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Abstract 
The proposed study is devoted to estimating the risk of an arrest during crime cases based on machine learning methods with the help of the clustering method to reveal obscure patterns. The dataset used in the study is the Chicago Crime data which provides comprehensive information regarding the types of crime, the location of crime, and the time of crime occurrence. The main goal is to create and test classification models that would be able to differentiate the cases of arrest and non-arrest effectively.
Three classification algorithms including Logistic Regression, Decision Tree, and Random Forest were applied and compared on the basis of performance measures including accuracy, precision, recall and F1-score. To solve the problem of the imbalance of classes in the dataset, relevant preprocessing approaches were used that enhanced the model to predict the instances of arrests. Random Forest had the best accuracy and had a good balance between precision and recall among the models.
Besides classification, K- Means clustering was used on the subset of arrest cases to determine meaningful groupings that are based on characteristics of the crime. Based on the results of the clustering, there are specific patterns that can help to learn about crime behaviour and high-risk areas.
The results of this study also indicate the power of machine learning in predicting crimes and can offer useful information to law enforcement agencies to aid in using data to make decisions and organize resources.
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[bookmark: _Toc225196306]1. Introduction 
With the fast rate of urbanisation and population increase, the rate of crime has risen in most major cities, and thus, the analysis of crime is an important field of study in enhancing the safety and policing strategies of the people. Since the development of data mining and machine learning methods, now it is possible to analyse large amounts of crime data in order to discover patterns, trends and predictive information that were not easy to notice in the past [1]. Particularly, predictive analytics has become one of the most effective tools in the context of helping in decision-making processes by allowing authorities to predict possible criminal activities and distribute resources more efficiently [2]. In this regard, crime records including Chicago crime records offer useful data, crime type, place, and time of the crime, which can be used to develop predictive models [3].
1.1 [bookmark: _Toc225196307]Background of Crime Analysis
Crime analysis is the scientific investigation of crime data that can be used to determine patterns and relationships that may help to prevent and control crime. Conventional methods were highly dependent on manual analysis and historical reporting which at best could not enable being proactive in response [4]. Nonetheless, the contemporary tools of analytics such as classification and clustering have playfully improved the capacity to crunch extensive data and derive valuable insights [5]. Logistic Regression, Decision Trees and Random Forests are common classification model used to help predict their outcome like arrest likelihood and clustering techniques are useful to group similar crime incidents and understand it further [6]. 
[bookmark: _Toc225196308]1.2 Aim and Objectives
This study intends to create a predictive model to estimate the probability of arrest during crime cases with the use of machine learning. In order to pursue this goal, a number of goals are outlined. Firstly, to pre-process and prepare the crime dataset to be able to guarantee the quality of data and its appropriateness to modelling [8]. Secondly, in order to apply and test various classification models, such as Logistic Regression, Decision Tree, and Random Forest, to determine the one that is the most effective in predicting arrests [9]. Thirdly, to use clustering methods on the arrests to reveal the concealed patterns and grouping in the data [10]. Lastly, the research will attempt to explain the findings, and offer practical lessons that can assist the law enforcement agencies in becoming more efficient in their operations and decision-making.


[bookmark: _Toc225196309]2. Literature Review 
Crime analysis using data mining and machine learning has become a topic of high interest in recent years as more crime data are becoming available in large volumes and police are required to implement proactive policing measures. There are several analytical methods that have been studied by researchers to comprehend crime trends, forecast the actions of criminals, and aid law enforcement systems in making decisions. This part will discuss available literature on predictive analytics in crime information and classification and clustering methods.
[bookmark: _Toc225196310]2.1 Predictive Analytics in Crime Data
Predictive analytics are methods of statistical and machine learning that are used to analyze data looking back to predict the future. Within the framework of crime analysis, predictive models are actively adopted to determine the probability of criminal acts as well as aid in resource allocation [1]. In the initial research, attention was paid to statistical methods including regression analysis that could help to obtain a rough picture but could not operate with the complex and non-linear relationships [2]. As machine learning progresses, more complex methods are being embraced in order to enhance prediction accuracy and scalability [3].
Recent studies demonstrate the efficiency of machine learning algorithms in determining crime hotspots and forecasting crime incidences according to the space-temporal characteristics [4]. As an example, it has been shown that by adding information about the location, the time of the day and type of crime, prediction machinery can be greatly improved [5]. Besides, geographic information systems (GIS) have been integrated with predictive analytics, which has allowed making crime patterns more accurate in their mapping and visualisation [6].
Nevertheless, there are no challenges in predictive crime analysis. A significant problem is that there are skewed datasets in which some results, including arrests, are less common than others [7]. The result of this imbalance may result in unbalanced models that give preference to the majority group and decrease the usefulness of predictions with the minority cases [8]. 
[bookmark: _Toc225196311]2.2 Classification and Clustering Techniques
Classification methods are important in predictive crime analysis to provide an input data which is classified in predefined classes. One of the most popular classification methods is the Logistic Regression because it is simple and easy to interpret, especially when two outcomes (e.g., arrest prediction) are considered [13]. Nonetheless, it might not perform very well with complex, non-linear relationships in crime data [14].
The decision trees are more adaptable since they model decision rules with a hierarchical structure, and they are therefore appropriate to represent interactions among variables [15]. They can easily be interpreted and work with numerical as well as categorical data [3].
In spite of benefits, clustering methods are also associated with the problem of the best number of clusters and dependency on the initial conditions [21]. Some of the methods that have been examined by the researchers and can enhance performance of clustering include the identification of evaluation metrics and visualisation [22]. Moreover, clustering and classification have been also demonstrated as useful in improving the overall analytical system by giving both predictive and descriptive understanding [23].
The recent research has also stressed the need to combine various methods in order to have stronger output in crime analysis [21]. Hybrids between classification and clustering also enable the researcher to predict and be able to interpret the underlying structure of the data [2]. This combined method is especially effective in more complicated areas like the analysis of crimes where various factors come into play in order to produce the results.
To conclude, it can be observed that both clustering and classification are critical elements of the present-day crime analytics. Their joint use allows one to obtain a full picture of crime trends and build effective predictive model to make decisions.


[bookmark: _Toc225196312]3. Dataset and Preprocessing 
The quality, structure and relevance of the dataset on which you are training your machine learning model are extremely important to the effectiveness of that model. In the study, the real-life crime data was used to carry out the prediction and clustering of arrests. The dataset has detailed records of incidence of crimes with a spatial, temporal and categorical characteristics. It was necessary to perform proper preprocessing to make sure that the dataset was fit to be modelled to and to enhance the accuracy of the findings.
[bookmark: _Toc225196313]3.1 Dataset Overview
The data utilized in the present research includes more than 230,000 crime cases, each of which is a single crime. It consists of 24 attributes which are crime type, location description, arrest status, domestic indicator, geographic coordinates, and temporal characteristics as the month and hour. These datasets are highly applicable in predictive analytics because they are highly contextual [1]. The variety of data mining techniques are applicable to the dataset due to the existence of categorical and numerical variables [2].
In Table 1, one can find a sample of the data, with some of the essential characteristics being highlighted.
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[bookmark: _Toc225196326]Table 1 - Sample of Crime Dataset (Researcher’s Findings)
The variable of interest that will be used in this study is the Arrest column, which is a binary variable (True/False). The objective is to foretell the possibility of an arrest according to the features presented. It has been proved by earlier researchers that the addition of spatial and temporal characteristics can greatly enhance the predictive qualities of crime data [3]. Besides, crime type and location are some other crucial elements used in predicting whether one is likely to be arrested [4].
As shown in Figure 1, the dataset has a distribution of arrest and non-arrest cases.
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[bookmark: _Toc225196331]Figure 1 - Distribution of Arrest vs Non-Arrest Cases(Researcher’s Findings)
The data is imbalanced in terms of classes, with the number of non-arrest cases being much higher than the number of arrest cases. This is a general problem that exists in crime data and might impact the work of models when not managed appropriately [5]. It is thus critical to gain an insight into the structure and distribution of the dataset prior to the application of machine learning models [6].
[bookmark: _Toc225196314]3.2 Data Cleaning and Preparation
Preprocessing of data is an important process to convert raw data to a machine learning format. The first step entailed the extraction of unrelated and redundant features that include identifiers (ID, Case Number), textual descriptions, and the time fields which do not directly lead to prediction [7]. The removal of these features is beneficial in eliminating noise, and enhances the efficiency of a model [8].
After selecting the features, missing values were to be analysed. Though the dataset did not have a considerable amount of missing values, the standard imputation procedures were used as precaution. Mean imputation was used to fill numerical attributes whereas mode imputation was used to fill categorical attributes [9]. The method guarantees the completeness of data and is not biased [10].
Label encoding was applied to categorical variables like crime type and place of occurrence that were converted to numerical format. This change is required since numerical input is needed by most machine learning algorithms [11]. Label encoding assigns a unique integer number to each category, which retains the information but allows to process it numerically [12].
Class weighting methods were used to resolve the class imbalance problem that was experienced in the previous section. In this method the more weight is given to the minority cases of classes (arrest cases) thus enhancing the model value in adequately identifying them [15]. In crime prediction, it is essential in dealing with class imbalance in the context where minority results tend to be more significant [16].
Figure 2 illustrates the workflow of the preprocessing steps that are used in this study.
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[bookmark: _Toc225196332]Figure 2 - Data Preprocessing Workflow (Researcher’s Findings)
Lastly, the dataset was divided into 80:20 ratio into training and testing sets. This makes sure that the models are tested using hidden data, to give realism in measuring the performance [17]. Data splitting is also necessary to prevent overfitting and to guarantee the generalisability of the models [18].
All in all, preprocessing measures introduced in the given research made it possible to make the dataset clean, organized and appropriate to analyze it using machine learning. These measures are critical towards improving the model performance and reliability, which is proven by available studies in data mining and predictive analytics [12].


[bookmark: _Toc225196315]4. Methodology 
The section details the methodological framework used in the development and evaluation of predictive models of the characteristics of arrests classification and finding concealed patterns via clustering. The technique combines the data preprocessing, classification modelling, clustering analysis, and performance evaluation to decide the overall critical aspect of the analytical process. The design has been created to deal with real-world challenges like the imbalance in classes, mixed data types, and also the high dimensions that are inherent in crime datasets [7].
[image: ]
[bookmark: _Toc225196333]Figure 3 - Methodological Framework(Researcher’s Findings)
The general scheme of the methodology is shown in Figure 3 that displays the process of data entry up to the model testing.
[bookmark: _Toc225196316]4.1 Classification Models
The models of classification apply to foretell the occurrence of an arrest (binary outcome) following a crime incident. Three types of supervised learning algorithms were chosen in this work in accordance with their theoretical and practical capabilities: Logistic Regression, Decision Tree, and Random Forest.
Logistic Regression is a popular statistical model, which is applied in binary classification. It approximates the likelihood of occurrence of an outcome based on a logistic function and is especially effective when the correlation between independent variables and the object of interest is reasonably linear [12]. Nonetheless, it can lose efficiency in situations where the patterns involved can be complex and non-linear, which are common in crime data [3].
Decision Tree: It is a non-parametric model, which divides the dataset into subsets depending on the feature value. It forms a tree like form each of the nodes corresponds to a decision rule. The model can also represent the non-linear relationship and interaction between variables and hence is relevant in crime prediction exercises [19]. Nonetheless, Decision Trees have a high likelihood of overfitting particularly when using large data sets without any pruning [5].
Random Forest is an ensemble learning algorithm that was used to overcome the weaknesses of the single decision trees. It builds several decision trees and combines their predictions to enhance the accuracy and generalisation [21]. Random Forest has a strong preference to high-dimensional data and removal of variance, which makes it highly applicable to intricate data like crime records [9].
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[bookmark: _Toc225196327]Table 2  -  Classification Models Overview(Researcher’s Findings)
Table 2 summarises the major features of the classification models that are employed in this study.
[bookmark: _Toc225196317]4.2 Clustering Technique
Besides classification, there was also the use of clustering to rediscover concealed structures in the subset of crime incidences in which arrests were made. Clustering is an unsupervised method of learning that will cluster similar pieces of data together using similar features without any prescribed labels [6].
K-Means clustering has been chosen because it is simple, efficient, and scalable. The algorithm divides data into the fixed quantity of clusters (k) by reducing the within-cluster variance [18]. The K-Means in this study was run on the filtered data consisting of arrest cases only to determine the pattern of the crime characteristics of location, time and type.
The feature scaling was carried out prior to the execution of a clustering to verify that all the variables had an equal contribution to the distance calculation [11]. Similarity of data points in terms of Euclidean distance metric was adopted which is the typical measure of K-Means clustering [4]. The reason choosing k=3 was experimental assessment and readability of results.
[bookmark: _Toc225196318]4.3 Evaluation Metrics
Standard measures based on the confusion matrix were used to measure the performance of classification models. These measures offer a holistic evaluation of the model performance especially when the data is skewed [10].
All the four elements that constitute the confusion matrix include True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN). According to these values, a number of measures in evaluation were calculated.
Accuracy determines the general accuracy of the model, and is determined by the number of instances that are predicted correctly divided by the total number of instances [2]. Nonetheless, the accuracy is not necessarily enough when applied in unbalanced datasets because it can be misleading [8].
Precision measures the rate or ratio of the correct positive predictions out of the predicted positive. It is especially necessary in case false positives are costly [13]. Recall, which is also referred to as sensitivity, is a measure of how well the model can identify the real positive examples (arrests) [20]. Recall is an important measure in crime prediction since an omission of an arrest case may be highly detrimental [15].
F1-score is the harmonic means of precision and recall, as it gives a balanced view of the model performance [17]. It particularly comes in handy where precision and recall are at odds [22].
Table 3 shows the evaluation measures to be used in this study.
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[bookmark: _Toc225196328]Table 3 - Evaluation Metrics(Researcher’s Findings)
Accuracy is used to determine the general correctness of the model with respect to the number of correct predictions relative to the total cases. Precision is used to estimate the accuracy of the positive predictions by determining the rate of the positives that are correctly predicted. Recall measures whether the model is capable of recognizing real positive cases and this is of especial importance in arrest prediction. The F1-score is the best as it is a balanced score, and gives a more thorough assessment of model performance.
The study has many evaluation metrics, which guarantees a high level of evaluation of the model performance. It is especially significant in the real world where various kinds of errors may imply different things especially in the context of crime prediction [5].
In short, the methodology incorporates classification and clustering methods in a systematic analysis structure. The combination of many models, along with the right use of preprocessing and assessment methods, guarantees the credible and pertinent outcome of arrest and crime pattern analysis.


[bookmark: _Toc225196319]5. Results and Analysis 
This part shows the findings of applying classification models and clustering methods. The research aims at the analysis of the model performance by applying several measures and analysis of the outputs of the clustering process to derive meaningful patterns of the dataset. The scores are based on the processed crime data and are the outcomes of machine learning methods towards determining the outcomes of arrests [3].
[bookmark: _Toc225196320]5.1 Model Performance Comparison
Three classification models, which include Logistic Regression, Decision Tree and random Forest, were applied and tested on the basis of accuracy, precision, recall and F1-score. These measures give a holistic insight into the behaviour of the models especially when there is a class imbalance [11].
Table 4 provides the performance of the models on the basis of the experimental outcomes.
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[bookmark: _Toc225196329]Table 4 - Model Performance Comparison(Researcher’s Findings)
Based on Table 4, it is clear that the accuracy of the Random Forest was the best when compared to the other two models, which are Decision Tree and Logistic Regression. Nevertheless, the accuracy is not the sole measure of model effectiveness, particularly when working with an imbalanced dataset [7].
Figure 5 shows a comparison of the performance of the models in terms of accuracy.
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[bookmark: _Toc225196334]Figure 4 - Model Accuracy Comparison(Researcher’s Findings)
The confusion matrix of the Logistic Regression showed that this model was not very accurate, but at the same time did not classify properly the arrest cases, which leads to a high rate of the false positives [14]. Such behaviour shows that as a linear model, the Logistic Regression has some limitations in the number of complex relationships it can capture in the dataset [2].
Random Forest was more successful in comparison with the other models since it had the highest accuracy and it has a high balance between precision and recall. Random Forest is an ensemble which minimizes variance and increases predictive stability, which makes it very effective with complex datasets [21]. Figure 6 shows the confusion matrix of the Random Forest that demonstrates that the misclassification is reduced dramatically in comparison to other models.
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[bookmark: _Toc225196335]Figure 5 - Confusion Matrix for Random Forest(Researcher’s Findings)
Random Forest classification model confusion matrix gives a close-up perspective of the classification performance using not only actual but also predicted values. It demonstrates that there are many true negatives (non-arrest cases correctly classified) and this is a good sign of a good model. Cases of arrest (true positives) are also found to be quite substantial in the model, but not all cases of misclassification (false negatives). On the whole, the confusion matrix proves that the random Forest attains a solid performance without jeopardizing the accuracy or detection rate.
[bookmark: _Toc225196321]
5.2 Clustering Insights
Besides the classification K-Means clustering was also performed on the subset of crime incidents with arrests made. This was aimed at finding some pattern that runs beneath and group together similar incidences depending on their characteristics [4].
The findings of the clustering are presented in Figure 7, in which the grouping of crime incidents is in three clusters based on spatial characteristics like latitude and longitude.
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[bookmark: _Toc225196336]Figure 6 - K-Means Clustering of Arrest Cases(Researcher’s Findings)
Each cluster is a cluster of crime incidents with similar features. The visualisation shows the existence of more specific spatial clusters, which means the existence of crime hotspots in particular geographic locations [16]. Such groups can be understood to be areas that are at high risk where law enforcement may be required to focus on [10].
Cluster 1 is mainly the densely populated regions that have high rates of arrests and this implies a great level of correlation between population density and crime occurrence [1]. Cluster 2 involves the moderate incidents which are distributed, and those can be related to the transitional regions with mixed crime pattern [19]. Cluster 3 is made of rather sparse data points, which means the areas with less intense crime [8].
The clustering analysis gives further information that supplements the results of the classification. Although the classification models are used to predict the probability of arrest, the clustering can be used to learn how crime incidents are structured and distributed [22]. This two-sided strategy increases the general analytical system and helps to make more informed decisions [12].
The nature of clusters identified is summarised in Table 5.
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[bookmark: _Toc225196330]Table 5 - Cluster Characteristics(Researcher’s Findings)
Clustering coupled with classification facilitates a better interpretation of the crime behaviour. As an illustration, it is possible to further analyse areas which were identified as high-risk clusters with the help of classification models in order to predict the probability of arrest more precisely [17]. This hybrid method is especially useful in practice as prediction and pattern recognition are necessary in this situation [20].
In general, the findings reveal that Random Forest is the most successful model in arrest prediction, and K-Means clustering can be used to learn such useful information about the pattern of crimes. This combination of methods provides a powerful model of analyzing multifaceted datasets of crime and informing the decision-making process based on data [15].


[bookmark: _Toc225196322]6. Discussion and Recommendations 
The findings of the experimental analysis prove that the Random Forest model showed the best results in the classification with the highest accuracy of 93.08 among the introduced classification methods. This means that it has good potential to generalise complex trends in the crime data and be able to differentiate the arrest and non arrest in an effective way [4]. The high-performance of the Random Forest can be explained by the fact that it is an ensemble based learning method in which various decision trees are brought together to lessen variances and enhance predictive stability [17].
A notable conclusion of the results is the effect of the class imbalance on the performance of models. The samples had many more cases of non-arrest than arrest, which in the beginning of the study biased the models in the majority group [6]. The models also had the capability of enhancing their instance detection of the minority classes by adding class weighting methods. This is especially important in crime prediction, where correct identification of cases of arrest is more important than overall high accuracy [13].
As demonstrated by the confusion matrix analysis, the use of Random Forest is also effective as the number of true positives and true negatives is high, with the number of misclassifications being comparatively lower. Nonetheless, false negatives occur, which implies that the model did not have the ability to identify every case of arrest [11]. This implies that despite the good performance of this model, it can still be enhanced to reflect all the patterns that are relevant in the data [20].
The clustering analysis generated other information on the spatial distribution of the crime incidents. K-Means clustering outcome showed clear groupings of crime cases in different geographical characteristics that showed that there were high-risk and low-risk areas [8]. Such clusters may be applied in supporting strategic decision making as they outline areas that need greater surveillance and allocation of resources [15]. The combination of the clustering and classification improve the entire analytical system through the integration of predictive and descriptive [23].
In a pragmatic sense, this study can carry very important implications to the law enforcement agencies. The proactive policing can also be supported by the use of machine learning models like Random Forest which will help predict the chances of an arrest and allow the authorities to allocate resources more effectively [1]. As an example, the high-risk cluster areas can be given priority in patrolling, and predictive knowledge can be used to make decisions in crime prevention strategies [19].
Due to the analysis, it is possible to suggest several recommendations. To start with, the new work must assess new advanced ensemble techniques like the Gradient Boosting or the XGBoost in order to enhance the quality of predictions [5]. Second, the method of data balancing, including SMOTE, may help to improve the capability of the model to identify cases of minority classes [12]. Thirdly, the method of dimensionality reduction and feature selection can be used to determine the most useful variables and minimize the complexity of computations [14]. Also, a more detailed integration of real-time streams of data, as well as external variables, including socio-economic indicators, can also enhance the performance and applicability of the model [22].
As a conclusion, the findings point at the data efficiency of Random Forest as a strong and sturdy model to predict arrests in crime data. This is the combination of both classification and clustering methods which offers a detailed method of analysis and therefore prediction as well as pattern recognition. These findings can facilitate evidence-based decision-making and can be used in more effective and efficient crime management approaches [2].


[bookmark: _Toc225196323]7. Conclusion 
The purpose of this research was to forecast the possibility of arrest in the crime cases based on the method of machine learning and to identify the underlying patterns based on the clustering analysis. In the research, a real-world crime data was used and several classification models were run using Logistic Regression, Decision Tree and Random Forest to compare the effectiveness of these models in prediction of arrests.
These findings showed that the Random Forest was superior to the other models as it was the most accurate and offered a balanced results between accuracy and recall. Although Logistic Regression was weak in aspect of linearity, Decision Tree was moderate in performance yet likely to overfit. The results also indicated how the lack of balance between classes affected the model performance and how relevant methods should be used to overcome this problem.
Besides classification, K-Means clustering was used to group arrest cases together and meaningful spatial patterns were observed and possible high-risk areas were identified. These insights are complementary to the predictive models and improve the general picture of the crime behaviour.
On the whole, this study proves that machine learning methods can be effectively used to analyse crime and make decisions. Combining classification and clustering offers the powerful framework of the analysis of complex data sets and the valuable insights into the enhancement of the law enforcement policies and resources distribution.
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[bookmark: _Toc225196325]Appendix
import os
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt

from sklearn.preprocessing import LabelEncoder, StandardScaler
from sklearn.model_selection import train_test_split
from sklearn.linear_model import LogisticRegression
from sklearn.tree import DecisionTreeClassifier
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy_score, classification_report, confusion_matrix
from sklearn.cluster import KMeans

output_folder = "results"
os.makedirs(output_folder, exist_ok=True)

df = pd.read_csv("cleaned_crime_data.csv")
print("Dataset Shape:", df.shape)

columns_to_drop = [
    'ID', 'Case Number', 'Date', 'Block',
    'Description', 'Location', 'Updated On'
]
df.drop(columns=columns_to_drop, inplace=True, errors='ignore')

for col in df.select_dtypes(include=['float64', 'int64']).columns:
    df[col] = df[col].fillna(df[col].mean())

for col in df.select_dtypes(include='object').columns:
    df[col] = df[col].fillna(df[col].mode()[0])

df['Arrest'] = df['Arrest'].astype(int)

sample_table = df[[
    'Primary Type',
    'Location Description',
    'Arrest',
    'Domestic',
    'Latitude',
    'Longitude',
    'Month',
    'Hour'
]].head(5)

print("\nSample of Crime Dataset:\n", sample_table)
sample_table.to_csv("results/sample_dataset_table.csv", index=False)

arrest_counts = df['Arrest'].value_counts()

plt.figure()
plt.bar(['Non-Arrest (0)', 'Arrest (1)'], arrest_counts.values)
plt.title("Distribution of Arrest vs Non-Arrest Cases")
plt.xlabel("Class")
plt.ylabel("Number of Cases")
plt.savefig("results/arrest_distribution.png")
plt.show()

le = LabelEncoder()
for col in df.select_dtypes(include='object').columns:
    df[col] = le.fit_transform(df[col])

X = df.drop('Arrest', axis=1)
y = df['Arrest']

scaler = StandardScaler()
X_scaled = scaler.fit_transform(X)

X_train, X_test, y_train, y_test = train_test_split(
    X_scaled, y, test_size=0.2, random_state=42
)

lr = LogisticRegression(max_iter=2000, class_weight='balanced')
lr.fit(X_train, y_train)
y_pred_lr = lr.predict(X_test)

dt = DecisionTreeClassifier(class_weight='balanced', random_state=42)
dt.fit(X_train, y_train)
y_pred_dt = dt.predict(X_test)

rf = RandomForestClassifier(
    n_estimators=100,
    class_weight='balanced',
    random_state=42
)
rf.fit(X_train, y_train)
y_pred_rf = rf.predict(X_test)

def evaluate_model(y_test, y_pred, name):
    acc = accuracy_score(y_test, y_pred)
    print(f"\n{name} Accuracy:", acc)
    print(confusion_matrix(y_test, y_pred))
    print(classification_report(y_test, y_pred))
    return acc

acc_lr = evaluate_model(y_test, y_pred_lr, "Logistic Regression")
acc_dt = evaluate_model(y_test, y_pred_dt, "Decision Tree")
acc_rf = evaluate_model(y_test, y_pred_rf, "Random Forest")

results_df = pd.DataFrame({
    "Model": ["Logistic Regression", "Decision Tree", "Random Forest"],
    "Accuracy": [acc_lr, acc_dt, acc_rf]
})

plt.figure()
plt.bar(results_df["Model"], results_df["Accuracy"])
plt.title("Model Accuracy Comparison")
plt.savefig("results/model_comparison.png")
plt.show()

cm = confusion_matrix(y_test, y_pred_rf)

plt.figure()
plt.imshow(cm)

for i in range(len(cm)):
    for j in range(len(cm[0])):
        plt.text(j, i, cm[i, j], ha='center')

plt.title("Confusion Matrix - Random Forest")
plt.xticks([0,1], ['Non-Arrest','Arrest'])
plt.yticks([0,1], ['Non-Arrest','Arrest'])
plt.savefig("results/confusion_matrix_rf.png")
plt.show()

df_arrest = df[df['Arrest'] == 1].copy()

scaler_cluster = StandardScaler()
X_cluster = scaler_cluster.fit_transform(df_arrest.drop('Arrest', axis=1))

kmeans = KMeans(n_clusters=3, random_state=42)
df_arrest['Cluster'] = kmeans.fit_predict(X_cluster)

plt.figure()

scatter = plt.scatter(
    df_arrest['Longitude'],
    df_arrest['Latitude'],
    c=df_arrest['Cluster'],
    s=10
)

plt.colorbar(scatter)
plt.title("K-Means Clustering of Arrest Cases")
plt.xlabel("Longitude")
plt.ylabel("Latitude")

plt.savefig("results/kmeans_clusters.png")
plt.show()

print("\nFinal Model Comparison:")
print(results_df)

best_model = results_df.loc[results_df['Accuracy'].idxmax()]
print("\nBest Model:", best_model["Model"])
print("Best Accuracy:", best_model["Accuracy"])
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