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This study applies data mining techniques to the 2022 Chicago Crime Dataset, which contains 238,591 records, to explore crime patterns and predict the likelihood of an arrest. Two classification models, J48 Decision Tree and Naive Bayes, were implemented and evaluated using 10-fold cross-validation. The J48 model achieved the highest accuracy of 91.877% and a precision of 80.9% for predicting arrests, outperforming Naive Bayes on accuracy, precision, and Kappa, although Naive Bayes achieved a slightly higher recall. K-Means clustering was also applied to identify hidden patterns within arrest cases, revealing that 29% of arrests follow a consistent weekend peak pattern centred on Saturday afternoons. These findings suggest that J48 is particularly suitable for supporting intelligence-led policing strategies, while Naive Bayes may be useful for early-warning systems due to its higher recall. The report also discusses ethical concerns such as algorithmic bias and feedback loops when predictive models are used in policing. Future work should address class imbalance using techniques such as SMOTE and incorporate socioeconomic variables to improve fairness and predictive performance.
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[bookmark: _Toc223829082][bookmark: _Toc224521207][bookmark: _Toc224896599]1 Introduction

1.1 [bookmark: _Toc223829083][bookmark: _Toc224521208][bookmark: _Toc224896600]Background, Aim, and Objectives

Chicago is one of the most challenging cities for law enforcement in the United States, with 239,558 criminal incidents recorded in 2022 alone [8]. With police departments under constant pressure to do more with limited resources, there has been a growing shift from traditional reactive policing towards data-driven, intelligence-led approaches. Machine learning and data mining techniques now offer a practical way to analyse large volumes of crime data, identify patterns, and support better decision-making.
The aim of this study is to apply data mining techniques to the 2022 Chicago Crime Dataset to uncover spatio-temporal crime patterns and build a predictive model that can determine the likelihood of an arrest being made.
The objectives of this study are:
· To pre-process and engineer features from the raw dataset provided by the university, to produce a clean, analysis-ready dataset.
· To implement and compare two classification models, J48 Decision Tree and Naive Bayes, using evaluation metrics including Kappa Statistic, Precision, and Recall.
· To apply K-Means clustering to identify geographic and temporal arrest profiles within the dataset.
· To critically reflect on the ethical implications and potential biases of deploying machine learning in a law enforcement context.
The dataset was provided by the university and originally contained 239,558 records for the full calendar year of 2022. After removing 967 records with missing values during data cleaning, the final dataset used for analysis contained 238,591 records. All modelling was carried out using the Weka 3.9 workbench, with Python used for pre-processing and feature engineering.
This report is structured as follows. Section 2 describes the dataset and preparation steps undertaken to ensure data quality. Section 3 covers the implementation of classification and clustering models. Section 4 evaluates and compares model performance. Section 5 discusses the findings, ethical implications, and recommendations for future work, before Section 6 presents the final conclusions.

1.2 [bookmark: _Toc223829084][bookmark: _Toc224521209][bookmark: _Toc224896601]Literature Review

The use of machine learning for crime analysis has grown rapidly in recent years, with researchers demonstrating that algorithmic approaches can significantly improve the accuracy and efficiency of crime prediction compared to traditional methods [1]. Studies have shown that classification algorithms, particularly tree-based models, are well suited to crime datasets because of their ability to handle categorical variables such as crime type and location, while also producing results that are easy to interpret and explain to non-technical audiences [3].
Decision trees like J48 are especially valued in public sector applications because they work as white-box models, meaning every decision the model makes can be traced back through a clear set of rules. This transparency is important in law enforcement, where decisions based on algorithmic outputs need to be justifiable and auditable. In contrast, probabilistic classifiers such as Naive Bayes take a different approach, estimating the probability of an arrest based on the assumption that features are independent of one another. While Naive Bayes tends to be faster and simpler, it can struggle when features are correlated, which is common in complex urban crime data [2].
A recurring challenge across crime prediction research is class imbalance. In most crime datasets, the number of cases where no arrest is made far outweighs the number of actual arrests, making standard accuracy a misleading metric. Research has consistently shown that models trained on imbalanced data tend to favour the majority class, and that metrics like Precision, Recall, and the Kappa Statistic are widely used for evaluating crime prediction performance in the literature [3][4].
Spatio-temporal analysis has also emerged as a key theme in recent literature. Studies have demonstrated that crime does not occur randomly but tends to cluster in specific locations and at specific times [5]. By incorporating temporal features such as hour of day and day of week, predictive models can capture these patterns and provide more actionable intelligence for resource deployment [6]. This directly informed the feature engineering approach taken in this study, where the original timestamp was decomposed into Hour, Day_Name, Month, and Weekend attributes.
Despite the progress made in predicting where crime occurs, there remains a gap in research focused on predicting the probability that a crime will be resolved, meaning that an arrest is made. Most existing studies focus on general crime pattern prediction rather than specifically predicting arrest outcomes [1][2]. This study addresses that gap by using the 2022 Chicago Crime Dataset to identify not only where crimes occur but also which factors, such as the time of day, type of crime, and location, are most strongly associated with a successful arrest, as detailed in Sections 3 and 4.

[bookmark: _Toc223829088][bookmark: _Toc224521210][bookmark: _Toc224896602]2 Data Understanding and Preparation

[bookmark: _Toc223829089][bookmark: _Toc224521211][bookmark: _Toc224896603]2.1 Dataset Selection and Description

The dataset used in this study is the 2022 Chicago Crime Dataset, provided by the university, originally sourced from the Chicago Police Department [8]. It was selected because of its large volume, variety of attributes, and real world relevance to urban crime prediction.

[image: ]
[Figure 1: Table showing the list of 28 attributes]

The original dataset contained 239,558 records and 22 attributes. To improve the quality of the analysis, a feature engineering process was carried out. The Date attribute was broken down into four new temporal features Hour, Day_Name, Month, Month_Name and a binary Weekend indicator was derived from Day_Name. A new grouped feature, Primary_Type_Grouped, was also created from the Primary_Type attribute to consolidate rare crime categories into meaningful groups. These additions expanded the dataset from 22 to 28 attributes, giving the models a richer set of features to detect cyclical and categorical patterns in criminal behaviour. The full list of attributes used in the analysis is summarised in Figure 1.

[bookmark: _Toc223829090][bookmark: _Toc224521212][bookmark: _Toc224896604]2.2 Data Quality and Pre-processing

Before any modelling began, the dataset was carefully audited to check for missing values and noise. The audit found that approximately 967 records, around 0.40% of the total, had missing values, mostly in the spatial fields Latitude, Longitude, and Ward. Since this represented less than 1% of the data, these rows were removed using listwise deletion. Keeping them would have risked introducing spatial bias, where imputed coordinates might cause the model to predict crime hotspots in the wrong areas. After removal, the final dataset contained 238,591 clean records. This was exported as a CSV file and loaded into the Weka 3.9 workbench, with the Arrest attribute set as the nominal target class.
[bookmark: _Toc223829092][bookmark: _Toc224521213][bookmark: _Toc224896605]2.3 Exploratory Data Analysis
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[Figure 2: Pie chart showing 88.2% vs 11.8%]

One of the first things the analysis revealed was a significant class imbalance in the target variable. as shown in Figure 2 only 11.8% of crimes in the dataset resulted in an arrest, while 88.2% did not. This is an important finding because a model that simply predicts no arrest every time would still achieve 88.2% accuracy, which sounds impressive but is completely useless in practice. For this reason, this study focuses on Recall and the Kappa Statistic as the primary evaluation metrics rather than overall accuracy [3][4].
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[Figure 3: Top ten crime types recorded in Chicago during 2022]

Looking at crime types, as shown in Figure 3, Theft was the most frequent with approximately 54,000 cases, followed by Battery with around 40,000 cases [8]. These two categories alone make up a large portion of the total police workload. Interestingly, Narcotics offences had a significantly higher arrest rate compared to Theft, suggesting that different crime types require very different policing strategies.

[image: The crime distribution chart shows the number of incidents occurring each hour throughout a day in 2022.

AI-generated content may be incorrect.]
[Figure 4: Crime distribution by hours]

As shown in Figure 4, criminal activity peaks between 15:00 and 18:00, and that crime rises steadily from January before peaking in October and dropping through November and December. The Day and Hour heatmap provided further detail, showing that weekend evenings between 20:00 and 23:00 had the highest concentration of incidents, while Wednesday mornings between 06:00 and 09:00 were the quietest. 
These patterns directly motivated the decision to engineer Hour and Weekend as separate features, as they capture cyclical behavioural patterns that would be invisible in a raw timestamp [5][6].

[image: The provided text appears to be a line graph depicting the number of crime incidents per month in the year 2022, showing a downward trend from January to December.
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[Figure 5: Monthly Crime Trend]
Figure 5 displays the seasonal variation in crime throughout 2022. Crime increases steadily from January (~15,500 incidents) to peak in October (~23,000), then declines through December (~20,000).

[image: A chart of blue and green squares
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[Figure 6: Day × Hour Heatmap]
Figure 6 visualizes temporal patterns across all days of the week and 24 hours. Midnight shows consistent peaks (bright yellow), while early morning hours (6:00-9:00 AM) are quietest, especially Wednesday (dark blue).
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[Figure 7: Location × Crime Type Crosstab]

Figure 7 shows the intersection of location type and crime type. Street locations have the highest incident counts (~16,000), followed by apartments and residences, demonstrating that both location and crime type are important contextual factors.

[image: ]
[Figure 8: Spatial Crime Density Map]

As shown in Figure 8, crime is heavily concentrated in central Chicago, particularly around the Loop and Near North Side areas. Street-level locations had the highest number of incidents, followed by apartments and residential properties. This geographic clustering provided the motivation for applying K-Means clustering in Section 3.
[bookmark: _Toc223829097][bookmark: _Toc224521214][bookmark: _Toc224896606]3 Model Configuration and Implementation

The modelling phase was divided into two tasks: classification, to predict whether an arrest would be made, and clustering, to identify hidden patterns within arrest cases. Both were carried out using the Weka 3.9 workbench.

[bookmark: _Toc223829098][bookmark: _Toc224521215][bookmark: _Toc224896607]3.1 Classification Models

[bookmark: _Toc223829099]Both classification models were built using 10-fold cross-validation. This approach splits the data into ten equal parts, training on nine and testing on one in rotation, which helps prevent overfitting and gives a reliable estimate of how the model will perform on unseen data [2].

J48 Decision Tree
The J48 algorithm is a decision tree classifier that uses information gain and entropy to decide which attribute to split on at each node. The model was configured with a confidence factor of 0.25 and a minimum of two instances per leaf. When trained on the Chicago dataset, the tree identified Primary_Type as the root node, with further splits on Community_Area, Hour, Domestic, and Longitude. The final tree had 282 nodes and 171 leaves, and was built in 6.88 seconds using 10-fold cross-validation.
The model achieved an accuracy of 91.877%, a Kappa statistic of 0.5003, and a Precision of 80.9% for the arrest class. The fact that Primary_Type is the root node is a meaningful finding, it confirms that the nature of the crime is the strongest single predictor of whether an arrest will be made. For example, Narcotics offences are routed directly to the arrest class with high confidence, which reflects the proactive nature of drug enforcement where officers typically make arrests at the point of discovery. By contrast, Theft and Battery crimes follow more complex paths through the tree involving Community_Area, Hour, and Domestic variables, reflecting the more reactive and situational nature of those offences.

[image: ]
[Figure 9: J48 Confusion Matrix and Detailed Accuracy from Weka]


Figure 9 shows J48 identified 11,354 True Positives and 207,855 True Negatives. Low False Positives (2,684) indicate efficient resource use.
It is also worth noting that the confidence factor of 0.25 used in this study controls the level of pruning applied to the tree. A lower confidence factor results in more aggressive pruning, which produces a smaller, simpler tree that is less likely to overfit the training data. The choice of 0.25 is the default setting in Weka and is widely used in classification tasks involving categorical crime data, as it strikes a good balance between model complexity and generalisation ability. The minimum of two instances per leaf ensures the tree does not create branches from very small data subsets, protecting reliability on unseen records. These configuration choices directly contributed to the compact and interpretable structure of 282 nodes and 171 leaves, and to the strong performance metrics observed across accuracy, precision, and Kappa.
[bookmark: _Toc223829100]
Naive Bayes
A Naive Bayes classifier was also implemented as a comparison model. This algorithm applies Bayes' Theorem to estimate the probability of an arrest based on the assumption that all features are independent of one another [2]. While this assumption is rarely perfectly true in real-world data, the model still performed reasonably well and was extremely fast, building in just 0.32 seconds.
[image: ]
[Figure 10: Naive Bayes Confusion Matrix and Detailed Accuracy by Class from Weka]

As shown in Figure 10, Naive Bayes achieved a slightly higher Recall of 45.0% compared to J48's 40.5%, meaning it was better at identifying actual arrests. However, J48 outperformed it on every other metric, including Accuracy (91.877% vs 90.733%), Precision (80.9% vs 65.4%), and Kappa statistic (0.5003 vs 0.4838). The higher Recall of Naive Bayes comes at the cost of a much higher False Positive rate, which in a policing context means more unnecessary deployments.

[bookmark: _Toc223829101][bookmark: _Toc224521216][bookmark: _Toc224896608]3.2 Pattern Mining: K-Means Clustering

For the clustering phase, the dataset was filtered to include only cases where an arrest was made, leaving 28,052 records. This decision was deliberate, as by focusing only on arrest cases, the algorithm can identify patterns specific to successful enforcement outcomes rather than general crime activity. This kind of evidence-based approach, where resource allocation is guided by patterns of past success, is increasingly recommended in policing literature [6][7].
The SimpleKMeans algorithm was applied with K=5 clusters, and two separate runs were conducted to explore different perspectives on the data.
Run 1: Full Attribute Clustering: 
The first run used all available attributes. Cluster 0 was the largest group, accounting for 26% of arrested records, and was characterised by Narcotics and Weapons Violation offences concentrated in Community Areas 25–35 during evening hours between 18:00 and 22:00. The remaining four clusters captured geographically distinct arrest patterns across different parts of the city. Cluster 1 was dominated by domestic-related arrests during daytime hours. Clusters 2 and 3 captured property crime arrests spread across the south and west sides of Chicago. Together, these profiles show that arrest patterns in Chicago are not uniform but are shaped by distinct combinations of crime type, geography, and time [5].
Run 2: Spatio-Temporal Clustering: 
In the second run, the attributes Primary_Type, Arrest, and Domestic were excluded, forcing the algorithm to group records based purely on geography and time. The Remove with Values filter was used to maintain the focus on arrest cases only. This run successfully isolated a Weekend Peak cluster representing 29% of all arrests, centred on Saturday afternoons. This is a particularly useful finding because it identifies a consistent enforcement hotspot that exists regardless of the specific crime type, which has clear implications for how weekend policing resources should be deployed [5].
It is worth reflecting on why K=5 was selected as the number of clusters for both runs. With 28,052 arrest records spread across 77 community areas and multiple crime categories, five clusters provided enough granularity to identify meaningful enforcement profiles without producing groups that were too small to be actionable. Fewer clusters would have merged distinct patterns together, losing important operational detail, while too many clusters would have produced overlapping groups that are difficult to interpret in practice. The five profiles identified across both runs align broadly with recognisable policing zones within Chicago, which suggests that the clustering results are not just statistically valid but also practically meaningful for deployment planning. the final cluster centroids from Run 2 are shown in Figure 11.

[image: ]
[Figure 11: Final Cluster Centroids table from Ignored Attributes run]

[bookmark: _Toc223829104][bookmark: _Toc224521217][bookmark: _Toc224896609]4 Evaluation and Comparison

This section moves beyond model implementation to critically assess how well each model actually performed. While accuracy is the most commonly reported metric, it can be misleading when dealing with imbalanced datasets. For this reason, the evaluation focuses primarily on the Kappa Statistic, Precision, and Recall, which give a much more honest picture of how useful each model would be in a real policing context [3][4].

[bookmark: _Toc223829105][bookmark: _Toc224521218][bookmark: _Toc224896610]4.1 Classification Performance Comparison

Table 1 provides a direct side-by-side comparison of both classifiers based on 10-fold cross-validation results.

Table 1: Classification model performance comparison using 10-fold cross-validation
		Metric
	J48 
	Naive Bayes

	Correctly Classified
	91.877%
	90.733%

	Kappa Statistic
	0.5003
	0.4838

	Precision
	80.9%
	65.4%

	Recall
	40.5%
	45.0%

	Build Time
	6.88 seconds
	0.32 seconds



Overall J48 is the stronger model for this dataset. It achieved a higher accuracy of 91.877% and a Kappa statistic of 0.5003, which indicates a moderate level of agreement well above what would be expected by chance. Its Precision of 80.9% means that when the model predicts an arrest will occur, it is correct approximately 8 out of 10 times, a strong result that makes it reliable for operational decision-making.
Naive Bayes achieved a slightly higher Recall of 45.0% compared to J48's 40.5%, meaning it was better at catching actual arrest cases. However, this came at the cost of significantly lower Precision (65.4% vs 80.9%) and a much higher False Positive rate. In a policing context, a high False Positive rate means officers could be unnecessarily deployed to incidents where an arrest is unlikely, which wastes resources and creates operational problems [4].
The choice depends on the use case. J48 is more suitable when precision matters, such as allocating resources to high-priority locations. Naive Bayes may be more appropriate in early-warning or triage systems where the priority is to flag as many potential arrest opportunities as possible, even if some turn out to be incorrect.

[bookmark: _Toc223829107][bookmark: _Toc224521219][bookmark: _Toc224896611]4.2 Clustering Evaluation

The K-Means clustering results were evaluated based on their ability to generate actionable spatio-temporal insights rather than just mathematical groupings.
Run 1 identified five distinct crime profiles within the arrest data. The largest cluster, Cluster 0, accounted for 26% of arrested records and was dominated by Narcotics and Weapons Violation offences concentrated in Community Areas 25–35 during evening hours. This kind of targeted profile is directly useful for specialist enforcement units focused on high-risk contraband activity.
Run 2, which ignored crime type labels and clustered purely on geography and time, successfully isolated a Weekend Peak cluster representing 29% of all arrests, centred on Saturday afternoons. This is a particularly valuable finding because it reveals a consistent enforcement pattern that exists regardless of crime type, giving commanders a clear target for weekend resource deployment [5]. 
The Within-Cluster Sum of Squared Errors was recorded at 22,324.5. With 28,052 instances spread across five clusters, this gives an average error of approximately 4,465 per cluster, which reflects the natural geographic spread of crime across Chicago's 77 community areas. A lower error would require a higher value of K, which risks overfitting the model to the training data. The K=5 configuration was chosen because it strikes a practical balance between statistical validity and interpretability [5].

[bookmark: _Toc223829108][bookmark: _Toc224521220][bookmark: _Toc224896612]4.3 Business Impact & Deployment Value

From a strategic policing perspective, J48 is the recommended model for high-stakes resource allocation. Its high Precision means that commanders can use it to identify specific combinations of location, time, and crime type where arrests are most likely, supporting a more targeted and efficient approach to policing.
Naive Bayes, on the other hand, is better suited to early-warning or dispatch-triage systems where the goal is to flag as many potential arrest situations as possible for further investigation. Its higher Recall makes it more sensitive to arrest opportunities that a stricter model might miss.
The clustering findings complement both models by providing a spatial and temporal layer of intelligence that neither classifier alone can offer. Together, these tools provide a well-rounded analytical framework that could genuinely support smarter, more evidence-based policing decisions.

[bookmark: _Toc223829109][bookmark: _Toc224521221][bookmark: _Toc224896613]5 Results, Discussion and Recommendations

The results of this study demonstrate that machine learning can be a genuinely useful tool for supporting policing decisions, but the findings also raise important questions about ethics, fairness, and the practical limitations of data-driven approaches. This section reflects on the broader implications of the results and sets out recommendations for future work.

[bookmark: _Toc223829110][bookmark: _Toc224521222][bookmark: _Toc224896614]5.1 Ethical Considerations and Bias

One of the most significant concerns when applying predictive models in a policing context is algorithmic bias. The models in this study were trained entirely on historical arrest data, which means they may reflect existing patterns of enforcement rather than the true distribution of criminal activity. If the J48 model consistently identifies a particular Community Area as high-risk, increased police presence in that area will likely produce more arrests, which then reinforces the model's predictions in future training cycles. This kind of feedback loop is a well-documented problem in predictive policing [1].
The use of geographic features such as Community_Area and Ward adds another layer of sensitivity. These variables correlate strongly with demographic and socioeconomic composition in Chicago, where historically under-resourced neighbourhoods on the south and west sides have experienced disproportionately high levels of police contact. While race and gender were deliberately excluded from the dataset, proxy variables like Ward can still introduce indirect bias into the model's predictions [1].
That said, the interpretability of the J48 Decision Tree is a genuine ethical advantage compared to black-box approaches such as neural networks. Every prediction the model makes can be traced back through a clear set of decision rules, which makes it possible to audit the model, identify where bias might be entering, and challenge decisions that seem unfair. Transparency of this kind is an essential requirement for any algorithmic tool used in law enforcement.

[bookmark: _Toc223829111][bookmark: _Toc224521223][bookmark: _Toc224896615]5.2 Technical and Data Limitations

Despite achieving a strong accuracy of 91.877%, the study has several important limitations that should be acknowledged.
The dataset only includes crimes that were reported to the Chicago Police Department. A significant proportion of criminal activity goes unreported, meaning the models are trained on an incomplete picture of actual crime in the city. This is sometimes referred to as the dark figure of crime, and it means the patterns identified by the models may not fully reflect reality.
The dataset is also static, covering only the calendar year 2022. Criminal behaviour changes over time in response to social, economic, and environmental factors that are not captured in the 28 attributes used here. A model trained on 2022 data may not generalise well to future years without retraining [2].
Finally, the K-Means clustering results, while useful, are not perfectly clean. The Within-Cluster Sum of Squared Errors of 22,324.5 indicates a degree of variance within each cluster, which is expected given the geographic complexity of Chicago. The clusters should be treated as a starting point for investigation rather than definitive enforcement boundaries, and human judgement remains essential in interpreting the results [5].

Another limitation relates to the feature engineering decisions made during pre-processing. While decomposing the Date attribute into Hour, Day_Name, Month, and Weekend produced meaningful temporal features, it also introduced a degree of subjectivity into the analysis. Different grouping decisions, for example, defining the weekend as Friday evening through Sunday rather than just Saturday and Sunday, could produce slightly different results. Similarly, the Primary_Type_Grouped feature was created by consolidating rare crime categories, but the boundaries of those groups were defined manually based on domain knowledge rather than a systematic statistical criterion. These decisions are unavoidable but should be acknowledged as potential sources of variation, and future studies should explore whether alternative feature engineering approaches produce different outcomes.

[bookmark: _Toc223829112][bookmark: _Toc224521224][bookmark: _Toc224896616]5.3 Recommendations

Based on the findings of this study, the following recommendations are made for future research and practical deployment.
Real-Time Data Integration: The current models are based on historical data from a single year. Incorporating live data feeds would allow the system to respond to emerging crime patterns in near real-time, significantly improving its operational value [6].
Addressing Class Imbalance: The 88.2/11.8 split between non-arrest and arrest cases limited the Recall of both models. Future work should explore oversampling techniques such as SMOTE to balance the training data, which is likely to improve the model's ability to detect actual arrests.
Socioeconomic Variables: Integrating census data such as unemployment rates, income levels, and housing density alongside the existing crime features could improve both the accuracy and fairness of the models, by giving them a richer understanding of the social context in which crime occurs [1].
Deployment Strategy: Based on the evaluation results, J48 is recommended for high-stakes resource allocation due to its high Precision of 80.9%. Naive Bayes, with its higher Recall of 45.0%, is better suited to early-warning or triage systems where catching as many potential arrests as possible is the priority.

[bookmark: _Toc223829113][bookmark: _Toc224521225][bookmark: _Toc224896617]6 Conclusion

This study set out to explore how data mining techniques could be applied to the 2022 Chicago Crime Dataset to identify crime patterns and predict the likelihood of an arrest. The results show that this is not only possible but can produce genuinely useful insights for law enforcement decision-making [1][2].
The J48 Decision Tree was the stronger of the two classifiers, achieving an accuracy of 91.877%, a Precision of 80.9%, and a Kappa statistic of 0.5003. These results make it a reliable tool for identifying high-probability arrest scenarios and supporting targeted resource allocation. Naive Bayes, while less accurate overall, achieved a higher Recall of 45.0%, which makes it a better fit for early-warning or triage systems where the priority is to flag as many potential arrest situations as possible.
The K-Means clustering analysis added a valuable spatial and temporal dimension to the findings. By focusing exclusively on arrest cases, the clustering identified five distinct enforcement profiles across the city. Most notably, Run 2 revealed that 29% of all arrests follow a consistent Weekend Peak pattern centred on Saturday afternoons, regardless of crime type. This kind of recurring pattern has clear practical implications for how policing resources should be allocated across the week [5].
Several limitations should be kept in mind. The models were trained on a single year of data, and criminal behaviour evolves over time in ways that a static dataset cannot fully capture. The class imbalance of 88.2% non-arrest versus 11.8% arrest cases also constrained the Recall of both models, and future work should explore techniques such as SMOTE to address this. Incorporating socioeconomic variables such as income levels and unemployment rates could also improve both the accuracy and fairness of future models [1].
Overall, this study demonstrates that machine learning has real potential as a decision-support tool in policing. However, these models should complement, not replace, the judgement of experienced officers. Used responsibly, with transparency and regular auditing, data-driven approaches like those explored here can help law enforcement agencies make smarter, fairer, and more effective decisions [7].
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Location x Crime Type Crosstab — 2022
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Spatial Crime Density Map of Chicago 2022

- ———— 800
42.00 - -
¢ 700
3 600
41.95 - wz
- 500
41.90 - a S, VG 400
. - - :. ?
i - 300
41.85 - -y
- 200
41.80 : v
= > - 100
41.75 A = = - >
.- ;
41.70 A s <
eose -
-87.80 -87.75 -87.70 —-87.65 —-87.60 -87.55

Longitude

Crime Density




image10.png
Number of Leaves : 171

size of the tree : 282

Time taken to build model:

stratified cross-validation

=== Summary ===

Correctly Classified Instances
Incorrectly Classified Instances
Rappa statistic

Mean absolute error

Root mean squared error

Relative absolute error

Root relative squared error
Total Number of Instances

Detailed Accuracy By Class

TP Rate FP Rate
0.987  0.595
0.405  0.013
Weighted Avg.  0.919  0.527

Confusion Matrix ===

a b < classified as
207855 2684 | a = Fanse
16698 1135¢ | b = TRUE

6.88 seconds

21921
193;

2385!

Preci:
0.926
0.809
0.912

05 91.8765 %
82 8.1235 %
0.5003
0.1366
0.2622
65.8382 %
81.403 %
91
sion Recall F-Measure MCC
0.987  0.955 0.537
0.405  0.540 0.537
0.919  0.907 0.537

ROC Area
0.831
0.831
0.831

PRC Area Class

0.964
0.585
0.920

FALSE
TRUE
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Time taken to build model: 0.32 seconds

stratified cross-validation

=== Summary ===
Correctly Classified Instances 216480
Incorrectly Classified Instances 22111

Rappa statistic 0.4838
Mean absolute error 0.1335
Root mean squared error 0.2808
Relative absolute error 64.3595 &
Root relative squared error 87.1885 &
Total Number of Instances 238591

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall

0.968  0.550  0.930 0.968
0.450  0.032  0.654 0.450
Weighted Avg.  0.907  0.489  0.897 0.907

=== Confusion Matrix ===

a b <—- classified as
203847 6692 | a = FALSE
15419 12633 | b = TRUE

90.7327 %
9.2673 %

F-Measure MCC

0.949 0.494
0.533 0.494
0.500 0.494

ROC Area
0.823
0.823
0.823

PRC Area Class

0.964
0.569
0.918

FALSE
TRUE
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Clusterer output

Number of iterations: 88

Within cluster sum of squared error:

Initial starting points (randem)

22324.558038831205

Cluster 0: 18, Tuesday, 1, FALSE, 41.705964, -87.628243,34, 49
Cluster 1: 10, Thursday, 6, FALSE, 41.8835,-87.627877, 42,32
Cluster 2: 8,Tucsday, 4, FALSE, 41.576421,-87.814575, 41,76
Cluster 3: 13,Tuesday,7, FALSE, 41.708164, -87.651379, 34,73
Cluster 4: 15, Sunday, 11, TRUE, 41.752133,-87.615513, 20, 40

Missing values globally replaced with mean/mode

Final cluster centroids:

Cluster?
Attribute Full Data 0 1 2 3 4

(28052.0)  (4721.0) (4874.0) (5056.0) (5223.0) (8178.0
hour 13.5625 13.7289 13.7706 13.7905  13.704 13.1125
day_name Saturday Tuesday Thursday Tuesday Wednesday Saturday
month 6.5086  6.3957  6.0527  6.1487 7.412 6.4511
weekend FALSE FALSE FALSE FALSE FALSE TRUE
Latitude 41.8478  41.7638  41.8501  41.9177 41.8546  41.8473
Longitude -87.6747 -87.6332 -87.6759 -87.7076 -87.6797 -87.6745
Ward 23.9859 13.4086  22.8426 35.1193 24.0052 23.8778
Community_Area 36.114 54.4109 35.6401 20.8928  35.2797  35.7773

Time taken to build model (full training datal

=== Model and evaluation on training set ===

Clustered Instances

4721
4874
5056
5223
8178

s oo e o

17%)
17%)
18%)
19%)
29%)

0.51 seconds
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Dataset summary
Metric  Value

Total Records (Raw Dataset) 239,558

Records After Cleaning 238591

Original Attributes 22

Final Attributes After Feature Engineering 28

Data Removed  0.40%

List of Attributes Used in Analysis

ID Case_Number Date  Block IUCR  Primary_Type Description
Location_Description Arrest Domestic  Beat District ‘Ward ‘Community_Area
FBI_Code X _Coordinate Y_Coordinate  Year Updated_On Latitude Longitude

Location hour day_name month month_name weekend Primary_Type_Grouped




