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[bookmark: _Toc225779245]1. Abstract 
The paper examines the use of machine learning to forecast the outcome of arrests based on crime information. The implementation and evaluation of the models Logistic Regression and Random Forest were done with several performance measures, among them accuracy, precision, recall, and ROC-AUC. The findings reveal that the overall accuracy (93%)- Random Forest was better, whereas the Logistic Regression had better recall of the arrest cases. Clustering also indicated the presence of crime patterns that were dependent on time and place. Although the performance was high, issues like class imbalance and computational complexity were realized. The research indicates the prospects of predictive analytics in aiding data-driven policing and suggests additional improvements with the help of advanced modelling and data quality.
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[bookmark: _Toc225779246]2. Introduction
[bookmark: _Toc225779247]2.1 Context
The growing access to massive crime data has drastically changed the decision-making within law enforcement agencies. It is possible, through data mining and machine learning, to extract meaningful patterns out of complex data that facilitate a transition to proactive and intelligence-led policing. In crime-prone urban settings (like Chicago), the history of crime analysis is a necessary tool to enhance the efficiency of operations and the effect on population safety.
[bookmark: _Toc225779248]2.2 Problem
The issue with crime analytics is the critical question of whether a reported criminal act will lead to arrest or not. The timely prediction of arrest may help the law enforcement agency to prioritize the cases and allocate resources better. Conventional methods of policing use reactive tactics and human intuition, which, in most cases, cannot identify trends in historical data. This weakness exemplifies the rising necessity to have predictive models to help in making evidence-based decisions.
[bookmark: _Toc225779249]2.3 Gap
With the improvements in analytics, most of the current policing systems do not integrate predictive methods into historical crime information. This limits the capacity of predicting results and enhancing intervention measures. Also, the descriptive analysis cannot help identify more profound information associated with the effects of arrests, which makes the combination of classification and grouping methods essential.
[bookmark: _Toc225779250]2.4 Aim & Objectives
This research is focused on designing and testing predictive models that can be used to categorize crime incidents in terms of their probability of leading to an arrest.
In this regard, the study has several objectives to pursue this goal.
· To apply and compare several classification models, namely, Logistic Regression and Random Forest, to evaluate their predictive capacity.
· To use hyperparameter tuning strategies to get the best model efficiency and enhance generalisation.
· To exploit the clustering techniques, i.e., K-Means, to detect latent patterns in the incidences of arrests being made.
· To measure and analyze the results with proper performance measures, it is necessary to make sure that the findings can be reliable and practical.
· The importance of this study is that it may be used to endorse practical policing techniques. The proposed approach can help allocate resources, prevent crime, and profile risks because it allows predicting the effects of arrest more accurately. Finally, predictive analytics combined with predictive and exploratory analytics would yield a platform of more efficient and data-driven law enforcement practices.
[bookmark: _Toc225779251]3. Literature Review
[bookmark: _Toc225779252]3.1 Predictive Analytics in Crime
Predictive analytics has turned into a defining aspect of the contemporary police force, with it allowing shifting to the previous reactive methods to proactive, intelligence-focused policing. With machine learning and historical data on crime, the law enforcement agencies will be able to reveal the concealed patterns, predict possible events, and make informed decisions (Saini and Kaur 2023). Specifically, classification-based predictive models are popular for forecasting arrest probability, the crime type, and the risk of recidivism to provide operational efficiency and strategic planning.
One of the major strengths of predictive analytics is that it can optimise the resources at hand and enhance the efficiency of response. High-risk places, times, and types of crimes can be determined via predictive models, and police departments can more effectively deploy personnel and resources. This fact-driven model facilitates quality policing and helps to curb crime by surpassing events prior to them happening (Syed and Albalawi 2024). Moreover, predictive analytics helps to profile the risks by identifying multifaceted correlations between the characteristics and the results of crimes and provides more targeted responses.
With these advantages, machine learning usage in policing raises important social and ethical issues. The problems brought up in the literature include the bias of the algorithm, the absence of transparency, and discrimination against vulnerable populations. In case historical data has biased relations, predictive models can reinforce them instead of alleviating them (Shafik, 2024). Based on this, although predictive analytics has tremendous potential, there must be considerations of fairness, accountability, and transparency to realize responsible application in sensitive processes like law enforcement.
[bookmark: _Toc225779253]3.2 Classification Models: Critical Comparison
Predictive crime analytics rely on classification models, a few of which have their unique strengths and weaknesses based on the nature of the data. Logistic Regression is considered to be one of the most popular models as it is simple, efficient, and highly interpretable (Zabor et al. 2022). It approximates the likelihood of a binary event and gives a clear understanding of the feature strength, which is why it can be used in situations where transparency is required. But it is limited by its dependence on linear relationships between predictors and the log-odds of the outcome, and as such, it is ineffective in describing complex, non-linear patterns that are typically found in crime data.
A more flexible alternative is the Decision Trees, which has recursive partitioning of the dataset on the basis of feature values. They are visual, easy to visualise, and can work with both categorical and numerical variables (Costa and Pedreira 2023). These features render them suitable when it comes to decision-support applications. However, a lack of sensitivity to variations of data, high susceptibility to over-fitting, particularly in cases where the data are noisy or of high dimensionality, may diminish the overall generalisability and dependability of Decision Trees in a real-world context.
Ensemble learning methods, or how to solve the shortcomings of single Decision Trees, the Random Forest uses numerous trees to increase the predictive accuracy and resiliency. It has a good ability to model non-linear relationships and intricate feature interactions that are characteristic of crime data. Also, Random Forest decreases overfitting by aggregation and randomness, which leads to improved accuracy and stability (Salman, Kalakech, and Steiti 2024). 
These trade-offs are significant when a direct comparison of these models is made. The Logistic Regression is easy to understand and not ideal for complex data structures. Decision Trees are clear, flexible, and prone to overfitting. Conversely, the predictive accuracy and strength of Random Forest are better, and thus it is better in predicting high-dimensional and non-linear crime data (Iranzad and Liu 2025). 



	Model
	Strength
	Limitation

	Logistic Regression
	Highly interpretable; provides clear understanding of feature influence
	Assumes linear relationships; performs poorly with complex, non-linear data

	Decision Tree
	Easy to understand and visualise; handles both categorical and numerical data
	Prone to overfitting; unstable with small variations in data

	Random Forest
	High predictive accuracy; handles non-linearity and feature interactions effectively
	Reduced interpretability; computationally more expensive


[bookmark: _Toc225778629]Table 1: Strength and Limitations
Table 1 illustrates that Logistic Regression is interpretable, whereas random forest exhibits better performance when dealing with complex and non-linear data on crime. This implies that random forest is more appropriate in predictive modelling in this research even though it is not as interpretable as it should be.
[bookmark: _Toc225779254]3.3 Clustering and Association Rule Mining
Unsupervised learning methods, especially clustering and association rule mining, are important to crime analytics since they can detect unnoticed patterns in unlabeled data. These techniques are complementary to classification models because they provide more information on the underlying data trends and interrelations, hence delivering better results of analytics.
K-Means clustering is a popular tool that classifies the data points according to their similarities in characteristics. With crime analysis, it can be helpful in crime hotspot detection, time trends, and analyzing features of incidents related to arrests (Mohemad et al. 2022). It is easy to use and computationally efficient, and thus appropriate for large datasets. Nevertheless, its efficiency relies on the number of clusters that have been predetermined and the initial centroid choice, which is likely to create uneven outcomes and decreased interpretability.
Based on the Apriori algorithm, association rule mining finds how relationships amongst variables can be expressed in the form of understandable rules. It can lead to patterns (through regular co-occurrence of crime types with locations or time periods) that can be used to support data-driven decisions (Zakur and Flaih 2023). Although useful, it might be computationally costly and might produce redundant rules.
In general, K-Means is chosen in this research because it is an efficient method that has the potential to display significant crime trends.
[bookmark: _Toc225779255]4. Methodology
[bookmark: _Toc225779256]4.1 Dataset Description
The data used in this work is the Chicago Crime Dataset (2022), where the reported crimes are documented in a significant amount, along with the characteristics of the crimes, their place, time, and arrest outcome. The data has a good background to use predictive analytics because it is quite large and has a wide variety of variables. The target variable chosen to carry out this research is 'Arrest' (True/False), meaning whether an incidence of the crime resulted in arrest.
The modelling process is supported by a subset of the relevant features, such as temporal attributes (e.g., hour, month, day of the week), crime-related attributes (e.g., primary type), and location-based features. These are the variables that are chosen on the basis of the impact they could have on the results of arrest. The variable of interest in the Arrest is correlated with the goal of forecasting the effects of law enforcement and contributes towards the creation of practical-implications in policing policies.
[image: ]
[bookmark: _Toc225778596]Figure 1: Loading Data
[bookmark: _Toc225779257]4.2 Dataset Preparation
Data preparation is one of the steps that is critical in ensuring the quality and reliability of the modelling process (Hrehova et al. 2025). The first stage is analysis of the dataset in the case of missing data and discrepancies. The records with the missing or invalid data are eliminated to eliminate bias and ensure data integrity. Duplicates are also removed in order to prevent redundancy and distortion during model training.
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[bookmark: _Toc225778597]Figure 2:Data Cleaning
One-hot encoding is used to convert categorical features into binary features without providing any ordinal relationship. This method is especially appropriate to machine learning models since it does not alter the informational content of categorical attributes and does not cause unintended bias (Kosaraju, Sankepally and Mallikharjuna Rao et al. 2023). A set of numerical characteristics is standardised through scaling methods that guarantee uniformity in magnitude, which enhances the convergence and effectiveness of a model.
The process of feature engineering is used to extract meaningful data from the variable of date (Verdonck et al. 2024). Temporal attributes like hour, day of the week, and month, as well as other traits like weekend indicators and time of the day categories, are obtained. These characteristics involve time trends of crime occurrence and improve the predictive performance of the models.
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[bookmark: _Toc225778598]Figure 3: Date Pre-processing
The feature selection is done to keep only those variables that are relevant, thus minimising noise and enhancing the generalisation of the models. Unrelated attributes are eliminated because they do not lead to predictive performance (e.g., unique identifiers). The step is necessary to reduce overfitting and enhance the efficiency of computation.
In order to solve the issue of class imbalance, which is typical of crime data, the training data is subjected to the Synthetic Minority Over-sampling Technique (SMOTE). This method creates artificial samples of the minority category such that the models are not skewed towards the majority (Mousa, Özyurt and Avcı 2024). It is especially relevant to the area of arrest prediction, where unequal information can result in a low specificity of less common results.
[bookmark: _Toc225779258]4.3 Model Selection
In the study, two classification models, i.e., Logistic Regression and Random Forest, are used, as they have a complementary set of strengths. The reason why Logistic Regression is taken as a baseline model is that it is simple and easy to understand. It gives a good idea of what features are related to the likelihood of an arrest and is therefore an effective tool in explanatory analysis.
Conversely, the reason behind the choice of the Random Forest is that the non-linear and complex relationship between the data is manipulated. Being an ensemble learning algorithm, it integrates the decision trees to enhance the predictive power and strength (Mustaffa and Sulaiman 2025). It is especially applicable to crime data, which is both highly varied and has complex feature interactions.
Interpretability and predictive performance were compared using two models. Although the use of Logistic Regression is transparent, the use of random Forest is likely to achieve greater accuracy. This comparative methodology allows a reasonable assessment of the model's efficacy.
In order to improve the performance of the model, the Random Forest model is hyperparameter-tuned with the help of the GridSearchCV (Lazuardi, Hadi and Kristalina 2025). Estimator number, maximum depth, and minimum samples per split are some of the parameters that are optimised through cross-validation. The procedure is used to ensure that the model performs optimally and generalises to unknown information.
[bookmark: _Toc225779259]4.4 Evaluation Metrics
To assess model performance fully, various metrics are used to measure it, such as accuracy, precision, recall, and F1-score. Accuracy is a general measure of the correct predictions, but it may be deceitful in skewed data sets, and so alternative metrics are required.
Precision is a percentage measurement of the number of correct predictions of arrests per the number of predicted arrests done by the model, which helps to reduce the error of polygraph (Almasoud and Idowu, 2025). This will also be relevant in the crime analysis because a prediction of a wrong arrest might result in inefficient allocation of resources. Recall, however, shows how successful the model is at identifying real arrest cases, which is essential to prevent the occurrence of important incidents.
F1-score provides a balance between precision and recall and gives a single performance measure (Sujon et al. 2025). Also, ROC-AUC assesses the classification capability of the model at different thresholds. Recall is prioritised in this study to make sure that no critical cases are left out.
[bookmark: _Toc225779260]5. Model Implementation
[bookmark: _Toc225779261]5.1 Train-Test Split and Data Preparation
The implementation process started with the division of the dataset into training and testing parts, as this guaranteed an objective assessment of the model performance. A train-test split was used at 80:20, where 80 percent of the data was used to train the model and 20 percent was used to test the model. This methodology would make sure that developed models are tested on unseen data, and hence obtained realistic evaluation of their generalisation ability.
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[bookmark: _Toc225778599]Figure 4:Train-Test Split
Before training the model, preprocessing was used in the two subsets in a consistent manner. One-hot encoding was used to convert categorical variables, and numerical features were normally scaled so that there is equal scaling. A pipeline was used to introduce these transformations so that there was consistency between training and test data. Also, the training data was balanced with the Synthetic Minority Over-sampling Technique (SMOTE), which creates synthetic samples of the minority group. This was necessary in the correction of the class imbalance and enhancing the model in correctly identifying an arrest case. SMOTE was applied to the training dataset only to avoid data leakage and guarantee the legitimacy of the assessment.
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[bookmark: _Toc225778600]Figure 5: Pre-processing Pipeline & Handling Class Imbalance
[bookmark: _Toc225779262]5.2 Baseline Model Training: Logistic Regression and Random Forest
Two classification algorithms were applied: the Logistic Regression and the Random Forest. The baseline model used was the Logistic Regression because it is easy to interpret and simple to use. It is a probability model that uses a linear relationship between input features and the target variable to model the probability of an outcome of an arrest. This renders it especially helpful in terms of gaining insight into the impact of personal predictors.
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[bookmark: _Toc225778601]Figure 6: Training Baseline Linear Regression Model
Random Forest was, on the contrary, used in order to capture more complex patterns in the dataset. The default parameters were initially used to train a baseline Random Forest so as to provide a fair comparison with Logistic Regression. Random Forest, being an ensemble learning method, builds numerous decision trees and pools their forecasts, thus enhancing precision and lowering overfitting. Its capability to deal with nonlinear relationships and the interaction of features gives it high applicability, especially to crime data, where trends tend to be complicated and many-dimensional.
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[bookmark: _Toc225778602]Figure 7:Training Baseline Random Forest Model
These two models can be used to make a comparative analysis of the interpretability and predictive performance. Although the transparency of Logistic Regression is high, the predictive accuracy of Random Forest will be greater. This two-model strategy guarantees the assessment of things in a balanced manner and is in line with machine learning best practices.
[bookmark: _Toc225779263]5.3 Hyperparameter Tuning of Random Forest
Hyperparameter tuning was done on the Random Forest model with the help of GridSearchCV in order to optimise the model performance. There was a parameter grid that was used to investigate various configurations, such as changes in the number of estimators and the largest tree depth. The performance of each combination of the parameters was analysed using cross-validation so that the performance of the model can be robust and generalisable.
The large datasets required a lot of computational time to tune; thus, a representative subset of the training data was employed in the optimisation process. This method was able to save a lot of training time and, at the same time, retained the integrity of the tuning process. After identification of the optimal parameters, the Random Forest model was again trained on the entire training data with the above parameters.
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[bookmark: _Toc225778603]Figure 8:Hyperparameter Tuning Random Forest Model
This will allow the performance of the model to be directly related to hyperparameter tuning. It is also representative of real-world machine learning, where efficiency and scalability are paramount factors. It is anticipated that the tuned Random Forest model will be superior to the baseline Random Forest and Logistic Regression models.
[bookmark: _Toc225779264]5.4 Model Evaluation and Performance Comparison
In order to make sure that the models were fully assessed, the accuracy, precision, recall, and F1-score were used in the evaluation of the models. Although accuracy gives an approximate idea of the ratio of correct prediction, it might not be adequate in the presence of a class imbalance, and further metrics need further analysis.
Instead, precision indicates the number of arrests correctly predicted, and it reduces the false positive contribution, where the latter is an essential measure in crime prediction under recalls. The F1-score is a balanced measure of the two measures to give a single measure of performance.
Findings show that the degree of performance of the Logistic Regression was moderate; there was a good baseline on which it was applicable, but it failed to capture any nonlinear trends. However, Random Forest was doing better, especially in accuracy and recall. There was also little improvement in hyperparameter tuning, indicating that the default random forest was already effective.
[bookmark: _Toc225779265]5.5 Confusion Matrix Analysis
The detailed evaluation of model performance was presented using confusion matrices. The analysis allows distinguishing between true positives and true negatives, false positives, and false negatives, which provides a more in-depth understanding of the results of classification.
In the case of Logistic Regression, the confusion matrix showed that the model had more false negatives, which means that the model did not identify all of the cases of arrest. This is a major constraint since inaccurate predictions can be of grave consequences in the real world.
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[bookmark: _Toc225778604]Figure 9: Logistic Regression Confusion Matrix
The initial Random Forest model showed a positive improvement, and the false negatives were reduced, and cases that had been correctly classified were higher. Nevertheless, a few misclassifications were still there and pointed to the fact that further optimisation is needed.
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[bookmark: _Toc225778605]Figure 10: Random Forest (Baseline) Confusion Matrix
The tuned Random Forest model had the similar results, having more true positives and fewer false negatives. This advance shows that hyperparameter tuning is effective to increase sensitivity of the model. Although there were still a few cases of false characteristics, the general ratio between the accuracy and recall was especially better.
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[bookmark: _Toc225778606]Figure 11: Random Forest (Tuned) Confusion Matrix

[bookmark: _Toc225779266]6. Results and Analysis
The results of the experiments show that there are significant disparities in the predictive performance of the models implemented, which proves that model selection and evaluation metrics are important. The baseline model, which was the Logistic Regression, had an ROC-AUC score of 0.8834 and an accuracy of 0.8803. Although the model generally predicted the majority class (non-arrest cases) with a precision of 0.95 and a recall of 0.91, it also had a significantly lower performance on the minority class (arrest cases), with a precision of 0.49 and a recall of 0.65. It means that despite the fact that the model can be used to determine a reasonable percentage of actual arrests, the model gives a relatively large number of false positives and false negatives, which reduces its usefulness in the real world.
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[bookmark: _Toc225778607]Figure 12:Logistic Regression Model Performance
Conversely, the baseline Random Forest model showed a substantial increase in the overall performance with an accuracy of 0.9315 and ROC-AUC of 0.8889. The model performed excellently in most of the classes, and the recall stood at 0.99, meaning that there were very few false positives. But in the case of the minority group, the recall dropped to 0.50, indicating that the model was not able to indicate a significant number of the actual arrests. This is indicative of a general weakness of ensemble models with unbalanced data sets, wherein the model gets biased towards the preponderating type.
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[bookmark: _Toc225778608]Figure 13:Random Forest (Baseline) Model Performance
Interestingly, the tuned Random Forest model had the same outcome as the baseline model, meaning that the hyperparameter tuning did not result in a subsequent rise in performance. This implies that the initial configuration was already close-optimal, or the parameter grid used was constrained as far as improving model performance was concerned.
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[bookmark: _Toc225778609]Figure 14:Random Forest (Tuned) Model Performance
On the whole, Random Forest works better than the Logistic Regression when it comes to the accuracy and the overall classification power, although the latter has a higher recall of the arrest cases (0.65 vs 0.50). Herein lies a trade-off between the accuracy in general and the detection of minority classes. In practice, a recall is more essential in the prediction of crime since the inability to recognize an arrest case could have important implications for society.
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[bookmark: _Toc225778610]Figure 15: ROC Curve Comparison
[bookmark: _Toc225779267]7. Clustering Analysis
The K-Means algorithm was applied to perform clustering analysis to determine the pattern among crime incidents that led to arrests. Only cases where a case was resolved to an arrest were filtered in order to ensure that the analytical objective is achieved. The data was categorized into three specific clusters according to the implementation, and each cluster had unique characteristics in terms of the type of crime, the features of time, and the features of place.
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[bookmark: _Toc225778611]Figure 16: Elbow Method Plot
The findings suggest that some groups are related to the particular crime trends. As an example, in one cluster, there are increased incidences of crimes related to theft in urban areas, whereas in another cluster, it is the incidents that take place in late-night hours. A third cluster is the mixed type of crime that has dispersed patterns in terms of time. These classifications emphasize the fact that the number of crime cases that lead to arrests is not randomly distributed but rather has recognizable patterns.
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[bookmark: _Toc225778612]Figure 17: Cluster Feature Comparison
Clustering, however, is a descriptive method and does not give causal relationships. In contrast to the association rule mining, which has the ability to produce explicit rules like specific locations resulting in increased arrest probability, clustering merely groups similar observations without any explanation of dependencies between them. This implies that although clustering is applicable in determining trends, it might not be actionable.
Still, the results can be of great value to law enforcement agencies. With the knowledge of the cluster-based peculiarities, the authorities may enhance the targeted approaches to policing, especially at risky sites and times of the day, enhancing the allocation of resources and performance.
[bookmark: _Toc225779268]8. Discussion
The results of this paper indicate that there is a major trade-off that exists between interpretability and predictive performance of a model within crime analytics. Based on their predictive accuracy, the Random Forest model performed better than the Logistic Regression; the former has an overall accuracy of 0.93, and the latter has 0.88, and in terms of ROC-AUC, the former shows a high capability to estimate the complex and non-linear relationships between crime data. This affirms the usefulness of ensemble learning methods in applications to high-dimensional and complex data. Nevertheless, the recall of Logistic Regression in the case of arrest prediction (0.65 vs 0.50) was higher, and this suggests that it is more effective in detecting minority class cases. The difference is essential, and it implies that even simpler models can prove to be useful in the situation when a priority is set on identifying critical cases.
These findings are in line with the literature, which always indicates that ensemble models of the form of the Random Forest are more likely to have better predictive accuracy as compared to linear models. Meanwhile, other studies carried out previously also stress that these models can have issues related to the imbalance in the classes, especially minority outcomes. This limitation is supported by the fact that the lower recall with the Random Forest supports the significance of choosing the right evaluation metrics. Recall that in the context of crime prediction is particularly important since the inability to detect possible cases of arrest can be disastrous to society.
On a pragmatic level, the implications of these findings for law enforcement decision-making are very significant. Although Rand Forest offers high-quality general predictions, it has a lower recall, which implies a possible threat of false-negative critical cases. Accuracy alone might not, therefore, be the required element in such a sensitive field as policing. He or she should strike a balance between the predictive performance and the actual world impact, taking into account the statistical results and ethical obligations.
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[bookmark: _Toc225778613]Figure 18: Model Performance Comparison
The effectiveness of decision-making can be improved by a hybrid model that combines outputs of the models with domain knowledge. Using the advantages of other models and adjusting them with the local knowledge, law enforcement agencies may reach improved distributions of resources and integrate more proactive strategies in crime prevention.
[bookmark: _Toc225779269]9. Recommendations
According to the results, the deployment of the Random Forest model is suggested to be used as the main predictive instrument because it has better overall accuracy and is more effective in working with complex crime data. Nonetheless, since it recalls fewer cases of arrest, threshold tuning or hybrid methods should be used to enhance sensitivity. Also, more methods can be combined with the association rule to identify hotspot patterns by describing the crime trends based on location and thus implement specialized policing strategies. Lastly, the quality of data can be enhanced by making the reporting more regular, having fewer missing values, and a richer contextual representation, which will further improve model performance and decision-making quality.
[bookmark: _Toc225779270]10. Conclusion
This experiment showed that the Random Forest is better than the Logistic Regression in terms of overall predictive accuracy, but the latter has higher arrest detection recall. The results indicate that accuracy and sensitivity should be balanced attributes in crime analytics. Nonetheless, it has extreme points such as class imbalance, computational complexity, and feature representation. Future studies ought to investigate newer methods like ensemble hybrid models, better feature engineering, and real-time data combination to make predictive models more accurate and allow more efficient and data-driven policing strategies.
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4. DATA CLEANING

# Dropping irrelevant colums
drop_cols = ['ID', "Case Nunber", "Updated On’, ‘Date’]
af.drop(columns=[col for col in drop_cols if col in df.colums], inplace=True, errors='ignore’)

# Removing duplicates
af.drop_duplicates (inplace=True)

# Handling missing values
af.dropna(inplace=True)

# Converting target
GF["Arrest’] = df["Arrest’].astype(int)
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3. DATE PREPROCESSING

# Converting Date colum
f["Date’] = pd.to_datetine(df['Date’], errors='coerce’)

# Extracting temporal features
F["Hour"] = df[‘Date"].dt.hour
F["Day’] = Gf['Date"].dt.day.
F["Honth'] = df['Date’].dt.month
F["Year'] = df[‘Date’].dt.year
FL"DayOfileck’] = df['Date’].dt. dayofueek

# Advanced feature engineering
GF[*Isheckend"] = 4f['DayOfeek'].apply(lanbda x: 1 if x >= 5 else 0)

# Tine binning
def time_period(hour).
i @ <= hour < 6:
return ‘Night’
C15F 6 <= hour < 12:
return “Morning"
C15F 12 <= hour < 18:
return "Afternoon’
else:
return *Evening

F[TinePeriod'] = ¢f['Hour'].apply(tine_period)
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6. TRAIN-TEST SPLIT

X_train, X_test, y_train, y_test = train_test_split(
X, y, test_size=0.2, random state=42, stratify=y
)
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7. PRE-PROCESSING PIPELINE

preprocessor = ColumnTransformer(
transformers=[
(*nun’, Standardscaler(), numerical_cols),
(*cat", OneHotEncoder(handle_unknown="ignore"), categorical cols)

8. HANDLING CLASS IMBALANCE

# Applying preprocessing First
X_train_processed = preprocessor.fit_transform(X_train)

# Applying SWOTE
smote = SHOTE(random_state=42)
X_train_resampled, y_train_resampled = smote.fit_resample(X_train_processed, y_train)




image7.png
9. MODEL 1: LINEAR REGRESSION (BASELINE MODEL)

1r_model = LogisticRegression(max_iter=1000)
1r_model. £it(X_train_resampled, y_train_resanpled)

# Transform test data
X_test_processed = preprocessor .transforn(X_test)

y_pred_Ir = 1r_model.predict(X_test_processed)
Y_prob_ir = 1r_model..predict_proba(X_test_processed)[:, 11
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10. MODEL 2: RANDOM FOREST (BASELINE MODEL)

r¢_baseline = RandomForestClassifier(randon_state=42)
r¢_baseline. Fit(X_train_resawpled, y_train_resampled)

y_pred_rf base
y_prob_r_base

r#_baseline.predict(X_test processed)
r#_baseline.predict_proba(X_test_processed)[:, 1]
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12. HYPERPARAMETER TUNING (RANDOM FOREST)

£F = RandonForestClassifier(randon_state=42)

paran_grid = {
“n_estimators': [50, 100],
‘max_depth’: [16, Nonel,

‘min_samples_split': [2],
‘min_samples_leaf': [1]

¥
erid_search = GridSearchcV(
A
paran_grid,
o3,
scoring=
n_jobs=-1,
verbose:
)
grid_search.fit(X_train_resampled, y._train_resampled)

best_rf = grid_search.best_estinator_

Fitting 3 folds for each of 4 candidates, totalling 12 fits
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Confusion Matrix - Random Forest (Baseline)
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Confusion Matrix - Random Forest (Tuned)
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1. IMPORTING LIBRARIES

# core
inport pandas as pd
import numpy as np

# Visualization
inport matplotlib.pyplot as plt
import seaborn as sns

# Preprocessing
fron sklearn.model_selection inport train_test_split, GridSearchCV
fron sklearn.preprocessing import Standardscaler, OneHotEncoder
fron sklearn.conpose inport ColumnTransformer

fron sklearn.pipeline inport Pipeline

fron sklearn.preprocessing import LabelEncoder

# Wodels
fron sklearn. Linear_model inport LogisticRegression
fron sklearn.ensenble inport RandonForestClassifier

# Evaluation
fron sklearn.metrics inport (accuracy_score, classification_report,
confusion_matrix, roc_auc_score, roc_curve)

# Inbalance handling
fron inblearn.over_sampling inport SHOTE

# Clstering
fron sklearn.cluster inport Kheans
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2. LOADING DATA

© 4 = pd.read_csv(* /content/Crine Prediction
f.columns. str.strip()

df..columns

df.head ()

10210

o 12502454

1 12785595

2 12808281

3 12888104

4 13200277

case

JF113025

JFsass3

JFs73817
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422539
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in Chicago_bataset.csv', encoding='latin1')
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3. DATE PREPROCESSING

© # Converting ate column
df['Date'] = pd.to_datetime(df['Date'], errors:

coerce’)

# Extracting temporal features

df["Hour'] = df ['Date"].dt.hour
df('0ay'] = df['Date'].dt.day
df["Month'] = df *Date’].dt.month
df('Year'] = df['Date’].dt.year
df["Day0fueek'] = df ['Date’].dt.dayofweek

# Advanced feature engineering
df ["IsWeekend'] = df ['Dayofueck’].apply(lanbda x: 1 if x >= 5 else 0)

# Tine binning
def tine_period(hour):
17 0 <= hour <
return Night"
elif 6 <= hour < 12:
“Morning"
hour < 18:
*Afternoon’

*Evening’

df['Tineperiod'] = df [*Hour'].apply(tine_period)
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4. DATA CLEANING

# Dropping irrelevant columns
drop_cols = [ID', ‘Case Nusber’, ‘Updated On’, ‘Date’]
df..drop(columns=(col for col in drop_cols if col in df.columns], inplace=True, errors='ignore’)

# Removing duplicates
df..drop_duplicates(inplace=True)

# Handling missing values
df .dropna(inplace=True)

# Converting target
df("Arrest'] = df ["Arrest'].astype(int)

5. FEATURE SELECTION

X = df.drop(*Arrest", axis=1)
y = df["Arrest’]

# Tdentifying colum types
categorical_cols = X, select_dtypes  includ
nunerical_cols

bject’). colums. tolist ()
. select_dtypes (exclude='object ) .columns. tolist()

6. TRAIN-TEST SPLIT

© X.train, X_test, y_train, y_test = train_test_split(
X, y, Test_size=0.2, randon_state=i2, stratifyzy
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7. PRE-PROCESSING PIPELINE

preprocessor = ColumTransformer(
transforner:

[
StandardScaler(), nunerical_cols),
(*cat", OneHotEncoder (handle_unknown="ignore'), categorical_cols)

8. HANDLING CLASS IMBALANCE

# Applying preprocessing first
X_train_processed = preprocessor. fit_transforn(X_train)

# Applying SMOTE
snote = SHOTE(randon_state=42)
X_train_resanpled, y_train_resampled = smote. fit_resanple(X_train_processed, y_train)

9. MODEL 1: LINEAR REGRESSION (BASELINE MODEL)

r_nodel = LogisticRegression(max_iter=1000)
Ur_nodeL. it (X_train_resanpled, y_train_resanpled)

# Transforn test data
X_test_processed = preprocessor. transform(X_test)

y_pred_lr = lr_nodel.predict X_test_processed)
y_prob_tr = lr_nodel. predict_proba(X_test_processed) (1, 1]
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10. MODEL 2: RANDOM FOREST (BASELINE MODEL)

rf_baseline = RandonForestClassifier randon_state=42)
rf_baseline. fit(X_train_resanpled, y_train_resanpled)

rf_baseline.predict (X_test_processed)

y_pred_rf_base
rf_baseline.predict_proba(X_test_processed) (1, 1]

y_prob_rf_base

11. EVALUATING BOTH BASELINE MODELS

def evaluate(nane, y_test, y_pred, y_prob):
print(f"\n- {nane}. )

, accuracy_scorel(y_test, y_pred))

roc_auc_score(y_test, y_prob))

print("\nClassification Report: Classification_report(y_test, y_pred))

# Evaluate ALL models
evaluate("Logistic Regression (Baseline)”, y_test, y_pred_lr, y_prob_r)
evaluate(“Randon Forest (Baseline)”, y_test, y_pred_rf_base, y_prob_rf_base)
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12. HYPERPARAMETER TUNING (RANDOM FOREST)

rf = RandonForestClassifier (randon_state=42)

paran_grid = {
“n_estimators': (50, 1001,
“nax_depth’: (10, Nonel,
‘min_samples_split': (2],
“nin_samples_tea": (1]

)

grid_search = GridearchCV(
paran_grid,
o3,
scorings'roc_auc',
n_jobs
verbose=2

1,

)
grid_search. fit(X_train_resanpled, y_train_resanpled)

best_rf = grid_search.best_estinator_

Fitting 3 folds for each of 4 candidates, totalling 12 fits

13. TUNED RF PREDICTION

best_rf.predict (X_test_processed)

y_pred_rf_tuned
best_rf.predict_proba(X_test_processed) [:, 1]

y_prob_rf_tuned
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14. COMPARISON OF ALL THE 3 MODELS

© ser cvaustetname, y.test, y precs . rob):

print
Drine(vAceurocy: . acturacy_storel(y_test, y_pred))
print("ROC-AUC:", roc_auc_score(y_test, y_prob))

print("\nClassification Report:\n", classification_report(y_test, y_pred))

# Evaluate ALL models
evaluate("Logistic Regression (Baseline)", y_test, y_pred_lr, y_prob_lr)

evaluate("Randon Forest (Baseline)", y_test, y_pred_rf_base, y_prob_rf_base)
evaluate(*Randon Forest (Tuned)”, y_test, y_pred_rf_tuned, y_prob_rf_tuned)

Logistic Re (Baseline)
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15. Confusion Matrix for all 3 Models

fron sklearn.metrics inport confusion_matrix, ConfusionMatrixpisplay
inport matplotlib.pyplot as plt

# Logistic Regression Confusion Matrix
cn_Ur = confusion_matrix(y_test, y_pred_lr)

disp_Lr = ConfusionMatrixDisplay (confusion_matrix=cn_tr)
disp_Lr.plot()

pLt.Title("Confusion Matrix - Logistic Regression”)
pLt.show()

# Randon Forest (Baseline)
cn_rf_base = confusion_matrix(y_test, y_pred_rf_base)
disp_rf_base = Confus ionMatrixDisplay(confusion_natrix=cn_rf_base)
disp_rf_base.plot()

pLt.title("Confusion Matrix - Random Forest (Baseline)")
plt.show()

# Randon Forest (Tuned)
cn_rf_tuned = confusion matrix(y_test, y_pred_rf_tuned)
disp_rf_tuned = ConfusionMatrixDisplay(confusion_matrix=cn_rf_tuned)
disp_rf_tuned.plot ()

plt.title("Confusion Matrix - Random Forest (Tuned)")

pLt.show()
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16. ROC CURVE

© fprir, tprlr, _ = roc_curve(y_test, y_prob_lr)
fpr_rf_base, tpr_rf_base, _ = roc_curvely_test, y_prob_rf_base)
fpr_rf_tuned, tpr_ri_tuned, _ = roc_curve(y_test, y_prob_rf_tuned)

Plt.plot(fpr_Lr, tpr_Lr, label="LR (Baseline)")
PLE.plot (fpr_rf_base, tpr_rf_base, label="RF (Baseline)
PUE.plot (for_rf_tuned, tpr_r7_tuned, label="RF (Tuned)")

PLE.pLot(10,1], (8,1, linestyle

o)

plt. legend()
pLE.title("ROC Curve Conparison”)
pLt.show()

ROC Curve Comparison
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17. Model Comparison Graph

' © fron sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score, roc_auc_score

# Function to calculate metrics
def get_netrics(y_test, y_pred, y_prob):

return {
accuracy_score(y_test, y_pred),
precision_score(y_test, y_pred),
: recall_scorely_test, y_pred),
f1_score(y_test, y_pred),
roc_auc_score(y_test, y_prob)

ROC-AUC"
)

# Collecting results
results = {

ression”: get_metrics(y_test, y_pred_lr, y_prob_lr),
get_netrics(y_test, y_pred_rf_base, y_prob_rf_base),
get_metrics(y_test, y_pred_rf_tuned, y_prob_r_tuned)

results_df = pd.DataFrane(results).T
results_df

o
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18. CLUSTERING (ARREST = TRUE ONLY)

df(of [“Arrest’]

af_arrest )
df_arrest.drop(‘Arrest’, axis=1)

X_cluster

# Using same preprocessing
X_cluster_processed = preprocessor. fit_transform(X_cluster)

19. ELBOW METHOD

© ertia = )
for K in range(1, 10):
kn = Kleans (n_clusters=k, randon_state=12)
. £t (X_cluster_processed)
inertia.append (k. inertia_)

—on)

plt.plot(range(1,10), inertia, marke
plt.title("Elbow Method")
pLt.show()
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20. FINAL CLUSTERING

© df_arrest = drlaf ("Arrest’] == 1].copy()
# Applying clustering

Kaeans = Keans (n_clusters=3, randon_state=i2)
df_arrest['Cluster'] = kmeans.fit_predict(X_cluster_processed)

# Using Only numeric columns
9f_arrest_numeric = of_arrest.select_dtypes(include=np.nunber)

# Cluster sumary
cluster_summary = df_arrest_numeric.groupby('Cluster') .mean()
print(cluster_summary)

DD Arrest Beat  District ward \
Cluster
0 1.263856e407 1.0 1538.076467 15.144037 31.577632
1 12573100407 1.0 630.284573  6.077568 14395766
2 1.264968e+07 1.0 1602.753542 15797108 31.460241
Comunity Area X Coordinate Y Coordinate  Year Latitude \
Cluster
0 22831603 1.155133e+06 1.9088980+06 2022.0 41.905812
1 52816654 1.175348e+06 1.860107¢+06 2022.0 41.771501
2 221363952 1.153177e+06 1.910613e+06 2022.0 41910559
Longitude Hour. Day  Month DayOfWeek Isweekend
Cluster
0 -87.705582 13.246982 15.879475 6.365601 5.502648  1.000000

1 87.632790 13.474261 15.907339 6.575653 2.961700 0.277901
2 -87.712721 13.083422 15.724434 6.512482 1.985735  0.000000
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2. LOADING DATA

df = pd.read_csv(*/content/Crine Prediction in Chicago Dataset.csv’, encoding="latinl")
f.columns = df..columns.str.strip()

df.head()
. Ccase Primary e Comunity  FBI x v Updated | .o q 5
ineID ™ Date Block TUCR Type Description . Ward " - “Year on |Latitude Longitude Location
HARASSENTBY
1142022 067XX S OTHER 91412023 (41.771782439,
o e s VR omacs o omer MRERIOLE S0 m x momso tmeroo 22 Y22 prm sesey  STTZO%
oixs sounL
o sss s VP2 NVERSTY 54 o S BOLOTATONOF  APARTVENT Tue ek . 50 w0 7 mesiso a0 a2 YMEB yiew ersoey  (17SSET
3 ACHILD )
ossocw AOSRATED
2 1230381 JFazasty /14202 'ARDMORE 1562 e ‘CRIMINAL RESIDENCE  False False . 390 n 17 m3ss30 10370530 2022 V292 41omsers g77esans (1985875279
s ORE 12 oppeor o CRMNAL e G Tootoo0s
1110202 072XX S MAY 'WEAPONS 91412023 (41.76261474,
3 tmsios riovs 0202 N USON TR swesr rae rwe . omo w1 vmewo wmzo aw R nwms wema Y
oo 000X commeRoaLI P
4 oo SSR2 GUGON w0 THERT  ovems O BUSNESS Fase  Fase . 40 5 maN menoam YMBB Nan
i3 orice

5 rows x 22 columns

# Basic Data Inspection

print("shape:", df.shape)
print("\nColums: \n", df.colums)
print(*\nInfo:

print(*\niiissing Values:\n", ¢f.isnull().sum())

Shape: (239558, 22)




