. Notwithstanding 
these advances, studies [16, 17, 19] warn that 
crime prediction faces relevant challenges in 

intermediate cities, small areas, or data-scarce 
environments; therefore, graph-based 
approaches, heterogeneous information networks, 
and transferable models are strategic for improving 
territorial generalization. In turn, the authors [21-
23], in studies focused on interpretable models, 
spatial analysis, and explainable artificial 
intelligence, show that the combination of 
XGBoost, SHAP, Max-p, and urban variables not 
only improves predictive accuracy, but also 
identifies explanatory factors associated with the 
built environment, land use, and the optimal 
location of surveillance devices. Finally, studies 
[20, 24, 25] extend the scope of crime prediction 
toward operational and digital scenarios by 
integrating criminology, computer vision, 
cybersecurity, public data, and balancing 
techniques such as SMOTE; together, these 
contributions show that the field is moving toward 
more robust, explainable, and adaptable models, 
although limitations remain regarding data 
availability, scalability, algorithmic fairness, and 
transfer to diverse geographic contexts.  

Recent reviews show that Machine Learning 
approaches applied to crime and cybercrime 
prediction rely mainly on supervised models and 
traditional predictive techniques, such as random 
forest, support vector machine, logistic regression, 
and other classifiers, which have shown high levels 
of performance in cybercrime, video surveillance, 
and crime prediction contexts [62, 63, 66]. 
Likewise, the authors [74, 65, 69], in studies 
focused on video surveillance, artificial 
intelligence, and crime prediction, emphasize that 
Deep Learning architectures, together with 
technologies such as computer vision, the Internet 
of Things, edge computing, CNNs, LSTMs, GANs, 
and GNNs, are expanding automated analysis 
capacity, although limitations related to reliability, 
social acceptance, interpretability, and real-time 
data integration still persist.  

Complementarily, studies [68, 71, 78] show that 
the field has evolved toward broader bibliometric 
and systematic approaches aimed at identifying 
trends, collaboration networks, thematic clusters, 
applied AI methods, and methodological 
challenges, including dependence on labeled data 
and the need to support police, scientific, and 
institutional decisions. In an applied line, studies 
[69, 75, 78] show that the use of Machine Learning 
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goes beyond urban crime prediction and extends 
to domains such as credit risk, crime prevention, 
and data-driven decision-making, confirming its 
potential to optimize processes, strengthen safety, 
and guide future research in real-world scenarios. 
Overall, the reviews analyzed confirm that the field 
is moving toward more sophisticated, hybrid, and 
explainable models; however, it still needs to 
overcome challenges related to data quality, the 
availability of labeled information, algorithmic 
transparency, empirical validation, and the transfer 
of models to different geographic, institutional, and 
operational contexts [65, 69, 78]. 

Although the literature shows relevant 
advances in the use of Machine Learning for Crime 
Prediction, knowledge remains fragmented in 
technical, methodological, and contextual terms. 
There is still insufficient consensus on which 
algorithms, languages, techniques, or predictive 
approaches provide better results according to the 
type of crime, data quality, territorial scale, or 
application context. In addition, many studies 
report high accuracy but present limitations in 
generalizing their findings to other urban, rural, or 
institutional environments.  

Gaps also persist regarding interpretability, 
transparency, reliability, data availability, and 
social acceptance of models, especially when they 
may influence sensitive public safety decisions. 
This research is justified by the need to 
systematize and integrate scientific evidence on 
Machine Learning applied to Crime Prediction, 
considering its technical, bibliometric, conceptual, 
and thematic dimensions. Unlike reviews focused 
only on algorithms or specific applications, this 
study makes it possible to identify programming 
languages, application areas, quartile levels, 
theoretical foundations, and predominant thematic 
categories. Consequently, it provides a 
comprehensive view of the field, facilitates the 
identification of trends and gaps, and offers a 
rigorous basis for guiding future research and 
applications in public safety, urban management, 
cybersecurity, and data-driven decision-making. 

The objective of this systematic review is to 
analyze the effectiveness and accuracy of Machine 
Learning applications aimed at Crime Prediction, 
based on previous scientific studies. The paper is 
organized as follows: Section 2 presents the 
theoretical Background; Section 3 describes the 

review method, including research questions, 
sources, search strategies, exclusion criteria, 
PRISMA selection, quality assessment, data 
extraction, and synthesis of findings; Section 4 
presents the results and discussion; and Section 5 
develops the conclusions and future lines 
of research. 

2 Background 

This section presents the background of Machine 
Learning and Crime Prediction based on all the 
studies analyzed for this systematic 
literature review. 

2.1 Machine Learning 

Machine Learning comprises a set of artificial 
intelligence techniques that use algorithms to 
analyze data, identify complex patterns, including 
spatiotemporal trends, and build predictive 
models, such as neural networks and classification 
models, aimed at anticipating future events, 
including the occurrence of crimes or the evolution 
of crime rates [1, 16, 34, 37]. In this context, these 
techniques apply predictive algorithms, such as 
regression models, SLR, MLR, and DTR, 
classification methods, and supervised or 
unsupervised approaches, with the purpose of 
processing historical crime data, recognizing 
criminal patterns, estimating risk areas, and 
forecasting specific incidents [8, 27, 41]. 
Complementarily, studies applied to sentiment 
analysis argue that Machine Learning makes it 
possible to generate intelligent algorithms capable 
of learning from data without relying exclusively on 
rule-based programming, which reinforces its 
usefulness for classification and automated 
analysis tasks [61]. 

2.2 Crime Prediction 

According to several authors [3, 9, 18, 25, 32], 
crime prediction is based on the analysis of 
historical data and contextual variables, including 
demographic, socioeconomic, environmental, and 
dynamic factors, through machine learning 
algorithms, with the purpose of identifying 
spatiotemporal patterns and associated risk 
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factors, such as poverty, education level, or urban 
mobility. In this field, models such as linear 
regression, decision trees, and random forests are 
used to estimate crime rates at different levels of 
territorial and temporal aggregation. Likewise, 
other authors [4, 11, 49] have proposed deep 
learning-based approaches, including deep neural 
networks, BiLSTM, and ConvBiLSTM, integrated 
with techniques such as SMOTE, hyperparameter 
tuning, and social media sentiment analysis, to 
improve predictive accuracy. Complementarily, 
Ribeiro and colleagues [38] apply graph 
convolutional neural networks, specifically 
GraphSAGE, to analyze criminal networks and 
predict criminal associations, illicit flows, and 
recidivism, achieving high levels of accuracy. 

2.3 Machine Learning as an Analytical 
Foundation for Crime Prediction 

Machine Learning constitutes a central 
methodological axis for crime prediction, since it 
makes it possible to transform large volumes of 
historical, spatial, temporal, and contextual data 
into computationally interpretable patterns capable 
of anticipating the occurrence, intensity, and 
territorial distribution of criminal events. This 
relationship is supported by supervised, 
unsupervised, and deep learning approaches, 
which, through classification algorithms, 
regression, neural networks, spatiotemporal 
models, and optimization techniques, make it 
possible to capture complex associations among 
social, environmental, and behavioral factors; 
however, its application faces challenges related to 
data quality and bias, model interpretability, 

privacy, the availability of georeferenced 
information, and the risk of reproducing structural 
inequalities. Consequently, the integration 
between Machine Learning and Crime Prediction 
drives the evolution toward more robust, 
explainable, and adaptive predictive paradigms, 
making it possible to connect this conceptual basis 
with the methodological and bibliometric analysis 
developed in the following sections of the study. 

3 Review Method 

The purpose of a systematic literature review is to 
rigorously synthesize the available knowledge on a 
specific topic in order to obtain generalizable 
findings that support new lines of research, as 
stated by Kitchenham and Charters [77]. In this 
study, the methodology proposed by these authors 
was adopted, and adaptations aimed at 
strengthening the traceability and transparency of 
the process were incorporated, such as tables of 
search terms, matrices of search equations, a 
PRISMA diagram, and matrices for consolidating 
results. Similarly, previous systematic reviews 
have combined the Kitchenham and PRISMA 
guidelines to organize search sources, exclusion 
criteria, study selection, quality assessment, data 
extraction, and synthesis of results [79]. The 
development of the applied methodological 
procedure is presented in Figure 1. 

3.1 Formulation of the Research Questions 
and Objectives 

Conducting a systematic literature review requires 
formulating clear, precise research questions 
aligned with the purpose of the study, since these 
guide the search, selection, data extraction, and 
analysis of scientific evidence. In this study, the 
research questions were defined to structure the 
methodological process. These questions are 
presented in Table 1. 

3.2 Information Sources and Search Strategies 

To ensure the methodological rigor of the 
systematic literature review,  academic  sources  of 
recognized   scientific   reliability   were   selected,  

 

Fig. 1. Stages of the SLR 
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Table 1. Research questions and objectives 

Question Objective 

RQ1: Which programming languages are most frequently used 
in the development of Machine Learning-based solutions? 

Identify the programming languages most widely used in the 
development of Machine Learning models. 

RQ2: In which business areas are Machine Learning models 
predominantly applied? 

Identify the main business areas in which Machine Learning 
models are being applied. 

RQ3: What quartile levels are presented by the scientific 
journals in which studies on Machine Learning and Crime 

Prediction have been published? 

Examine the quartile levels of the scientific journals that have 
published research related to the application of Machine 

Learning for Crime Prediction. 

RQ4: What conceptual definitions, theoretical foundations, and 
theoretical models have been reported in studies on Machine 

Learning? 

Analyze the definitions, theoretical foundations, and 
theoretical models with the greatest presence in studies on 

Machine Learning. 

RQ5: Which keywords present frequent co-occurrence patterns 
in research on Machine Learning and Crime Prediction? 

Obtain the keywords that most frequently co-occur in 
research on the use of Machine Learning and Crime 

Prediction. 

RQ6: Which thematic categories predominate in research on 
Machine Learning and Crime Prediction? 

Classify research on Machine Learning according to the 
thematic categories most frequently addressed in Crime 

Prediction. 

Table 2. Search terms and their synonyms by conceptual group 

Conceptual Group Descriptor 

Machine Learning machine learning/ml/predictive model/deep learning/ artificial intelligence 

Crime Prediction crime prediction/public safety/crime prevention/citizen safety 

Table 3. Information Source and Search Equations 

Source Search Equation 

Scopus 
TITLE-ABS-KEY(("machine learning" OR "ml" OR "predictive model" OR "deep 

learning" OR "artificial intelligence" ) AND ("crime prediction" OR "public safety" OR 
"crime prevention" OR "citizen safety")) 

IEEE Xplore 

("Abstract":"machine learning" OR "Abstract":"ml" OR "Abstract":"predictive model" OR 
"deep learning" OR "Abstract":"artificial intelligence") AND ("Abstract":"crime prediction" 

OR "Abstract":"public safety" OR "Abstract":"crime prevention" OR "Abstract":"citizen 
safety") 

Web of Science 
(AB=("machine learning" OR "ml" OR "predictive model" OR "deep learning" OR 

"artificial intelligence" ) AND ("crime prediction" OR "public safety" OR "crime 
prevention" OR "citizen safety")) 

EBSCOhost 
AB ("machine learning" OR "ml" OR "predictive model" OR "deep learning" OR "artificial 

intelligence" ) AND ("crime prediction" OR "public safety" OR "crime prevention" OR 
"citizen safety") 

ScienceDirect 
TITLE-ABS-KEY(("machine learning" OR "ml" OR "predictive model" OR "deep 

learning" OR "artificial intelligence" ) AND ("crime prediction" OR "public safety" OR 
"crime prevention" OR "citizen safety")) 
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including Scopus, IEEE Xplore, Web of Science, 
EBSCOhost, and ScienceDirect. 

The comprehensive search in all databases 
was completed on July 12, 2025, a date that 
defined the temporal limit of the study. Therefore, 
2025 records should be analyzed with caution 
because they correspond to an incomplete 
annual period. 

The terms used to retrieve the relevant studies, 
as well as the search equations adapted to each 

database, are presented in Tables 2 and 
3, respectively.  

3.3 Identified Studies 

The search conducted in the previously defined 
information sources identified a total of 4,404 
studies potentially relevant to the systematic 
literature review. The distribution of the results 
obtained from each database is presented in 
Figure 2. 

 

Fig. 2. Number of Results by Source 

 

Fig. 3. Develops the following phases: Identification, Screening, Eligibility, and Inclusion 
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Table 4. Quality assessment score 

Ref. QA1 QA2 QA3 QA4 QA5 QA6 Score 
[1] 3 3 3 2 3 3 17 

[2] 2 3 1 2 3 3 14 

[3] 3 2 2 1 2 2 12 

[4] 2 3 1 3 2 2 13 

[5] 2 1 3 1 2 2 11 

[6] 2 2 1 3 2 3 13 

[7] 3 3 1 2 2 2 13 

[8] 1 2 2 3 2 2 12 

[9] 3 3 3 2 3 3 17 

[10] 3 2 3 3 3 3 17 

[11] 3 3 3 2 3 3 17 

[12] 3 3 3 2 3 3 17 

[13] 3 3 3 2 3 3 17 

[14] 2 1 3 3 3 2 14 

[15] 2 2 2 3 3 3 15 

[16] 2 3 1 3 2 2 13 

[17] 2 3 3 3 3 2 16 

[18] 3 3 1 2 2 2 13 

[19] 1 2 2 3 2 2 12 

[20] 3 3 3 2 3 3 17 

[21] 3 3 3 2 3 3 17 

[22] 3 3 3 2 3 3 17 

[23] 3 3 3 2 3 3 17 

[24] 3 3 3 2 3 3 17 

[25] 2 2 1 3 2 3 13 

[26] 2 3 1 3 3 3 15 

[27] 1 2 2 3 2 2 12 

[28] 2 1 3 1 2 2 11 

[29] 3 3 3 2 3 3 17 

[30] 3 1 1 3 3 3 14 

[31] 2 1 3 3 3 2 14 

[32] 2 1 3 3 3 2 14 

[33] 1 2 2 3 2 2 12 

[34] 2 2 2 3 3 3 15 

[35] 2 1 3 3 3 2 14 

[36] 3 3 3 2 3 3 17 

[37] 3 3 3 2 3 3 17 

[38] 3 3 3 2 3 3 17 

[39] 2 1 3 1 2 2 11 

[40] 2 2 1 3 2 3 13 

[41] 2 1 3 3 3 2 14 

[42] 1 2 2 3 2 2 12 

[43] 2 1 3 1 2 2 11 

[44] 2 2 1 3 2 3 13 

[45] 3 3 3 2 3 3 17 

[46] 3 3 3 2 3 3 17 

[47] 3 3 3 3 3 2 17 

[48] 3 3 3 2 3 3 17 

[49] 2 2 1 3 3 3 14 

[50] 2 3 1 3 2 2 13 

[51] 2 3 3 3 3 2 16 

[52] 2 2 3 2 3 3 15 

[53] 2 2 3 2 3 3 15 

[54] 2 2 3 1 3 2 13 

[55] 2 2 1 3 2 2 12 

[56] 3 3 3 2 3 3 17 

[57] 2 3 3 3 3 3 17 

[58] 3 2 3 3 3 3 17 

[59] 2 2 3 3 3 1 14 

[60] 2 3 2 2 3 3 15 

 

Computación y Sistemas, Vol. 30, No. 3, 2026, pp. 1689–1714
doi: 10.13053/CyS-30-3-6593

Crime Prediction using Machine Learning: A Systematic Review and Future Directions 1695

ISSN 2007-9737



3.4 Exclusion Criteria 

The criteria established for this research are 
as follows: 

 EC1: Papers older than seven years. 

 EC2: Papers not written in English. 

 EC3: Review papers. 

 EC4: Papers without full text available. 

 EC5: Papers with titles and keywords of 
limited relevance. 

 EC6: Duplicate papers. 

 EC7: Short papers. 

The study selection process is an important 
phase in a systematic literature review, where the 
selection criteria established in the previous point 
are applied. Following the PRISMA protocol, 
Figure 3 develops the following phases: 
Identification, Screening, Eligibility, and Inclusion. 

3.5 Quality Assessment 

After the rigorous application of the selection 
criteria, 60 papers were obtained that met the 
methodological standards defined for this review. 
To systematically assess their quality, a protocol 
based on six assessment criteria was applied: 
clarity in the formulation of the research objectives 
(QA1), methodological description and justification 
of the techniques applied (QA2), relevance of the 
data collection methods (QA3), analysis of the 
reliability of the results obtained (QA4), 
correspondence between the answers and the 
research questions (QA5), and contribution of the 
study to the scientific and business community 
(QA6). This approach is consistent with recent 
systematic reviews, in which quality assessment is 
aimed at verifying the clarity of the objective, 
methodological adequacy, empirical support for 
findings, thematic relevance, and coherence 
among results, conclusions, and research 
objectives [76]. The scoring system considered 
three levels: optimal (3 points), acceptable (2 
points), and deficient (1 point), so that the sum of 
the six criteria determined the total score of each 
paper, with 11 points established as the minimum 
inclusion threshold. Table 4 presents the results of 
the quality assessment; since the 60 papers 

reached or exceeded the established minimum 
score, all met the defined criteria and were retained 
for the following phases of analysis. 

As observed, all assessed papers reached or 
exceeded the minimum score of 11 points; 
therefore, they met the established quality criteria 
and were retained in the final corpus of the review. 

3.6 Data Extraction Strategy 

From the selected papers, the relevant information 
was extracted to answer the proposed research 
questions, considering the following fields: title, 
URL, source, year, country, ISSN, publication type, 
publication name, authors, affiliations, quartile, H-
index, abstract, keywords, methodological details, 
conclusions, abstract synthesis, and number of 
citations. It should be noted that not all papers 
addressed each research question with the same 
level of depth, an aspect reflected in their 
respective quality scores. To ensure orderly and 
efficient information management, Mendeley 
Desktop was used as the bibliographic manager, 
which facilitated the organization, classification, 
and administration of the references included in the 
review. Likewise, RAj, Research Assistant j, an 
artificial intelligence tool developed by Dr. Javier 
Gamboa-Cruzado, was used to support the 
processing, systematization, and analysis of the 
collected data, strengthening the traceability, 
consistency, and analytical depth of the study. 

3.7 Synthesis of Findings 

The results obtained for each research question 
(RQ1-RQ6) were organized in tables and 
represented through quantitative data, which made 
it possible to develop a comparative analysis 
among the studies included in the review. This 
procedure facilitated the identification of recurring 
patterns, predominant trends, and relevant lines of 
research concerning the use of Machine Learning 
for crime prediction. 

4 Results and Discussion 

This section presents and analyzes the results 
obtained from the selected papers, in 
correspondence with the objectives of the study 
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and the related scientific literature. The documents 
were reviewed through a combined process of 
manual analysis and automated processing, which 
made it possible to organize, compare, and 
synthesize the evidence systematically.  

The procedure applied for the automated 
processing of the selected documents is shown in 
Figure 4. 

4.1 Overview of the Studies 

Figure 5 presents the distribution of the selected 
papers according to the source database used in 
the systematic review. Its inclusion makes it 
possible to contextualize the documentary 
composition of the corpus and support the 
traceability of the academic sources consulted. 

As shown in the findings, Scopus concentrates 
the largest proportion of papers, with 21 records 
(35.0%), followed by Web of Science, with 17 
records (28.3%), evidencing the predominance of 
multidisciplinary databases with broad coverage in 
retrieving literature on Machine Learning and crime 
prediction. According to the observed distribution, 
IEEE Xplore contributes 9 papers (15.0%), 
confirming the presence of a relevant technical 
component associated with algorithms, 
computational models, and artificial intelligence 
approaches. Based on the identified pattern, 
ScienceDirect and EBSCOhost show lower 
participation, with 7 (11.7%) and 6 papers (10.0%), 
respectively, suggesting a complementary 
contribution from sources oriented toward applied, 
interdisciplinary, and social areas. 

Cabanillas-Carbonell and colleagues [63] 
identified Scopus and ProQuest as the sources 
with the greatest representation, jointly 
concentrating 24% of the studies analyzed; in 
contrast, ScienceDirect registered the lowest 
contribution, with only 7% of the total.  

Similarly, Esan and Chimbo [66] reported that 
Web of Science (WoS) was the most relevant data 
source, with 38 studies, while the Association for 
Computing Machinery (ACM) showed the lowest 
presence, with 13 studies. In the case of Iqbal and 
other authors [68], Google Scholar predominated 
as the main source, with 43 studies included; by 
contrast, IEEE showed minimal participation, with 
only one study.  

Likewise, Jenga and collaborators [69] 
evidenced a different trend, since IEEE Xplore was 
the source with the greatest representation, with 29 
papers, while ACM registered only 6.  

Finally, Mandalapu and collaborators [72] 
indicated that most studies came from IEEE 
Xplore, although ScienceDirect had limited 
participation due to access restrictions; 
nevertheless, it should be noted that the authors 
did not specify the exact number of studies 
retrieved from each database, which limits the 
direct comparability of their results. 

The concentration of papers in Scopus and 
Web of Science indicates that future reviews 
should prioritize multidisciplinary databases 
without excluding specialized sources, in order to 
broaden thematic coverage and reduce 
retrieval bias.  

 

Fig. 4. Processing of selected documents 

 

Fig. 5. Distribution of papers by source 
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This strategy can also be applied in sectors 
such as public health, transportation, banking, 
insurance, and risk management, where a 
balanced selection of sources is key to building 
robust and transferable evidence. 

Figure 6 presents the temporal distribution of 
the selected papers during the period analyzed in 
the systematic review. Its inclusion makes it 
possible to contextualize the evolution of scientific 
production and support the trend analysis applied 
to the documentary corpus. 

Based on the reported results, a progressive 
increase in papers is observed from 2019 to 2024, 
the year in which the highest value is reached, with 
16 publications. Based on the evidence presented, 
the Kendall trend test confirms a statistically 
significant increasing behavior (p = 0.027), 
supported by a high fit of the temporal model (R² = 
0.97), which reinforces the statistical consistency 
of the observed growth. According to the identified 
pattern, the reduction recorded in 2025 should be 
interpreted with caution because the 
comprehensive database search was completed 
on July 12, 2025 and, therefore, that year 
corresponds to an incomplete annual period. 

Cabanillas-Carbonell and co-authors [63] 
reported that academic production reached its 
peak in 2023, with 14 published papers, 
representing a 250% increase compared with 
2021, the year of lowest productivity, with only 4 
publications. Consistently, Ersoz and colleagues 
[65] showed a marked variation in scientific 

production, from the absence of publications in 
2016 to a maximum of 30 papers in 2023, followed 
by 16 studies in 2024; consequently, the results 
suggest accelerated growth from 2020 onward, 
although with a subsequent reduction of 47% after 
the peak recorded in 2023. For their part, 
Cárdenas-Quispe and fellow researchers [67] 
emphasized that neural networks predominate in 
most studies, supported by deep learning theories 
that make it possible to identify nonlinear and 
complex relationships in large volumes of data; 
likewise, discriminant analysis, based on 
multivariate statistics, has a relevant presence, 
while comparative analysis fulfills a 
complementary methodological function by 
contrasting performance among 
different approaches.  

In the study by Iqbal and collaborators [68], 
scientific production showed an upward trend 
between 2019 and 2022, with a progressive 
increase from 12 papers in 2020 to 19 publications 
in 2022; however, this growth was interrupted in 
2024, when production decreased to 13 papers. In 
turn, Kounadi and co-workers [71] identified, for the 
2001-2018 period, an irregular evolution of 
scientific production, with 2018 as the year of 
greatest activity, with 13 papers, while the rest of 
the period showed considerably lower figures, 
including years without publications; it should be 
noted that the only clearly recognizable trend was 
located between 2016 and 2018, when production 
rose from 1 study to 13 papers. Finally, Mandalapu 
and colleagues [72] reported that 2019 registered 
the lowest production, with 22 papers, while 2021 
reached the maximum, with 51 publications; in 
contrast, 2022 showed a decrease to 29 papers, 
evidencing a trajectory of sustained growth until 
2021, followed by a subsequent contraction. 

The increasing trend evidences the recent 
consolidation of academic interest in the use of 
Machine Learning for crime prediction, which 
justifies expanding the analysis in later periods and 
in other geographic contexts. Likewise, 
incorporating statistical trend tests strengthens the 
methodological rigor of systematic reviews 
applicable to other data-intensive fields and 
predictive decision-making. 

Table 5 presents the distribution of the 60 
selected papers according to the publication 
journal, incorporating the number of papers, 

 

Fig. 6. Distribution of papers by year 

Computación y Sistemas, Vol. 30, No. 3, 2026, pp. 1689–1714
doi: 10.13053/CyS-30-3-6593

Marcelo Adrian Arevalo-Cervera, Javier Gamboa-Cruzado, Carlos Diaz, Ángel Núñez Meza, et al.1698

ISSN 2007-9737



accumulated citations, H-index, and quartile of 
each source. Its inclusion makes it possible to 
assess not only the editorial concentration of the 
corpus, but also the bibliometric relevance and 
academic positioning of the journals supporting 
the review. 

As shown in the findings, IEEE Access 
concentrates the largest number of papers, with 9 

publications, 191 citations, an H-index of 2610, and 
Q1 classification, evidencing its dominant role as a 
dissemination channel for studies linked to artificial 
intelligence, machine learning, and 
computational applications.  

According to the observed distribution, ISPRS 
International Journal of Geo-Information occupies 
a relevant position, with 6 papers, 89 citations, an 

Table 5. Distribution of papers by journal 

N° Publication Name N° Papers Citations H Index Quartile 

1 IEEE Access 9 191 2610 Q1 

2 ISPRS International Journal of Geo-Information 6 89 504 Q1 

3 Computers, Materials and Continua 2 14 134 Q2 

4 Electronics 2 20 220 Q2 

5 Multimedia Tools and Applications 2 22 232 Q1 

6 PLOS ONE 2 25 934 Q1 

7 Sustainability 2 16 414 Q1 

8 ACM Transactions on Spatial Algorithms and Systems 1 19 20 Q3 

9 Applied Computational Intelligence and Soft Computing 1 14 26 Q1 

10 Applied Network Science 1 10 32 Q1 

11 Applied Spatial Analysis and Policy 1 4 33 Q2 

12 Computación y Sistemas 1 0 163 Q3 

… … … … … … 
 Total 60 731 6626  

Table 6. Distribution of publications and bibliometric indicators by country 

N° Country N° Papers 
% 

N° Papers 
No. Citations 

% 
No. Citations 

H-Index 
Citations/ 

Paper 

1 US 11 11,1 167 12,3 893 15,2 

2 China 10 10,1 61 4,5 879 6,1 

3 UK 7 7,1 123 9,1 991 17,6 

4 India 6 6,1 57 4,2 251 9,5 

5 Pakistan 6 6,1 139 10,2 1520 23,2 

6 Saudi Arabia 6 6,1 42 3,1 708 7,0 

7 Malaysia 5 5,1 34 2,5 1251 6,8 

8 Australia 3 3,0 14 1,0 468 4,7 

9 Canada 3 3,0 39 2,9 457 13,0 

10 Iraq 3 3,0 22 1,6 114 7,3 

11 Korea 3 3,0 62 4,6 415 20,7 

12 Bangladesh 2 2,0 39 2,9 310 19,5 

13 Belgium 2 2,0 4 0,3 47 2,0 

14 Jordan 2 2,0 6 0,4 134 3,0 

15 Philippines 2 2,0 2 0,1 307 1,0 

16 Poland 2 2,0 32 2,4 374 16,0 

… … … … … … … … 
 Total 99 100,0% 1357 100,0% 12964 13,7 
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H-index of 504, and Q1 quartile, reinforcing the 
importance of the geospatial component in crime 
prediction through models based on territorial data 
and urban patterns. Based on the identified 
pattern, the presence of Q1 journals such as 

Multimedia Tools and Applications, PLOS ONE, 
and Sustainability, together with Q2 and Q3 
journals, shows that scientific production is 
distributed among high-impact sources and 
specialized channels, reflecting the 
interdisciplinary nature of the field. 

Kaur and Saini [78], when analyzing scientific 
production for the 2012-2022 period, identified 
Lecture Notes in Computer Science, including its 
subseries linked to artificial intelligence and 
bioinformatics, as the most productive source, with 
104 published papers. Advances in Intelligent 
Systems and Computing ranked second, with 72 
studies, while ACM International Conference 
Proceeding Series and IEEE Access shared third 
position, with 64 publications each. Overall, these 
results evidence a relevant concentration of 
scientific production in editorial series and sources 
associated with computer science, artificial 
intelligence, and intelligent systems. 

This distribution suggests that future research 
on Machine Learning and crime prediction should 
consider journals with high bibliometric visibility, 
especially those located in Q1, without excluding 
specialized sources that may provide 
complementary methodological or thematic 
approaches. Likewise, the joint analysis of number 
of papers, citations, H-index, and quartile can be 
applied in other data-intensive sectors, such as 
public health, transportation, banking, insurance, 
urban management, and risk prevention, to guide 
publication strategies, scientific monitoring, and 
selection of relevant literature. 

Figure 7 presents the collaborative network 
among the countries identified in the selected 
papers, while Table 6 organizes the distribution of 
publications and their main bibliometric indicators 
by country. Its inclusion makes it possible to jointly 
analyze the structure of international cooperation 
and the scientific weight of each country within the 
reviewed corpus. 

As shown in the findings, scientific production is 
mainly concentrated in countries such as the 
United States, China, the United Kingdom, India, 
Pakistan, and Saudi Arabia, although bibliometric 
impact does not depend solely on the number of 
papers, since Pakistan registers 6 publications and 
reaches 139 citations, with 23.2 citations per 
paper, while the United States presents 11 papers 
and 167 citations, with 15.2 citations per paper; in 

Table 8. Business Areas by Research Study 

Business 
Area 

Reference 
Qty. 
(%) 

Public safety 
[1] [2] [4] [15] [20] [23] [26] 

[29-30] [32] [42] [44] [46] [48] 
[53-54] [56] 

17 

(25) 

Smart Cities [31] [52] [57] 
3 

(4) 

Banking [24] 
1 

(1) 

Private 
Security 

[23] [32] 
2 

(3) 

Transport 
[1] [8-10] [12] [15-17] [20] 

[23-24] [27] [36] [40] [42] [44] 
[48] [53] [59] 

19 

(28) 

Technology 
and 

Cybersecurity 
[7] [24] [32] [42-43] [52] 

6 

(9) 

Mental health 
[1-3] [7-8] [11] [15] [20] [24-
25] [27] [36] [39] [42] [44-45] 

[49] [52] [54] 

19 

(28) 

Real estate [52] 
1 

(1) 

 

Fig. 7. Collaborative network among countries 
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addition, the collaborative network shows specific 
links among China, the United States, Saudi 
Arabia, Pakistan, and Malaysia. 

It suggests that research on Machine Learning 
and crime prediction combines relevant productive 
nuclei with patterns of international cooperation 
that are still selective and not highly dense. 

4.2 Answers to the Research Problems 

This section presents the answers to the 
formulated research questions, integrating the 
main results, their critical discussion, and possible 
projections for future studies. The findings are 
derived from a systematic bibliographic search on 

 

Fig. 9. Distribution of business areas 

 

Fig. 10. Distribution of papers by quartile and country 
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Machine Learning and crime prediction, carried out 
in widely recognized academic sources and 
complemented by a rigorous process of selection, 
review, and quality assessment. As a result of this 
procedure, a final corpus of 60 papers was 
consolidated, considered relevant and 
methodologically adequate to support the analysis 
developed in this review. 

4.2.1 RQ1: Which Programming Languages 
are Most Frequently Used in the 
Development of Machine Learning-
Based Solutions? 

Table 7 and Figure 8 present the distribution of the 
programming languages identified in the papers 

that develop Machine Learning-based solutions, 
indicating the associated references and their 
relative frequency within the analyzed corpus. Its 
inclusion is relevant because it makes it possible to 
recognize the predominant technologies used to 
implement computational models and to assess 
the technical orientation of the reviewed studies. 

As shown in the findings, Python concentrates 
a clearly dominant presence, with 21 records 
equivalent to 75%, evidencing its position as the 
main language for developing Machine Learning-
based solutions. According to the observed 
distribution, Java reaches 4 records (14%), 
suggesting a secondary use, possibly associated 
with more structured development environments or 
applications that require integration with 
existing  systems.  

Based on the identified pattern, C++, C#, and 
PHP show marginal participation, with 1 record 
each (4%), indicating that their use in the analyzed 
studies was occasional and did not constitute a 
predominant trend within the reviewed corpus. 

Dakalbab and colleagues [74] identified Weka 
as the most widely used tool for developing 
predictive models, with 11 studies (23%), followed 
by Python, with 8 studies (17%); in contrast, 
MATLAB, TensorFlow, and PyTorch registered 
marginal presence, with only one study each (2%). 
Similarly, Esan and Chimbo [66] reported that 
Weka also had the highest frequency of use, with 
27%, while Python and R Studio reached an 
equivalent participation of 20% each; 
nevertheless, tools such as TensorFlow, MATLAB, 
and MALLET showed a minimal contribution, with 
2% in all cases.  

Together, both studies evidence that Weka 
maintains a relevant presence in the development 
of Machine Learning-based solutions, although 
Python appears as a recurrent and technically 
competitive alternative; therefore, the selection of 
tools seems to depend both on the type of 
predictive model and on the degree of accessibility, 
specialization, and ease of implementation 
required in each study. Studies on conversational 
technologies in e-Commerce also identify Python 
and Java as predominant languages for 
developing intelligent solutions, with 32% and 
25%, respectively, which partially coincides with 
the centrality of Python observed in Machine 
Learning-based applications [70]. 

Table 9. Distribution of papers by quartile and year 

Quartile 2019 2020 2021 2022 2023 2024 2025 Total 

Q1 2 6 6 5 6 9 3 37 

Q2 0 3 2 2 4 5 0 16 

NQ 0 0 1 2 1 0 0 4 

Q3 0 0 0 0 1 2 0 3 

Total 2 9 9 9 12 16 3 60 

 

Fig. 11. Citations by year and quartile 
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These results suggest that future research and 
business applications based on Machine Learning 
should prioritize technological ecosystems 
compatible with Python, without ruling out 
complementary languages when the 
implementation context requires integration with 
corporate platforms, legacy systems, or specific 
architectures. Likewise, this pattern can be 
contrasted in other sectors, geographic areas, and 
periods of time to assess whether Python's 
hegemony is maintained or whether alternative 
languages emerge according to new 
computational, regulatory, or business needs. 

4.2.2 RQ2: In which Business Areas are 
Machine Learning Models Predominantly 
Applied? 

Table 8 and Figure 9 present the distribution of the 
business areas in which the Machine Learning 
models identified in the reviewed papers are 
applied. Its inclusion is relevant because it makes 
it possible to recognize the sectors with the 
greatest application of the predictive approach and 
assess the practical orientation of the 
analyzed studies. 

Based on the reported results, transportation 
and mental health concentrate the largest 
proportion of applications, with 19 records each 
(28%), evidencing that Machine Learning models 
are mainly used in domains where the anticipation 
of events, risks, or behaviors is critical for decision-
making. Based on the evidence presented, public 
safety also shows a significant presence, with 17 
records (25%), confirming its direct link with Crime 
Prediction, especially in contexts where it is 
necessary to analyze criminal patterns, mobility, 
incidents, and risk factors. According to the 
identified pattern, areas such as smart cities, 
technology and cybersecurity, private security, 
banking, and real estate show lower frequency, 
suggesting more specific or emerging applications 
within the reviewed corpus. 

Kaur and Saini [78] showed that the Social 
Sciences concentrated the greatest academic 
production, with 3,090 publications, followed very 
closely by Computer Science, with 2,980, and 
Medicine, with 2,970; therefore, the results show 
that the application of Machine Learning models 
has a markedly interdisciplinary orientation by 
combining social, computational, and health-

related domains. In contrast, areas such as 
Business Management and Accounting, with 333 
publications, and Environmental Science, with 
234, registered a considerably lower contribution; 
nevertheless, it should be emphasized that their 
presence confirms the progressive expansion of 
these models toward business and applied fields 
where predictive analytics can support decision-
making. Evidence on API and software deployment 
confirms that Machine Learning is also applied in 
business technology areas, especially for early 
error detection, monitoring, control, and 
improvement of organizational processes linked to 
information systems [73]. Together, these findings 
suggest that the use of Machine Learning is 
concentrated in areas with high data availability, 
complex problems, and a need for prediction, 
although its adoption in management and 
sustainability sectors still shows room for growth. 

These results indicate that Machine Learning 
models have high transfer potential toward data-
intensive business sectors, especially 
transportation, public safety, mental health, smart 
cities, banking, cybersecurity, and real estate 
management, where prediction can support 
operational, preventive, and strategic decisions. 
Likewise, the observed distribution justifies 
replicating this analysis in other geographic 
contexts and periods of time to determine whether 
the identified sectoral concentration responds to a 
global trend or to specific conditions of the studies 
included in this review. 

4.2.3 RQ3: What Quartile Levels are Presented 
by the Scientific Journals in which 
Studies on Machine Learning and Crime 
Prediction have been Published? 

Figure 10, Table 9, and Figure 11 present the 
distribution of papers according to the quartile of 
the scientific journals, considering their 
relationship with country, year of publication, and 
number of accumulated citations. Their inclusion 
makes it possible to analyze the editorial quality of 
the corpus from a geographic, temporal, and 
bibliometric perspective, strengthening the 
interpretation of studies on Machine Learning and 
Crime Prediction. 

Iqbal and colleagues [68] reported that 43% of 
the analyzed papers, equivalent to 24 studies, 
were published in Quartile 1 (Q1) journals, while 
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27%, corresponding to 15 studies, were located in 
Q2 journals; therefore, most of the examined 
production is concentrated in editorial channels 
with higher academic positioning. In contrast, Q3 
and Q4 journals showed a lower and equivalent 
participation, with 11% each, represented by 6 
studies in both cases. Overall, these results 
suggest that research on Machine Learning and 
Crime Prediction tends to be published 
predominantly in higher-quartile journals, although 

a smaller proportion of studies disseminated in 
medium- or low-impact sources persists, which 
should be considered when assessing the editorial 
quality and scientific visibility of the corpus. 

This pattern evidences the need to prioritize 
high-impact sources in future reviews, while also 
considering countries and journals with lower 
presence when they provide contextual or 
methodological evidence relevant to 
understanding the application of predictive models 
in different institutional and 
geographic environments. 

According to the observed distribution, papers 
published in Q1 journals predominate during the 
analyzed period, with 37 of the 60 records, 
followed by Q2 with 16, while NQ and Q3 show 
lower participation, with 4 and 3 papers, 
respectively; in addition, 2024 concentrates the 
highest number of publications, with 16 records, of 
which 9 correspond to Q1. 

In the study by Iqbal and colleagues [68], 2022 
registered the highest scientific production, with a 
total of 19 publications, concentrated mainly in Q1 
journals (6 papers) and Q2 journals (5 papers), 
followed by Q3 (4 papers) and Q4 (1 paper). In 
contrast, the years with the lowest number of 
publications were 2020 and 2023, with 12 papers 
each; in both cases, most works were located in 
Q1 journals, while Q3 had the lowest relevance, 
with only one paper in each year. 

This composition supports the editorial strength 
of the corpus and makes it possible to use quartile 
as a complementary criterion to assess evidence 
quality in future systematic reviews, as well as to 
compare the evolution of the field in other periods, 
regions, and data-intensive domains. 

According to the identified pattern, citations are 
mainly concentrated in Q1 journals, which 
accumulate the highest values in 2021 (190), 2020 
(123), 2023 (103), 2022 (81), and 2024 (59), while 
Q2 presents a secondary and more moderate 
contribution, notably 46 citations in 2022 and 30 in 
2020; in contrast, NQ and Q3 register low or null 
values in most years, evidencing that the 
bibliometric impact of the corpus is strongly 
associated with publications located in 
higher quartiles. 

Iqbal and colleagues [68] stated that, in the 
United States, most studies were published in 
high-impact journals, with 17 papers in Q1 and 8 in 

Table 10. Definitions by research area 

Synthesized 
Definition 

Category Reference 
Qty. 

(%) 

ML uses 
algorithms, 

statistical models, 
and computational 
techniques to learn 
from data, identify 

patterns, and 
perform tasks 
automatically, 
without explicit 
programming. 

Technique 

[1-4] [6] [8-
11] [13-15] 

[17] [19-
22] [26-27] 

[29-30] 
[32] [34-

35] [37-38] 
[41-51] 
[53] [55-

60] 

44 

(96) 

ML is applied to 
predict phenomena 
in specific domains, 

such as crime or 
geography, through 

models that 
generalize complex 

data-based 
relationships. 

Applied [12] [33] 
2 

(4) 

 

Fig. 12. Distribution of definitions 
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Q2, although publications in Q3 and Q4 were also 
recorded, with 1 and 4 papers, respectively. In 
contrast, India showed a lower presence, but 

distributed between Q1 and Q4 journals, with 2 
papers in each quartile. Likewise, countries such 
as Bangladesh, Argentina, Brazil, China, South 
Korea, and South Africa had more limited 
representation, with publications mainly 
concentrated in Q1, Q2, and Q3 journals; overall, 
these results evidence a geographic concentration 
of editorial impact in the United States, without 
disregarding the participation of other countries in 
channels of different scientific visibility. 

This result suggests that, in addition to the 
number of published papers, the analysis of 
citations by quartile and year makes it possible to 
identify where the real scientific influence of the 
field is concentrated, so it can be applied in other 
sectors, such as public safety, transportation, 
health, banking, cybersecurity, and urban 
management, to guide publication decisions, 
bibliometric monitoring, and strategic 
literature  selection. 

4.2.4 RQ4: What Conceptual Definitions, 
Theoretical Foundations, and Theoretical 
Models have been Reported in Studies 
on Machine Learning? 

Table 10 and Figure 12 present the classification 
of the conceptual definitions of Machine Learning 
reported in the reviewed studies, while Table 11 
and Figure 13 organize the theoretical foundations 
identified according to analytical categories. Their 
inclusion makes it possible to examine how the 
literature conceptualizes Machine Learning and 
which theoretical foundations support its 
application in the context of Crime Prediction. 

As shown in the findings, the technical definition 
of Machine Learning widely predominates, with 44 
records (96%), evidencing that most studies 
conceive it as a set of algorithms, statistical 
models, and computational techniques oriented 
toward automatic learning from data, while the 
applied definition appears in only 2 records (4%), 
associated with its use in specific domains such as 
crime or geography. 

The literature on e-Commerce and Android 
malware detection coincides in conceiving 
Machine Learning from a technical perspective, 
associated with algorithms and mathematical 
models capable of learning patterns from data, 
supporting predictive tasks, and executing 
classification, detection, and pattern recognition 

Table 11. Theoretical Foundations by research area 

Synthesized 
Theoretical 
Foundation 

Category Reference 
Qty. 

(%) 

Conceptual 
approaches that 

support predictive 
and automated 
analysis models 
through artificial 

intelligence, 
machine learning, 
and computational 

learning. 

Paradigm 

[1-2] [6] [8] 
[11-12] [14-
15] [20-21] 
[26-27] [29-
30] [32-35] 
[37-38] [41-
45] [47] [50-
51] [53] [55-

58] [60] 

34 

(43) 

Quantitative and 
computational 

methods used to 
analyze data, model 
relationships, and 

make predictions in 
applied contexts. 

Technique 

[9] [12] [15] 
[19] [21] [26-
27] [29-30] 
[32-33] [35] 
[37-38] [41-
45] [47] [51] 
[53] [55] [57-

58] [60] 

26 

(33) 

Specific fields where 
intelligent models 
are implemented, 
such as predictive 
criminology and 
computer vision. 

Applied 
Areas 

[19-20] 
2 

(3) 

Terms without clear 
classification into 

paradigms, 
techniques, or 
applied areas 

because of their 
ambiguity, 

generality, or lack of 
specificity. 

Indeterminate 

[3-4] [10] [13] 
[17-18] [22-
23] [25] [28] 
[40] [46] [48-
49] [52] [54] 

[59] 

17 

(22) 

 

Fig. 13. Distribution of theoretical foundations 
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processes in complex and digital 
environments [64, 67]. 

This technical predominance suggests that 
future research should complement the algorithmic 
definition of Machine Learning with applied, 
contextual, and socio-institutional approaches, 
especially in sectors where prediction has direct 
effects on public, business, or territorial decisions.  

According to the observed distribution, 
theoretical foundations are mainly concentrated in 
paradigms, with 34 records (43%), and techniques, 
with 26 records (33%), indicating that the reviewed 
studies support their approaches in conceptual 
frameworks of artificial intelligence and machine 
learning, as well as in quantitative and 
computational methods to model relationships and 
make predictions; however, the presence of 17 
indeterminate records (22%) reveals a certain 
degree of conceptual ambiguity in part of 
the corpus. 

This research is pioneering in analyzing 
definitions of Machine Learning, as it constitutes 

the first study to address this type of analysis 
systematically, which explains the absence of 
previous studies with which to 
establish comparisons. 

This distribution evidences the need to 
strengthen theoretical explicitness in future 
research on Machine Learning and Crime 
Prediction, in order to improve conceptual 
traceability, facilitate comparisons among studies, 
and guide more solid applications in other sectors, 
regions, and periods of analysis. 

4.2.5 RQ5: Which Keywords Present Frequent 
Co-Occurrence Patterns in Research on 
Machine Learning and Crime Prediction? 

Figure 14, composed of the co-occurrence network 
and the structural indicators of the keywords, 
together with Table 12, presents the most frequent 
association patterns among the terms used in 
research on Machine Learning and Crime 
Prediction. Its inclusion is relevant because it 
makes it possible to identify the dominant thematic 
nuclei, the intensity of their conceptual links, and 
the degree of semantic articulation that structures 
this field of study. 

Based on the evidence presented, the terms ml 
and crime prediction constitute the central 
conceptual axis of the field, registering the greatest 
association strength (25.00 in both cases), the 
highest degree values (0.54 and 0.38, 
respectively), and the most intense pairwise co-
occurrence, corresponding to crime prediction - ml 
with weight 11, followed by crime prediction - deep 
learning with weight 8 and deep learning - ml with 
weight 4; this pattern indicates that the reviewed 
literature is organized mainly around the direct link 
between Machine Learning approaches and Crime 
Prediction, while terms such as data mining, crime 
analysis, spatial analysis, sentiment analysis, and 
graph convolutional networks fulfill complementary 
or emerging functions within a more specialized 
thematic network. 

Barrenechea and Lengua [62] identified that 
“cybercrime” and “deep learning” were the 
keywords with the highest co-occurrence, 
evidencing a relevant thematic relationship 
between digital crime analysis and the use of 
advanced Machine Learning techniques. Overall, 
these findings confirm that these terms constitute 
important conceptual nuclei for understanding the  

 

Fig. 14. Keyword co-occurrence 
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recent evolution of research on Machine Learning 
and Crime Prediction. 

These results suggest that future research 
should strengthen the normalization and 
consistency of keywords, prioritizing central terms 
such as Machine Learning, crime prediction, and 
deep learning, and integrating peripheral concepts 
more explicitly that may broaden the 
methodological understanding of the field. 
Likewise, this type of analysis can be replicated in 
other sectors, geographic regions, and temporal 

periods to compare the evolution of thematic 
nuclei, optimize indexing strategies, and improve 
the bibliometric visibility of scientific production. 

4.2.6 RQ6: Which Thematic Categories 
Predominate in Research on Machine 
Learning and Crime Prediction? 

Figure 15 and Table 13 present the thematic 
categories identified from the keywords of the 
reviewed papers, organized according to two 
analytical parameters: centrality, located on the 

Table 12. Total Number of co-occurrences 

Keyword 1 Keyword 2 Weight 

crime prediction ml 11 

crime prediction deep learning 8 

deep learning ml 4 

crimes information technology 3 

analysis prediction crimes 2 

analysis prediction information technology 2 

crime analysis data mining 2 

crime analysis ml 2 

crime prediction data mining 2 

… … … 

Total 52 

 

Fig. 15. Thematic categories by density and centrality 
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horizontal axis and associated with the degree of 
relevance of the theme, and density, located on the 
vertical axis and related to its level of internal 
development.  

Their inclusion makes it possible to recognize 
which themes are consolidated, which function as 
basic axes of the field, and which remain at a 
marginal stage within research on Machine 
Learning and Crime Prediction 

As shown in the findings, Cybercrime Forensics 
presents a density of 0.83, centrality of 0.98, and 7 
occurrences, while Forensic Analytics reaches a 
density of 0.67, centrality of 0.98, and 9 
occurrences, so both are positioned as motor 
themes by combining high structural relevance 
with high conceptual development.  

Likewise, Predictive Analytics registers a 
density of 0.50, centrality of 0.83, and 9 
occurrences, which explains its classification as a 
basic theme due to its high relevance within the 
field, although with lower internal development 
than the motor themes. In contrast, Crime 
Prediction AI (22 occurrences), ML Regression 
(13), Crime Graphs (26), Data-Driven Forecasting 
(27), Crime Mining (15), and ML Spatial (17) are 
located as marginal themes due to their low density 
and centrality values, indicating that although they 
are frequent in the keywords, they still present 
limited theoretical consolidation and low structural 
articulation within the thematic network. 

Garzón Santos and collaborators [75] identified 
that the terms “artificial intelligence”, “law 
enforcement”, and “decision support system” 
present high density and high centrality, 
evidencing their condition as consolidated and 
structurally relevant themes within the field; in 
contrast, “game theory”, “security games”, and 
“stackelberg games” register low density and 
centrality, so they represent less developed lines 
with lower thematic articulation. Complementarily, 
Kaur and Saini [78] stated that “internet of things”, 
“IoT”, and “supervised learning” have high density 
but low centrality, while “data mining”, “crime 
prediction”, and “big data applications analytics” 
show high centrality but lower density. Overall, 
these findings evidence that the predominant 
thematic categories combine consolidated nuclei, 
basic themes, and emerging lines, which makes it 
possible to understand the conceptual evolution of 
research on Machine Learning and 
Crime Prediction. 

These results indicate that future research 
should strengthen the articulation between 
marginal themes and motor themes, especially 
through studies that integrate predictive models, 
spatial analysis, data mining, criminal graphs, and 
forensic approaches, in order to advance toward 
more robust frameworks for Machine Learning-
based Crime Prediction. Likewise, this type of 
thematic analysis can be replicated in other 
sectors, geographic regions, and periods of time to 
evaluate the evolution of research nuclei, guide 
scientific agendas, and improve the strategy for 
selecting keywords in future systematic and 
bibliometric reviews. 

The data show that the thematic category with 
the greatest presence among the analyzed 
documents was “Data-Driven Forecasting”, with 27 
papers, followed by “Crime Graphs” with 26 and 
“Crime Prediction AI” with 22 papers; however, the 
“Cybercrime Forensics” category, despite 
presenting high density and centrality, had reduced 
participation, with only 7 papers. 

In the study by Dakalbab and colleagues [74], 
“Crime” was the most abundant thematic category 
with 52 papers (43%), followed by “Spatial” with 19 
papers (16%); meanwhile, “Social media” had the 
lowest presence, with 7 papers (6%). 

The results evidence that research on crime 
prediction tends to concentrate on thematic 

Table 13. Distribution of Thematic Categories by Paper 

Theme Density Centrality Qty. Category 

Cybercrime 
Forensics 

0.83 0.98 7 Motor 

Forensic 
Analytics 

0.67 0.98 9 Motor 

Predictive 
Analytics 

0.50 0.83 9 Basic 

Crime 
Prediction 

AI 
0.19 0.13 22 Marginal 

ML 
Regression 

0.10 0.18 13 Marginal 

Crime 
Graphs 

0.07 0.25 26 Marginal 

Data-Driven 
Forecasting 

:0.04 0.05 27 Marginal 

Crime 
Mining 

0.03 0.29 15 Marginal 

ML Spatial 0.03 0.09 17 Marginal 
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categories linked to data analysis, spatial 
representation, and visualization of criminal 
patterns; this trend suggests a predominant focus 
on the use of quantitative technologies and 
predictive models to address the 
criminal phenomenon. 

5 Conclusions and Future Research 

This systematic review analyzed the use of 
Machine Learning in Crime Prediction based on a 
final corpus of 60 papers, integrating technical, 
bibliometric, conceptual, and thematic evidence. 
Regarding RQ1, the results show that Python is the 
predominant language for developing Machine 
Learning-based solutions, due to its library 
ecosystem, flexibility, and capacity to implement 
predictive and deep learning models. However, the 
secondary presence of Java, C++, C#, and PHP 
indicates that technological selection also depends 
on integration, architecture, and deployment 
requirements. Regarding RQ2, applications are 
mainly concentrated in transportation, mental 
health, and public safety, evidencing that these 
models are used in domains where the anticipation 
of risks, incidents, and behaviors is critical for 
decision-making. Regarding RQ3, the 
predominance of publications in Q1 and Q2 
journals confirms a documentary base with 
adequate editorial positioning and scientific 
impact, although the presence of studies in lower 
quartiles also requires assessing their 
methodological and contextual relevance. 
Regarding RQ4, the literature mostly 
conceptualizes Machine Learning from a technical 
perspective, focused on algorithms, statistical 
models, and computational techniques, revealing 
methodological strength, but also the need to 
strengthen theoretical, contextual, and socio-
institutional foundations. Regarding RQ6, motor 
themes, such as Cybercrime Forensics and 
Forensic Analytics, show high centrality and 
density, while other frequent themes, such as 
Crime Prediction AI, Crime Graphs, and Data-
Driven Forecasting, still present lower structural 
consolidation. Overall, the findings evidence that 
research on Machine Learning and Crime 
Prediction is moving toward more technical, 
predictive, and data-oriented approaches; 

nevertheless, challenges persist regarding 
explainability, contextual validation, theoretical 
integration, and the responsible use of models 
applied to sensitive decisions in public safety. 

Future research should expand the analysis to 
new periods, regions, and databases to assess the 
evolution of the field. Likewise, it is necessary to 
deepen work on explainable models, ethical 
approaches, and empirical validation in real-world 
scenarios of safety, mobility, cybersecurity, and 
risk management. Finally, it is recommended to 
develop theoretical frameworks that integrate 
computational, criminological, social, and 
institutional foundations. 
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