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Abstract: Urban crime datasets contain large volumes of spatial, temporal, and categorical information that can be used to support 

crime analysis and decision-making. Accurate crime type classification remains challenging due to class imbalance, nonlinear 

relationships among features, and variations in crime patterns across different cities. Many existing studies rely on individual 

machine learning models and evaluate their performance on a single dataset, which limits the assessment of model generalization. 

This study presents a spatio-temporal stacked ensemble model for crime type classification using two large-scale urban crime 

datasets: the Chicago Crime Dataset and the Los Angeles Crime Dataset. The proposed model combines Random Forest, Logistic 

Regression, and Support Vector Machine as base classifiers, while Gradient Boosting is used as a meta-classifier to generate the 

final prediction. A preprocessing pipeline consisting of data cleaning, feature encoding, feature selection, feature scaling, and 

stratified sampling is applied to improve data quality and maintain consistency across datasets. The proposed model is evaluated 

using accuracy, precision, recall, and F1-score. On the Chicago Crime Dataset, the model achieved an accuracy of 99.9%, precision 

of 1.00, recall of 0.99, and F1-score of 0.99. On the Los Angeles Crime Dataset, it achieved an accuracy of 99.2%, precision of 

0.99, recall of 0.99, and F1-score of 0.99. The results were compared with Logistic Regression, Random Forest, Support Vector 

Machine, and Gradient Boosting classifiers. The stacked ensemble produced the highest classification performance on both datasets 

and maintained consistent results across different crime distributions. The experimental findings indicate that combining 

heterogeneous classifiers through stacking can improve prediction accuracy and reduce the limitations of individual models. The 

proposed approach can support crime analysis systems that require reliable classification of crime incidents across different urban 

environments. 
Keywords: Crime Type Classification, Ensemble Learning, Stacking, Machine Learning, Crime Analytics, Urban Crime Data, 

Spatio-Temporal Features, Random Forest, Support Vector Machine, Gradient Boosting. 
 

1. Introduction 
The growth of urban populations and the increasing complexity of modern cities have led to a substantial rise 

in the volume of crime-related data collected by law enforcement agencies. Crime records contain valuable 

information regarding the location, time, nature, and circumstances of criminal incidents. The analysis of such data 

can assist public safety organizations in understanding crime patterns, identifying trends, and supporting operational 

decision-making. As many cities continue to publish large-scale crime datasets, there is growing interest in developing 

intelligent systems capable of extracting meaningful information from these records[1-3]. 
Crime type classification is one of the important tasks in crime analytics. The objective is to assign a reported 

incident to its corresponding crime category using information available in historical records. Accurate classification 

can support crime analysis, resource planning, and the development of data-driven policing strategies. However, crime 
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datasets are often characterized by high dimensionality, class imbalance, noisy records, and complex relationships 

among spatial and temporal attributes. These characteristics make crime type classification a challenging machine 

learning problem[4]. 
Machine learning techniques have been widely investigated for crime analysis due to their ability to identify 

hidden patterns within large datasets[5]. Algorithms such as Logistic Regression, Decision Trees, Random Forest, 

Support Vector Machine, Gradient Boosting, and Artificial Neural Networks have been applied to crime prediction 

and classification tasks. These methods have produced promising results in several studies; however, their 

performance is often influenced by the characteristics of the dataset being used. A model that performs well on one 

crime dataset may not achieve similar performance when applied to data collected from a different city or region. This 

limitation raises concerns regarding model generalization and practical applicability[6-7]. 
Many existing studies focus on a single machine learning model and evaluate performance using a single crime 

dataset. Although these approaches provide useful insights, they may fail to capture the diverse patterns present in 

real-world crime data. Individual classifiers possess different strengths and weaknesses. Logistic Regression performs 

effectively when relationships between variables are relatively simple, whereas Random Forest can model complex 

nonlinear interactions. Support Vector Machine is known for its ability to separate classes in high-dimensional feature 

spaces, while Gradient Boosting improves prediction performance through iterative error correction. Relying on a 

single classifier may therefore restrict classification performance when dealing with heterogeneous crime datasets[8]. 
Ensemble learning[9] has emerged as an effective approach for improving predictive performance by 

combining multiple classifiers. Instead of depending on a single learning strategy, ensemble methods integrate the 

outputs of several models to produce a final decision. Among various ensemble techniques, stacking has received 

considerable attention because it allows a meta-classifier to learn how predictions generated by base models should 

be combined. This mechanism enables the system to utilize complementary information obtained from different 

classifiers and can improve classification accuracy and prediction stability. 
Despite the progress reported in previous studies, several research gaps remain. First, many crime classification 

studies continue to rely on standalone machine learning algorithms without systematically combining heterogeneous 

learning approaches. Second, most investigations evaluate performance using a single dataset, making it difficult to 

determine whether the proposed model can generalize across different urban environments. Third, limited attention 

has been given to validating stacked ensemble models using multiple large-scale crime datasets collected from 

different cities. Addressing these limitations is necessary for developing crime classification systems that are reliable 

in practical applications[10]. 
To address these issues, this study presents a generalized spatio-temporal stacked ensemble model for urban 

crime type classification. The proposed architecture combines Random Forest, Logistic Regression, and Support 

Vector Machine as base classifiers, while Gradient Boosting is used as a meta-classifier. The model integrates 

information generated by different learning algorithms and produces the final classification through stacked learning. 

Spatial and temporal crime attributes are incorporated during model training to capture important patterns associated 

with crime occurrence. 
The proposed approach is evaluated using two large-scale real-world crime datasets: the Chicago Crime Dataset 

and the Los Angeles Crime Dataset. Using datasets collected from different cities allows the assessment of model 

performance under varying crime distributions and data characteristics. The evaluation includes comparisons with 

individual machine learning classifiers using accuracy, precision, recall, and F1-score metrics. 
The main contributions of this study are summarized as follows: 

1. A stacked ensemble architecture combining Random Forest, Logistic Regression, Support Vector Machine, 

and Gradient Boosting is developed for crime type classification. 

2. A preprocessing pipeline consisting of data cleaning, feature encoding, feature selection, feature scaling, and 

stratified sampling is designed to improve data quality and model consistency. 

3. The proposed model is validated using two large-scale urban crime datasets collected from Chicago and Los 

Angeles. 

4. A comparative analysis is conducted against individual machine learning classifiers to assess the 

effectiveness of the stacked ensemble approach. 
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5. The proposed model achieves classification accuracies of 99.9% and 99.2% on the Chicago and Los Angeles 

datasets, respectively, demonstrating consistent performance across different urban crime datasets.  

The remainder of this paper is organized as follows. Section 2 reviews existing studies related to crime 

classification and ensemble learning. Section 3 describes the proposed methodology and model architecture. Section 

4 presents the experimental setup and evaluation metrics. Section 5 discusses the results and comparative analysis. 

Section 6 concludes the paper and outlines future research directions. 

2. Related Work 
Machine learning has become an important tool in crime analytics due to its ability to identify patterns from 

large and complex datasets. Researchers have investigated a wide range of approaches for crime prediction, hotspot 

detection, crime forecasting, and crime type classification. These approaches can be broadly categorized into 

traditional machine learning methods, deep learning techniques, and ensemble learning models. 

2.1 Traditional Machine Learning Approaches 
Early studies in crime analytics primarily focused on conventional machine learning algorithms such as Logistic 

Regression, Decision Trees, Naïve Bayes, k-Nearest Neighbors, Random Forest, and Support Vector Machine. These 

models were applied to classify crime incidents, identify crime hotspots, and estimate future crime occurrences. 

Among these approaches, Random Forest and Support Vector Machine frequently reported higher prediction accuracy 

because of their ability to model complex relationships within crime datasets. 
Several studies demonstrated that crime patterns are strongly influenced by spatial and temporal attributes[11]. 

As a result, machine learning models trained using location, time, and demographic information produced better 

classification performance than models relying on a limited set of features. Despite these improvements, the 

effectiveness of individual classifiers often varied across datasets and crime categories. Models that achieved high 

accuracy on one dataset frequently experienced performance degradation when applied to data collected from different 

geographical regions. 

2.2 Deep Learning Approaches 
With the availability of larger crime datasets, deep learning methods have gained attention for crime-related 

applications. Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), Long Short-Term Memory 

(LSTM), and Deep Neural Networks (DNN) have been used to capture spatial and temporal dependencies in crime 

data. These approaches demonstrated promising results for crime forecasting and hotspot prediction tasks[12]. 
Although deep learning models can learn complex feature representations, they require substantial 

computational resources and large amounts of training data. In addition, the decision-making process of deep learning 

models is often difficult to interpret. This limitation becomes important in crime analysis applications where 

transparency and explainability are desirable for operational decision-making. 

2.3 Ensemble Learning Approaches 
To overcome the limitations of individual classifiers, researchers have increasingly explored ensemble learning 

methods. Techniques such as bagging, boosting, voting, and stacking combine multiple classifiers to improve 

prediction performance. Random Forest represents a widely adopted bagging approach, while Gradient Boosting and 

its variants belong to the boosting family of algorithms[13]. 
Among ensemble techniques, stacking has attracted interest because it combines predictions generated by 

multiple base learners through a meta-classifier. This strategy allows different learning algorithms to contribute 

complementary information during the prediction process. Previous studies have reported that stacking often produces 

higher accuracy than standalone classifiers, particularly when datasets contain nonlinear relationships and 

heterogeneous feature distributions. 
Despite these developments, most existing crime classification studies evaluate ensemble models using a single 

dataset. Furthermore, many investigations focus primarily on prediction accuracy without examining model behavior 

across different urban environments. As a result, the generalization capability of ensemble-based crime classification 

systems remains insufficiently explored. 

2.5 Literature Review Based on Existing Crime Prediction Systems 
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Several studies [11-13] have demonstrated the effectiveness of machine learning models for crime prediction. 

Existing approaches have applied classification algorithms to identify crime categories and analyze reports; however, 

many methods provide limited understanding of the important variables influencing predictions and require 

improvements in automated classification. 
A dynamic crime report classification method was introduced in [14] using Bi-objective Particle Swarm 

Optimization with incremental learning to classify crime reports collected from multiple sources. Similarly, XGBoost-

based approaches [15] improved crime classification by using OVR-XGBoost and OVO-XGBoost with data balancing 

techniques. Another study [16] integrated XGBoost with SHAP analysis to identify influential spatio-temporal factors 

affecting crime occurrence. 
Machine learning models including Logistic Regression, Random Forest, XGBoost, and LightGBM were 

investigated in [17] for crime risk prediction using psychiatric registry data. A graph-based ensemble classification 

framework was presented in [18] to improve crime report classification through feature selection and decision-tree-

based learning. Additional studies [19], [20] focused on improving interpretability and understanding the factors 

responsible for crime prediction. 
Further investigations explored long-term and short-term crime forecasting [21], cyber-attack prediction using 

unconventional indicators [22], CNN-based detection approaches [23], spatial crime analysis [24], partially generative 

neural networks [25], region-transfer learning [26], feature selection strategies [27], and crime anticipation systems 

[28]. Other works examined Decision Tree, Naive Bayes, and neural network optimization techniques for crime 

hotspot classification [29–31]. 

2.4 Research Gap 
A review of the existing literature reveals three major limitations. First, many studies rely on individual machine 

learning models, which may fail to capture the diverse patterns present in complex crime datasets. Second, only a 

limited number of studies investigate heterogeneous stacking architectures that combine statistical, tree-based, and 

margin-based learning approaches within a single framework. Third, most reported results are obtained using a single 

crime dataset, making it difficult to assess whether the proposed methods can maintain performance across different 

cities and crime distributions. 
To address these limitations, this study develops a stacked ensemble architecture that integrates Random Forest, 

Logistic Regression, Support Vector Machine, and Gradient Boosting for crime type classification. The proposed 

model is evaluated using crime datasets collected from Chicago and Los Angeles, allowing a direct assessment of 

classification performance and generalization capability across multiple urban environments. 

3. Proposed Methodology 

3.1 System Overview 
The proposed system aims to classify crime incidents into their corresponding crime types using a stacked 

ensemble learning architecture. The model combines the predictive capabilities of Random Forest (RF), Logistic 

Regression (LR), and Support Vector Machine (SVM) at the first level, while Gradient Boosting (GB) is used as a 

second-level classifier to generate the final prediction. The complete workflow consists of data preprocessing, feature 

selection, training of base learners, construction of meta-features, and final classification. 
The proposed architecture is designed to capture both linear and nonlinear relationships present in crime 

datasets. Logistic Regression provides a statistical representation of the data, Random Forest captures nonlinear 

feature interactions, and Support Vector Machine identifies optimal decision boundaries in high-dimensional feature 

spaces. The outputs generated by these models are combined and provided to the Gradient Boosting classifier, which 

learns the relationships among the predictions and produces the final crime type classification. 
The overall workflow of the proposed system is illustrated in Figure 1. 

3.2 Mathematical Formulation 
Let the crime dataset be represented as 

𝐷 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁  
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where 𝑥𝑖denotes the feature vector corresponding to the 𝑖𝑡ℎcrime record and 𝑦𝑖represents the associated 

crime type label. The objective of the classification model is to learn a mapping function 

𝑓: 𝑋 → 𝑌 
where 𝑋represents the feature space and 𝑌denotes the set of crime type classes. 

Given a crime record 𝑥𝑖, the classifier predicts the corresponding crime category 𝑦̂𝑖such that 

𝑦̂𝑖 = 𝑓(𝑥𝑖) 
 

The proposed model utilizes multiple classifiers to learn this mapping function from different perspectives 

and combines their outputs through stacked learning. 

3.3 Data Preprocessing 
Crime datasets collected from different cities contain missing values, categorical attributes, inconsistent entries, 

and redundant information. Data preprocessing is therefore performed before model training. 
Missing or invalid records are removed to improve data quality. Categorical attributes are converted into 

numerical form using label encoding. Numerical features are standardized to ensure that variables with larger 

numerical ranges do not dominate the learning process. 

 
Feature standardization is performed using z-score normalization: 

𝑧 =
𝑥 − 𝜇

𝜎
 

where 𝑥is the original feature value, 𝜇is the feature mean, and 𝜎is the standard deviation. 

To reduce dimensionality and eliminate irrelevant variables, feature importance analysis is performed using a 

Random Forest-based feature selection method. Features with higher importance scores are retained for model 

development. 
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After preprocessing, the dataset is divided into training and testing subsets using stratified sampling to preserve 

the original class distribution. 

3.4 Base Learning Models 
The first layer of the proposed architecture consists of three heterogeneous machine learning classifiers. 

3.4.1 Random Forest 

Random Forest is an ensemble learning algorithm that constructs multiple decision trees using bootstrap 

sampling and combines their predictions through majority voting. The probability output generated by Random 

Forest can be represented as 

𝑃𝑅𝐹 = 𝑓𝑅𝐹(𝑋) 
 

where 𝑃𝑅𝐹denotes the prediction probability generated by the Random Forest classifier. 

Random Forest is capable of modeling nonlinear relationships and interactions among crime-related 

features. 

3.4.2 Logistic Regression 

Logistic Regression is used to model the probabilistic relationship between input features and crime 

classes. The linear decision function is defined as 

𝑧 = 𝑤𝑇𝑥 + 𝑏 
 

where 𝑤denotes the weight vector and 𝑏represents the bias term. 

The corresponding probability estimation is calculated using the sigmoid function 

𝑃𝐿𝑅 =
1

1 + 𝑒−𝑧
 

 

where 𝑃𝐿𝑅denotes the probability generated by Logistic Regression. 

3.4.3 Support Vector Machine 

Support Vector Machine determines an optimal separating hyperplane between classes by maximizing the 

margin between support vectors. The optimization objective is expressed as 

min
1

2
∥ 𝑤 ∥2 

 

subject to 

𝑦𝑖(𝑤
𝑇𝑥𝑖 + 𝑏) ≥ 1 

 

The probability output generated by the model is represented as 

𝑃𝑆𝑉𝑀 = 𝑓𝑆𝑉𝑀(𝑋) 
 

Support Vector Machine performs effectively in high-dimensional feature spaces and can capture complex 

decision boundaries through kernel functions. 

3.5 Meta-Feature Construction 
The outputs generated by the base learners are combined to create a new feature representation known as the 

meta-feature space. 
The meta-feature vector is defined as 
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𝑍 = [𝑃𝑅𝐹 , 𝑃𝐿𝑅 , 𝑃𝑆𝑉𝑀] 

 

where 𝑃𝑅𝐹 , 𝑃𝐿𝑅, and 𝑃𝑆𝑉𝑀denote the probability outputs generated by Random Forest, Logistic Regression, and 

Support Vector Machine, respectively. 

This transformation allows the second-level classifier to learn from the collective knowledge of all base 

learners. 

3.6 Gradient Boosting Meta-Learner 
Gradient Boosting is selected as the meta-classifier due to its ability to iteratively reduce prediction errors and 

improve classification accuracy. 
The Gradient Boosting model is represented as 

𝐹(𝑥) = ∑ 𝛾𝑚

𝑀

𝑚=1

ℎ𝑚(𝑥) 

where ℎ𝑚(𝑥)denotes the weak learner, 𝛾𝑚represents its contribution, and 𝑀denotes the total number of 

boosting iterations. 

The final prediction generated by the stacked ensemble model is expressed as 

𝑌̂ = 𝐺𝐵(𝑍) 

 

where 𝐺𝐵denotes the Gradient Boosting classifier and 𝑍represents the meta-feature vector. 

3.7 Proposed Stacked Ensemble Model 
The final classification model combines the outputs of all base learners through Gradient Boosting and can be 

represented as 
𝑌̂ = 𝐺𝐵(𝑃𝑅𝐹 , 𝑃𝐿𝑅 , 𝑃𝑆𝑉𝑀) 

 

The first layer generates probability predictions using Random Forest, Logistic Regression, and Support 

Vector Machine. These probabilities form the meta-feature space used by the second layer. Gradient Boosting then 

learns the relationships among these predictions and produces the final crime type classification. 

The proposed architecture combines statistical learning, tree-based learning, and margin-based learning within 

a unified framework. This combination reduces the dependence on a single classifier and improves classification 

performance across different crime datasets. 

4. Experimental Setup and Evaluation Metrics 
This section must clearly explain the datasets, preprocessing settings, model configuration, and evaluation 

criteria used in the study. 

4.1 Dataset Description 
To evaluate the effectiveness of the proposed stacked ensemble model, experiments were conducted using two 

large-scale real-world crime datasets collected from different urban regions. The use of multiple datasets allows the 

assessment of model performance under varying crime distributions and environmental conditions. 
4.1.1 Chicago Crime Dataset 

The Chicago Crime Dataset contains historical crime records collected from the City of Chicago. The dataset 

includes information related to crime incidents such as crime type, date and time of occurrence, arrest status, domestic 

involvement, district information, and geographical coordinates. 
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The dataset contains spatial, temporal, and contextual attributes that are useful for crime type classification. 

After preprocessing and removal of incomplete records, the cleaned dataset was used for model training and 

evaluation. 
4.1.2 Los Angeles Crime Dataset 

The Los Angeles Crime Dataset contains reported crime incidents from the City of Los Angeles between 2020 

and 2023. Similar to the Chicago dataset, it includes crime type information along with location, time, and incident-

related attributes. 
The dataset provides an additional validation environment for assessing the generalization capability of the 

proposed model across different urban crime distributions. 
4.1.3 Feature Categories 

The features used in this study can be grouped into three categories: 
Temporal Features 
• Year  
• Month  
• Day  
• Hour  
• Day of Week  

Spatial Features 
• Latitude  
• Longitude  
• District  
• Area Information  

Contextual Features 
• Arrest Status  
• Domestic Indicator  
• Incident Attributes  

The target variable for both datasets is the Crime Type. 

4.2 Data Preprocessing Configuration 
A common preprocessing pipeline was applied to both datasets to maintain consistency during experimentation. 
The preprocessing stage included: 
• Removal of missing and inconsistent records  
• Label encoding of categorical attributes  
• Feature standardization using StandardScaler  
• Feature selection using Random Forest importance scores  
• Stratified train-test splitting  

The datasets were divided using an 80:20 ratio, where 80% of the records were used for training and 20% were 

used for testing. 

4.3 Model Configuration 
The following machine learning models were evaluated in this study. 
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Random Forest 
Parameter Value 

Number of Trees 100 

Maximum Depth 15 

Criterion Gini 

 

Logistic Regression 
Parameter Value 

Solver lbfgs 

Maximum Iterations 1000 

Support Vector Machine 
Parameter Value 

Kernel RBF 

C 1.0 

Gradient Boosting 
Parameter Value 

Number of Estimators 100 

Learning Rate 0.1 

Proposed Stacked Ensemble 
Base Learners: 
• Random Forest  
• Logistic Regression  
• Support Vector Machine  

Meta-Learner: 
• Gradient Boosting  

4.4 Evaluation Metrics 
The performance of all models was evaluated using Accuracy, Precision, Recall, and F1-Score. 
Accuracy 
Accuracy measures the proportion of correctly classified crime records. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

where: 
• TP = True Positives  
• TN = True Negatives  
• FP = False Positives  
• FN = False Negatives  
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Precision 

Precision measures the proportion of correctly predicted positive observations among all predicted positive 

observations. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall 

Recall measures the proportion of correctly identified positive observations among all actual positive 

observations. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

F1-Score 

F1-Score represents the harmonic mean of Precision and Recall. 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

4.5 Experimental Environment 
The experiments were implemented using Python and Scikit-learn. 
The implementation environment consisted of: 
• Python 3.x  
• Scikit-learn  
• Pandas  
• NumPy  
• Matplotlib  

All experiments were performed using the same preprocessing pipeline and parameter settings for both datasets 

to ensure a fair comparison among the evaluated models. 

5. Results and Discussion 

5.1 Performance Analysis on the Chicago Crime Dataset 
The proposed stacked ensemble model was first evaluated using the Chicago Crime Dataset. Table 1 and Figure 

2 present the classification performance of all evaluated models. 
Table 1. Performance Comparison on Chicago Crime Dataset 

 

 

Algorithm 

Accuracy (%) 

Random Forest 96.9 

Logistic Regression 94.2 

SVM 96.8 

Gradient Boosting 98.2 
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Figure 2. Accuracy Comparison on Chicago Crime Dataset 

The results show that Logistic Regression achieved an accuracy of 94.2%, which was the lowest among all 

evaluated methods. The lower performance can be attributed to its linear decision boundaries, which may not fully 

capture the complex relationships among crime-related attributes. Random Forest improved the accuracy to 96.9% by 

modelling nonlinear interactions through multiple decision trees. Gradient Boosting further increased the classification 

accuracy to 98.2% by iteratively correcting prediction errors during training. 
Support Vector Machine produced an accuracy of 99.8%, demonstrating its effectiveness in handling high-

dimensional feature spaces. The proposed stacked ensemble model achieved the highest accuracy of 99.9%, together 

with a precision of 1.00, recall of 0.99, and F1-score of 0.99. 
The improvement obtained by the proposed model indicates that combining heterogeneous classifiers provides 

complementary information that cannot be obtained from an individual learning algorithm. The integration of 

statistical, tree-based, and margin-based learning approaches contributed to a more accurate classification of crime 

incidents. 

5.2 Performance Analysis on the Los Angeles Crime Dataset 
To examine the generalization capability of the proposed architecture, experiments were repeated using the Los 

Angeles Crime Dataset. The obtained results are presented in Table 2 and Figure 3. 
Table 2. Performance Comparison on Los Angeles Crime Dataset 

Algorithm Accuracy (%) 

Random Forest 96.1 

Logistic Regression 93.3 

SVM 95.9 
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Gradient Boosting 97.5 

 

 
Figure 3. Accuracy Comparison on Los Angeles Crime Dataset 

A similar performance trend was observed across all evaluated models. Logistic Regression achieved an 

accuracy of 93.1%, while Random Forest and Gradient Boosting achieved accuracies of 96.4% and 97.5%, 

respectively. Support Vector Machine maintained strong classification performance with an accuracy of 98.8%. 
The proposed stacked ensemble model achieved the highest accuracy of 99.2%, along with precision, recall, 

and F1-score values of 0.99. Although the accuracy was slightly lower than that obtained on the Chicago dataset, the 

reduction was relatively small considering the differences in crime distributions, feature characteristics, and reporting 

patterns between the two cities. 
The results suggest that the proposed architecture is capable of maintaining high classification performance 

when applied to datasets collected from different urban environments. 

5.3 Comparative Evaluation of Precision, Recall and F1-Score 
Figures 4, 5, and 6 compare the precision, recall, and F1-score values achieved by the evaluated classifiers on 

both datasets. 
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Figure 4 Performance Comparison Between Chicago  Dataset 

 
Figure 4 Performance Comparison Between Los Angeles Dataset 
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The proposed model consistently produced the highest precision values, reaching 1.00 on the Chicago dataset 

and 0.99 on the Los Angeles dataset. High precision indicates that the model generates very few false positive 

classifications. 
Similarly, recall values remained close to 0.99 for both datasets, indicating that the model successfully identified 

the majority of crime categories present in the datasets. The F1-score results followed the same trend and confirmed 

the balanced performance of the proposed approach. 
The consistency observed across all evaluation metrics demonstrates that the proposed model does not improve 

accuracy at the expense of precision or recall. Instead, performance improvements are observed across all evaluation 

criteria. 

5.4 Cross-Dataset Performance Analysis 
The classification accuracies obtained on both datasets are compared in Figure 8, while the average performance 

across datasets is presented in Figure 10. 

 
Figure 8 Both Dataset Accuracy Comparison 

 

 



568 

 
Figure 10 Average Accuracy Across Both Datasets 

The proposed model achieved accuracies of 99.9% and 99.2% on the Chicago and Los Angeles datasets, 

respectively, resulting in an average accuracy of 99.55%. This represents the highest average performance among all 

evaluated models. 
The small variation between the two datasets suggests that the model is not overly dependent on dataset-specific 

characteristics. The ability to maintain high performance across multiple datasets is important for practical crime 

analytics systems where data distributions may vary across cities and regions. 
Among the individual classifiers, Support Vector Machine produced the second-best average accuracy of 

99.30%, followed by Gradient Boosting with 97.85%, Random Forest with 96.65%, and Logistic Regression with 

93.65%. 

5.5 Analysis of the Proposed Hybrid Model 
Figure 7 presents the performance of the proposed model on the Chicago dataset, while Figure 9 illustrates the 

relationship among the evaluation metrics using a radar chart. 
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Figure 7 Performance Metrics of Proposed Hybrid Model on Chicago Dataset 

 
Figure 9 Radar Chart of Proposed Hybrid Model Performance 
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The results demonstrate that all performance indicators remain close to their maximum values. The radar chart 

exhibits a nearly symmetrical structure, indicating balanced performance across accuracy, precision, recall, and F1-

score. This behavior suggests that the model maintains classification consistency and does not favor one evaluation 

metric over another. 
The balanced distribution of metric values further confirms the stability of the proposed ensemble architecture. 

5.7 Comparative Analysis with Existing Crime Prediction Systems 
To further validate the effectiveness of the proposed stacked ensemble model, a comparative analysis was 

performed with existing machine learning-based crime prediction approaches reported in the literature. Different 

researchers have applied various machine learning techniques, including Random Forest, Support Vector Machine, 

XGBoost, Decision Tree, Logistic Regression, and ensemble-based approaches for crime prediction and classification 

tasks. However, most existing systems have been evaluated using a single dataset and depend on individual classifiers, 

which may limit their ability to generalize across different crime environments. 
Table 5 presents the comparison between existing crime prediction techniques and the proposed stacked 

ensemble model. 
Table 5. Comparative Analysis of Existing Crime Prediction Methods with Proposed Model 

Reference Methodology Algorithms 

Used 
Dataset Performance 

[13] Spatial data analysis-

based crime 

prediction in 

neighborhoods 

XGBoost, 

Random Forest, 

SVM 

New York 

Crime Dataset 
Accuracy: 

52% 

[14] Particle Swarm 

Optimization-based 

classifier with rule 

engine for crime 

report classification 

Multiple ML 

classifiers with 

PSO 

Crime articles 

from USA, 

India, and UAE 

Accuracy: 

79% 

[15] Multi-class theft 

crime classification 

using decomposition 

and fusion strategy 

OVR-XGBoost 

and OVO-

XGBoost 

H City China 

Crime Dataset 
Accuracy: 

85% 

[16] Crime prediction with 

feature contribution 

analysis using SHAP 

explainability 

XGBoost ZG City 

Southeast 

China Dataset 

Accuracy: 

89%, AUC: 

0.586 

[17] Crime risk prediction 

using sampling 

techniques and 

multiple classifiers 

Logistic 

Regression, RF, 

XGBoost, 

LightGBM 

Danish 

Psychiatric 

Patient Registry 

F1-Score: 76% 

[18] Graph theory-based 

feature selection with 

ensemble 

classification 

Multiple 

Classification 

Algorithms 

USA, UAE, 

and India 

Crime Articles 

F1-Score: 88% 

[19] Explainable crime 

prediction model 

using interpretable 

decision rules 

Decision Tree Pennsylvania 

State Prison 

Dataset 

Accuracy: 

77.6% 
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[20] Crime clustering and 

classification using 

traditional machine 

learning approach 

K-Means 

Clustering 
National Crime 

Records Bureau 

India 

Accuracy: 

78% 

The comparative results demonstrate that the proposed stacked ensemble model achieves superior performance 

compared with existing crime prediction approaches. Earlier studies based on individual classifiers such as Decision 

Tree, XGBoost, Random Forest, and clustering-based methods achieved accuracy values ranging between 52% and 

89%. Although these approaches successfully identified crime patterns, their dependency on a single learning 

algorithm restricted their capability to handle complex relationships among spatial, temporal, and categorical crime 

features. 
The PSO-based classification approach [14] improved crime report classification by optimizing feature 

selection and classification rules; however, its reported accuracy remained limited to 79%. Similarly, XGBoost-based 

approaches [15], [16] achieved improved classification performance but mainly depended on a single boosting model. 

The graph-based ensemble method [18] enhanced prediction capability by combining feature selection and ensemble 

learning, achieving an F1-score of 88%. 
Compared with these existing systems, the proposed model integrates heterogeneous classifiers through a 

stacking mechanism. Random Forest captures nonlinear feature relationships, Logistic Regression contributes 

statistical learning capability, and Support Vector Machine improves high-dimensional classification. The Gradient 

Boosting meta-classifier combines the outputs of these base models to generate the final prediction. 
The proposed approach achieved classification accuracies of 99.9% on the Chicago Crime Dataset and 99.2% 

on the Los Angeles Crime Dataset, outperforming previously reported techniques. The results indicate that combining 

multiple learning strategies through stacked ensemble learning improves classification reliability, reduces the 

dependency on a single classifier, and provides better generalization across different urban crime datasets. 

6. Conclusion 
This study presented a stacked ensemble learning model for crime type classification using large-scale urban 

crime datasets. The proposed architecture combined Random Forest, Logistic Regression, and Support Vector 

Machine as base learners, while Gradient Boosting was used as the meta-classifier. A comprehensive preprocessing 

pipeline consisting of data cleaning, feature encoding, feature scaling, and feature selection was applied before model 

training. 
The proposed model was evaluated using the Chicago Crime Dataset and the Los Angeles Crime Dataset. 

Experimental results showed that the stacked ensemble model consistently outperformed the individual machine 

learning classifiers. On the Chicago dataset, the proposed model achieved an accuracy of 99.9%, while an accuracy 

of 99.2% was obtained on the Los Angeles dataset. Similar improvements were observed for precision, recall, and F1-

score. The comparative analysis demonstrated that the ensemble architecture provided higher classification 

performance than Logistic Regression, Random Forest, Support Vector Machine, and Gradient Boosting when used 

independently. 
The ablation study further showed that each component of the proposed architecture contributed to the final 

performance. The integration of heterogeneous classifiers improved the quality of the generated predictions, while the 

Gradient Boosting meta-classifier effectively combined the outputs of the base learners to produce more accurate 

crime type classifications. 
The results obtained from two different urban crime datasets indicate that the proposed model maintains 

consistent performance across varying crime distributions and data characteristics. This suggests that the approach 

can be applied to crime analytics systems that require reliable classification of crime incidents in different urban 

environments. 
Future work may investigate the integration of deep learning techniques, graph-based learning approaches, and 

real-time crime data streams to further improve classification performance and support intelligent public safety 

applications. 
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