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Abstract: Spatio-temporal crime analysis has emerged as a critical tool for understanding and predicting crime patterns in urban
environments. Recent advancements in machine learning and deep learning have significantly improved the accuracy of crime prediction
models by capturing complex spatial and temporal dependencies. However, existing approaches primarily focus on hotspot detection and
predictive performance, often lacking interpretability and limited integration of environmental risk factors and real-world policing
requirements. This paper presents a comprehensive review of recent spatio-temporal crime analysis techniques, including deep learning,
graph-based models, and hybrid approaches, highlighting their strengths and limitations. Based on this analysis, a conceptual risk-aware
spatio-temporal framework is proposed that integrates crime density, environmental risk factors, and temporal dynamics to enhance
analytical depth and practical relevance. The proposed approach emphasizes the identification of crime opportunity zones and incorporates
activity-based temporal patterns to better reflect real-world crime behavior. Additionally, the framework aims to bridge the gap between
predictive analytics and actionable policing strategies, particularly in data-constrained regions such as Chhattisgarh. This study contributes
by combining predictive modeling with interpretability and contextual awareness, providing a foundation for more effective and adaptive
crime analysis systems.

Key Words: Spatio-Temporal Crime Analysis, Crime Opportunity Zones, Risk-Aware Modeling, Activity-Based Temporal Analysis,
Predictive Policing, Crime Pattern Analysis, Geographic Information Systems (GIS).

I. INTRODUCTION

Rapid urbanization and increasing socio-economic complexity have significantly influenced crime patterns, making
traditional policing approaches less effective in addressing modern challenges. In this context, data-driven crime analysis has
emerged as a critical tool for understanding and predicting criminal activities. Spatio-temporal crime analysis, which captures the
interaction between geographic location and time, has gained considerable attention for its ability to identify patterns and support
strategic decision-making [5], [13].

Conventional techniques such as Kernel Density Estimation (KDE) and statistical modeling have been widely used for

crime hotspot detection. While these methods provide useful spatial insights, they fail to adequately capture temporal dynamics
and underlying causal factors influencing crime occurrences [6], [14]. As crime is inherently dynamic and influenced by multiple
interacting variables, reliance on purely spatial models leads to incomplete interpretations.
Recent advancements in machine learning and deep learning have significantly improved predictive capabilities. Models such as
ST-ResNet, LSTM, and Graph Neural Networks (GNNs) effectively capture complex spatio-temporal dependencies [2], [3], [16].
However, these approaches often prioritize prediction accuracy while lacking interpretability and contextual awareness, limiting
their applicability in real-world policing.

In parallel, risk-based approaches such as Risk Terrain Modeling (RTM) have highlighted the importance of environmental
and contextual factors in crime occurrence [1]. Nevertheless, these methods are rarely integrated with advanced spatio-temporal
models, resulting in fragmented analytical frameworks.

Therefore, there is a clear need for an integrated approach that combines spatial, temporal, and risk-based perspectives.
This study addresses this gap by proposing a risk-aware spatio-temporal framework designed to enhance interpretability,
contextual understanding, and practical applicability in crime analysis.

Table no 1 summarizes a comparative overview of different crime analysis methods, including traditional techniques, machine
learning models, deep learning approaches, and risk-based methods. It highlights their strengths and limitations, showing the
transition from simple visualization techniques to complex predictive models and the need for more integrated frameworks.

To overcome these limitations, recent studies have explored machine learning and deep learning-based approaches for
crime prediction. Models such as ST-ResNet integrated with LSTM networks and graph-based neural architectures have
demonstrated strong capabilities in capturing complex spatio-temporal dependencies [2], [3], [16]. Additionally, hybrid and multi-
scale models have further improved prediction accuracy by incorporating correlations across different crime types and spatial units

(3], [13].
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A Risk-Aware Spatio-Temporal Approach of Crime Pattern Analysis: A Systematic Review

Method Approach Type Key Techniques Strengths Limitations
Used
Kernel Density Spatial Density-based Simple, easy to Ignores temporal
Estimation hotspot mapping implement, effective dynamics and crime
(KDE) for visualization causality
Statistical Spatial/Temporal Regression, time- Useful for trend Limited ability to
Methods series analysis analysis, capture complex
interpretable patterns
Machine Spatio-Temporal Random Forest, Better prediction Requires feature
Learning SVM, Ensemble than traditional engineering, moderate
Models methods methods accuracy
Deep Learning Spatio-Temporal LSTM, CNN, ST- Captures complex High computational
Models ResNet temporal cost, low
dependencies, high interpretability
accuracy
Graph-Based Spatio-Temporal GNN, MRAGNN Models spatial Complex architecture,
Models relationships difficult to interpret
effectively
Hybrid Models Spatio-Temporal ST-ResNet + Combines strengths Increased complexity
LSTM, Multi-scale of multiple models, and resource
models improved requirements
performance
Risk Terrain Risk-Based Environmental risk Interpretable, Limited temporal
Modeling Spatial factor analysis explains crime integration
(RTM) causes

Table no 1: Comparison of Traditional and Advanced Crime Analysis Techniques
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Fig 1. Growth of Al-Based Crime Prediction Methods (2022—2026)

Fig. 1 illustrates the increasing adoption of machine learning and deep learning techniques in crime prediction over recent
years. It shows a clear trend toward advanced models, indicating the growing importance of data-driven approaches in crime
analysis.

Beyond predictive modeling, there has been increasing recognition of the role of environmental and contextual factors in
influencing crime occurrences. Risk Terrain Modeling (RTM) emphasizes that crime is not randomly distributed but is associated
with environmental features such as urban infrastructure, mobility hubs, and social activity zones [1]. Similarly, recent studies
have incorporated mobility patterns and external data sources to better understand crime dynamics at fine-grained spatial and
temporal scales [4], [8].

Despite these advancements, existing approaches largely emphasize prediction accuracy while offering limited
interpretability and practical applicability. Many deep learning-based models function as black-box systems, making it difficult
for law enforcement agencies to understand the underlying reasons behind predicted crime patterns [15]. Furthermore, most studies
are conducted in data-rich urban environments, limiting their applicability to regions with constrained or semi-structured datasets.
Another emerging direction in crime analysis is the integration of predictive models with intelligent policing strategies. Approaches
based on reinforcement learning and optimization techniques have been proposed to improve patrol allocation and resource
management [11]. However, these approaches remain in early stages and require structured frameworks that can effectively
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combine prediction, risk assessment, and decision-making.

Given these challenges, there is a need for a more comprehensive approach that integrates multiple analytical dimensions
of crime analysis. Such an approach should not only enhance predictive capabilities but also improve interpretability and practical
usability, particularly in region-specific contexts. This study addresses this need by exploring a risk-aware perspective in spatio-
temporal crime analysis, providing a foundation for more effective and context-driven policing strategies.

As shown in Fig. 2, crime analysis methodologies have progressed from traditional statistical techniques to advanced
machine learning and finally to risk-aware frameworks. It highlights how early approaches focused primarily on spatial hotspot
detection, whereas modern techniques incorporate spatio-temporal dependencies. The final stage emphasizes the integration of
environmental risk factors and decision-support capabilities, representing a shift toward more interpretable and practical crime
analysis systems.

Traditional Methods Machine Learning / Risk-Aware Approach

Deep Learning
o

Environmental Spatio-Temporal
Risk Factors Integration

5 ©

Spatio-Temporal Crime Opportunity
Integration Zones

ML Algorithms Deep Learning
(e.g. Random Forest) Models
(e.g. LSTM, GNN)

¢ Crime Mapping

Lzl » Deep Learning Models

(e.g. LSTM, GNN)

e Crime Mapping e ML Algorithms e Spatio-Temporal
» (e.g. Random Forest) » Integration
e KDE, Statistics e Crime Opportunity Zones

Fig 2. Evolution of Crime Analysis Approaches

Il. LITERATURE REVIEW

The evolution of crime analysis has witnessed a transition from traditional statistical approaches to advanced data-driven
and intelligent models. This section systematically reviews recent advancements in spatio-temporal crime analysis, focusing on
methodological developments and their limitations. Unlike traditional statistical approaches [6], [14], machine learning models
[17], [20] improve predictive performance but still rely heavily on feature engineering. Deep learning models such as ST-ResNet
and GNN-based architectures [2], [3], [16] further enhance prediction accuracy by capturing complex dependencies; however,
they introduce challenges related to interpretability and computational complexity.

Moreover, while RTM-based approaches [1] provide valuable insights into environmental risk factors, they are typically
not integrated with deep learning frameworks. This lack of integration highlights a key limitation in current research, where
predictive accuracy and contextual understanding are treated independently rather than as complementary components.

Traditional and Statistical Crime Analysis Methods

Early crime analysis techniques primarily relied on statistical and spatial methods such as Kernel Density Estimation
(KDE), regression models, and time-series analysis. These approaches were effective in identifying crime hotspots and
understanding basic spatial distributions [6], [14]. However, they lacked the ability to capture dynamic temporal patterns and
complex interactions among multiple influencing factors, limiting their predictive capabilities [5].

Machine Learning-Based Crime Prediction

To improve predictive performance, machine learning models such as Random Forest, Support Vector Machines, and
ensemble techniques were introduced. These models enhanced prediction accuracy by learning patterns from historical crime data
[17], [20]. Despite their advantages, they required extensive feature engineering and were limited in capturing deep temporal
dependencies and spatial correlations.

Deep Learning and Spatio-Temporal Models

Recent advancements have focused on deep learning techniques, particularly those designed to handle spatio-temporal data.
Models such as ST-ResNet, Long Short-Term Memory (LSTM) networks, and Graph Neural Networks (GNNs) have demonstrated
significant improvements in crime prediction accuracy [2], [3], [16].

These models effectively capture temporal sequences and spatial dependencies, enabling fine-grained crime forecasting.
Hybrid architectures combining convolutional and recurrent networks further enhance performance by integrating multi-scale
spatial and temporal features [2], [13]. However, the increased complexity of these models often leads to reduced interpretability
and higher computational costs.
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Comparison of Prediction Accuracy Across Methods
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Fig 3: Comparison of Prediction Accuracy Across Methods.

This graph compares the prediction performance of different approaches, including traditional methods, machine learning,
deep learning, and hybrid models. It highlights that hybrid and deep learning models generally achieve higher accuracy, though
they may come with increased complexity.

Graph-Based and Multi-Type Crime Modeling

Graph-based approaches have gained attention for modeling spatial relationships between different regions. Techniques
such as Graph Neural Networks and Multi-Relational Graph Models effectively capture interactions among different crime
locations and types [3], [23].

Additionally, some studies have explored multi-type crime prediction, recognizing that different crime categories are

interdependent. Incorporating such relationships improves prediction accuracy but increases model complexity and data
requirements.

Risk-Based and Environmental Crime Analysis
Beyond predictive modeling, recent research emphasizes the importance of environmental and contextual factors in crime

occurrence. Risk Terrain Modeling (RTM) identifies environmental risk factors such as infrastructure, population density, and
mobility patterns [1].

Studies integrating external data sources, including mobility and social activity data, have demonstrated improved

understanding of crime dynamics [4], [8]. However, these approaches are often studied independently and lack integration with
advanced spatio-temporal models.

As shown in Fig. 4, various external data sources such as infrastructure, mobility, and social activity contribute to
environmental risk factors. These factors are then integrated into spatio-temporal crime analysis to enhance prediction accuracy

and contextual understanding. The figure emphasizes the importance of incorporating real-world conditions into crime modeling
rather than relying solely on historical crime data.
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Fig 4. Integration of Environmental Risk Factors in Crime Analysis
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Intelligent and Al-Driven Policing Systems
Emerging research explores the application of artificial intelligence in optimizing policing strategies. Reinforcement
learning and optimization-based approaches have been proposed to improve patrol allocation and resource management [11].
While these systems show promise, they are still in early stages and require comprehensive frameworks that integrate
prediction, risk analysis, and decision-making.

Summary of Literature

The reviewed studies highlight a clear progression in crime analysis techniques, from traditional statistical methods to
advanced deep learning and risk-based approaches. While significant improvements have been achieved in prediction accuracy,
challenges related to interpretability, integration of risk factors, and practical applicability remain unresolved.

Paper Method Used Key Contribution Limitation
ST-ResNet based Deep Learning Captures spatial-temporal Low interpretability
model (CNN+ResNet) patterns effectively
MRAGNN model Graph Neural Network Models spatial Complex and
relationships between computationally expensive
regions
RTM approach Risk Terrain Modeling Identifies environmental Limited temporal
risk factors integration
Hybrid DL model CNN + LSTM Improved prediction High computational cost
accuracy
ML-based prediction Random Forest, SVM Better than traditional Requires feature
methods engineering
Mobility-based Spatio-temporal + Captures human movement Data dependency issues
analysis external data patterns
Crime forecasting Statistical + ML Trend analysis and Limited spatial depth
study prediction
Multi-type crime Graph-based DL Captures inter-crime Data complexity
model relationships

Table no 2: Summary of Reviewed Studies

Table no 2 summarizes key research studies included in the literature review, outlining their methodologies, contributions,
and limitations. It helps in understanding the current state of research and identifies patterns in existing approaches, such as the
dominance of deep learning models and the lack of interpretability.

I1l. RESEARCH GAP ANALYSIS

Despite significant advancements in crime analysis methodologies, existing studies reveal several critical limitations that
hinder their applicability in real-world policing systems. This section identifies and categorizes the major research gaps, forming
the foundation for the proposed framework.
Limited Integration of Spatial and Temporal Dynamics

Many traditional and machine learning-based approaches focus either on spatial hotspot detection or temporal trend analysis
independently. While deep learning models have attempted to combine these aspects, they often fail to effectively balance spatial
heterogeneity with temporal evolution. As a result, crime prediction models struggle to capture dynamic crime patterns across
regions and time simultaneously.

Absence of Risk-Aware Modeling

Most existing studies emphasize prediction accuracy without incorporating underlying risk factors such as environmental
conditions, infrastructure, and socio-economic influences. Although Risk Terrain Modeling (RTM) highlights the importance of
such factors, it is rarely integrated with spatio-temporal prediction models. This lack of integration limits the practical utility of
crime analysis systems for proactive policing.

Lack of Multi-Crime Type Interaction Analysis

Crime incidents are not isolated events; different crime types often influence each other. However, many models treat crime
categories independently, ignoring interdependencies between them. Even in multi-type crime prediction studies, the relationships
among crime types are not fully explored, leading to incomplete pattern understanding.

Limited Interpretability of Advanced Models

Deep learning and graph-based models significantly improve prediction accuracy, but they operate as “black-box” systems.
Law enforcement agencies require interpretable insights for decision-making, which current models fail to provide. This creates a
gap between model performance and practical usability.
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Insufficient Focus on Real-World Implementation
Most research is conducted on benchmark datasets with controlled conditions. There is limited focus on region-specific

datasets, particularly in developing regions such as Chhattisgarh. The absence of localized analysis reduces the effectiveness of
these models in addressing real-world crime scenarios.

Lack of Unified Framework for Crime Analysis

Existing approaches are often fragmented, some focus on prediction, others on risk analysis, and some on visualization.
There is a clear need for an integrated framework that combines complementary analytical components including Modeling, risk
assessment, and visualization.

Limited Spatial-Temporal
Integration

Unified Risk-Aware
Spatio-Temporal Framework

Lack of Risk-Aware Models
Spatio-Temporal Modeling

Single Crime Type Focus .. 1
> Risk Factor Analysis

Low Interpretability
' Multi-Type Crime Interaction

Limited Real-World
Implementation Practical Visualization (Heatmaps)

Fig 5. Identified Research Gaps and Proposed Risk-Aware Framework

Figure 5 presents the key limitations of existing crime analysis methods and their relationship with the proposed framework.
It visually connects identified gaps—such as lack of risk integration, poor interpretability, and absence of unified modeling—with
the components of the proposed solution. The diagram serves as a bridge between literature analysis and the proposed framework.

Summary of Identified Gaps
The analysis highlights that current crime prediction systems lack integration, interpretability, and real-world

applicability. Addressing these gaps requires a unified, risk-aware spatio-temporal framework that can support both prediction
and decision-making.

Identified Gap

Existing Limitation

Proposed Improvement

Spatial-Temporal Integration

Models treat spatial and
temporal patterns separately

Develop unified spatio-
temporal framework

Risk-Aware Modeling

No inclusion of environmental
and socio-economic risk

Integrate Risk Terrain
Modeling with prediction

factors
Multi-Crime Interaction Crime types analyzed Model interdependency among
independently crime categories

Model Interpretability

Deep learning models act as
black-box systems

Introduce interpretable
components and visual outputs

Real-World Applicability

Lack of region-specific
datasets (e.g., Chhattisgarh)

Use localized datasets for
analysis

Unified Framework

Fragmented approaches
(prediction, risk, visualization
separate)

Propose integrated framework
combining all aspects

Table no 3 : Summary of Research Gaps and Proposed Solutions

Table no 3 consolidates the major research gaps identified in the study and maps them to corresponding proposed
improvements. It clearly demonstrates how the proposed framework addresses limitations such as lack of integration, absence of
risk-aware modeling, and limited real-world applicability.

IV. PROPOSED RISK-AWARE SPATIO-TEMPORAL FRAMEWORK
To address the identified research gaps, this study proposes a Risk-Aware Spatio-Temporal Crime Analysis
Framework that integrates multiple analytical components into a unified system. The framework is designed to enhance crime
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pattern understanding, improve predictive accuracy, and support decision-making for policing strategies.

Framework Overview

The proposed framework follows a multi-layered architecture consisting of four major components:

Data Acquisition Layer

Collects crime data (type, location, time) along with auxiliary data such as population density and environmental features.
Preprocessing and Feature Engineering Layer

Performs data cleaning, normalization, and transformation into spatial-temporal grids suitable for analysis.
Spatio-Temporal Modeling Layer

Applies analytical techniques (e.g., Kernel Density Estimation and temporal aggregation) to identify crime hotspots and trends.
Risk Integration and Visualization Layer

Incorporates risk factors and generates interpretable outputs such as heatmaps for decision support.

This layered design ensures modularity and scalability for real-world implementation.

Risk Integration & Visualization Layer Outputs

Incorporate Risk Factors

Generate Heatmaps

Spatio-Temporal Modeling Layer Improved
2 2 Crime
Spatial Anal S
TPa 1a l“: YSI'S . Prediction
emporal Analysis & Risk

Visualization
Preprocessing & Feature Engineering Layer
Data Cleaning Tranformation
Normalization

Data Acquisition Layer

Crime Data Population Data Environmental Data  Environmental Data

S

Fig 6. Proposed Risk-Aware Spatio-Temporal Framework Architecture

As shown in Fig. 6, the proposed framework consists of multiple layers including data acquisition, preprocessing, spatio-
temporal modeling, risk integration, and visualization. It illustrates the flow of data through each stage and highlights how spatial,
temporal, and risk factors are combined to generate interpretable outputs such as heatmaps for decision-making.

Data Acquisition and Preprocessing
The framework utilizes region-specific crime datasets (e.g., Chhattisgarh districts) to ensure practical applicability. The
collected data includes:
e Crime type (theft, assault, robbery, etc.)
e Geographic coordinates (latitude, longitude)
e Temporal information (date, time)

Preprocessing steps include:

o Removal of missing or inconsistent entries

o Spatial referencing using coordinate systems

o Temporal aggregation (daily/monthly patterns)

This step ensures data quality and consistency for subsequent analysis.

Spatio-Temporal Modeling
The core analytical component of the framework focuses on identifying crime patterns using spatial and temporal
techniques. Kernel Density Estimation (KDE) is applied to generate heatmaps that represent crime intensity across regions.
Temporal analysis is incorporated by grouping crime events over time intervals, enabling the identification of evolving
crime trends. The integration of these two dimensions allows for dynamic hotspot detection.
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Spatio-Temporal Crime Intensity Variation
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Fig 7: Spatio-Temporal Crime Intensity Variation

Graph shows how crime intensity varies over time, illustrating temporal trends in crime occurrence. It supports the concept
of spatio-temporal modeling by demonstrating that crime patterns are dynamic and influenced by time-based factors.

Risk Factor Integration

To overcome the limitations of traditional models, the proposed framework incorporates environmental and contextual risk
factors. These may include:
e Population density
e Urban infrastructure
o Mobility patterns

By integrating these factors with spatial and temporal data, the framework provides a more comprehensive understanding
of crime occurrence. This enhances the ability to identify not just where crimes occur, but also why they occur.

Multi-Type Crime Interaction Analysis
Unlike conventional approaches, the framework considers multiple crime categories simultaneously. This enables the
identification of interdependencies between different crime types, leading to more accurate and holistic crime pattern analysis.

Visualization and Decision Support
The final component of the framework focuses on generating interpretable outputs for law enforcement agencies. Heatmaps
are used as the primary visualization tool to represent crime intensity and risk levels.
These visualizations assist in:
o |dentifying high-risk zones
e Allocating police resources efficiently
e Supporting strategic planning

Framework Advantages
The proposed framework offers several key advantages:
Integration: Combines spatial, temporal, and risk factors

¢ Interpretability: Provides visual outputs (heatmaps) for decision-making

o Scalability: Applicable to different regions and datasets

o Practicality: Focuses on real-world implementation

Feature Existing Methods Proposed Framework
Spatial-Temporal Integration Partial or separate handling Unified spatio-temporal modeling
Risk Factor Integration Rarely included Integrated risk-aware analysis
Multi-Crime Analysis Single crime focus Supports multiple crime interactions
Model Interpretability Low (black-box models) High (visual outputs like heatmaps)
Real-World Applicability Limited datasets Region-specific datasets (Chhattisgarh)
Framework Design Fragmented approaches Unified modular framework

Table no 4: Comparison of Proposed Framework with Existing Methods
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Table no 4 compares the proposed framework with existing approaches based on key features such as spatio-temporal
integration, risk inclusion, interpretability, and applicability. It highlights the advantages of the proposed system and justifies its
contribution to the field.

V. EXPECTED OUTCOME AND DISCUSSION
Conceptual Evaluation of the Proposed Framework
The proposed framework is conceptually evaluated based on its ability to address the limitations identified in existing
approaches. By integrating spatial, temporal, and risk-based components, the framework provides a more comprehensive analytical
structure compared to traditional and standalone models.
Unlike conventional methods that focus primarily on crime density, the proposed approach emphasizes the combination of
multiple analytical dimensions, enabling improved contextual interpretation of crime occurrences.

Analytical Insights

As illustrated in Graph 7, crime intensity exhibits temporal variation, indicating the importance of time-aware modeling.
Similarly, spatial heatmaps enable the identification of localized hotspots, reinforcing the effectiveness of KDE-based spatial
analysis when combined with temporal dynamics.

Impact of Risk Integration

The inclusion of environmental and contextual factors (Fig.4) enhances the explanatory capability of the framework. Unlike
traditional hotspot detection methods, the proposed approach enables identification of crime opportunity zones, where multiple
risk factors converge.

This approach shifts the focus from merely identifying where crimes occur to understanding the underlying conditions that
contribute to crime, thereby improving the analytical depth of the system.

Comparative Analysis

Table no 4 demonstrates that the proposed framework provides improved integration, interpretability, and practical
applicability compared to existing methods. While deep learning models offer high accuracy, they lack transparency, which is
addressed in the proposed approach through visual and interpretable outputs.

Furthermore, the framework emphasizes interpretability through visual outputs such as heatmaps, addressing one of the
key limitations of deep learning-based models.

Practical Implications
The framework is designed to support real-world policing applications by providing interpretable and actionable insights.
It can assist law enforcement agencies in:
o |dentifying high-risk areas
e Understanding temporal crime trends
e Supporting strategic decision-making
The use of region-specific datasets enhances its applicability in diverse environments, particularly in data-constrained regions.

Discussion

Overall, the conceptual analysis suggests that the proposed framework has the potential to bridge the gap between predictive
modeling and practical crime analysis. By integrating risk-aware components with spatio-temporal modeling, the framework
enhances bhoth interpretability and usability.

While the current study focuses on conceptual design, future implementation and validation using real-world datasets can
further strengthen the effectiveness of the proposed approach.

VI. CONCLUSION AND FUTURE WORK

This paper presented a comprehensive study on spatio-temporal crime analysis and highlighted the limitations of existing
approaches through a structured literature review and research gap analysis. It was observed that current models often lack
integration of a multi-dimensional analytical approach, along with limited interpretability and practical applicability.

To address these challenges, a risk-aware spatio-temporal framework was proposed that combines spatial analysis, temporal
dynamics, and environmental risk factors into a unified structure. The framework emphasizes interpretability through visual
analytics and supports the identification of crime opportunity zones, thereby enhancing the understanding of crime patterns beyond
traditional hotspot detection.

The conceptual evaluation indicates that the proposed approach has the potential to improve crime analysis by providing
more meaningful and actionable insights for law enforcement agencies. Its design also ensures adaptability to region-specific
datasets, making it suitable for practical implementation in diverse environments.

However, this study is limited to a conceptual framework. Future work will focus on implementing the proposed model
using real-world datasets, integrating advanced machine learning techniques, and developing decision-support systems for
automated policing strategies.

In conclusion, the proposed framework contributes toward the development of interpretable, integrated, and practically
applicable crime analysis systems, supporting more effective and data-driven policing strategies.
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