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Abstract
Crime analysis and prediction have become critical in modern urban environments as crime rates continue to increase and law enforcement agencies require more efficient strategies for prevention and response. Machine learning approaches offer effective methods for processing large crime datasets and discovering patterns that can assist predictive policing. This research explores the use of machine learning models to determine the likelihood that a reported crime incident will lead to an arrest by utilizing a large-scale crime dataset.
The dataset employed in this study includes more than 239,000 crime records containing various attributes such as crime category, location, time, and law enforcement outcomes. To predict arrest outcomes, three supervised learning algorithms—Logistic Regression, Decision Tree, and Random Forest—were applied. Additionally, K-Means clustering was used to examine spatial distributions and patterns related to arrest incidents.
The experimental evaluation indicates that Logistic Regression produced the highest prediction accuracy at approximately 93.17%, while Decision Tree and Random Forest achieved accuracies of 92.94% and 92.53%, respectively. Despite the high accuracy levels, the models showed relatively lower recall for arrest cases, primarily due to class imbalance in the dataset. Feature importance analysis based on the Random Forest model identified crime type, location description, and geographic characteristics as key variables influencing arrest predictions.
Overall, the results suggest that machine learning techniques can successfully uncover crime-related patterns and contribute to data-driven decision-making in law enforcement. Future studies may focus on enhancing model effectiveness through advanced algorithms and implementing strategies to mitigate class imbalance, thereby improving overall predictive performance.
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1. [bookmark: _Toc222252089]Introduction
[bookmark: _Toc222252090]1.1 Background
Urban crime presents a major challenge for modern cities and has significant implications for public safety, economic development, and social stability. Law enforcement agencies increasingly rely on data-driven approaches to understand crime patterns and support evidence-based decision-making. Advances in data mining and machine learning techniques have enabled the analysis of large-scale crime datasets to identify patterns, predict criminal activity, and support proactive policing strategies.
Crime prediction is an important application of data analytics because it helps authorities allocate police resources more efficiently and identify high-risk locations or times. Traditional statistical approaches often struggle to capture complex spatial and temporal relationships within crime data. In contrast, machine learning algorithms can detect nonlinear relationships and hidden patterns in large datasets.
The city of Chicago provides open access to crime records through its public data portal. This dataset contains detailed information about reported crime incidents, including the type of crime, geographic location, time of occurrence, and whether an arrest was made. Such data provides an opportunity to apply data mining techniques to understand crime behaviour and evaluate predictive models.
This research focuses on predicting whether a crime incident results in an arrest using classification techniques. Three machine learning models are implemented: Logistic Regression, Decision Tree, and Random Forest. The performance of these models is evaluated using standard metrics such as accuracy, precision, recall, and F1-score.
In addition to classification, clustering analysis is applied to incidents where an arrest occurred. This allows the identification of spatial and temporal patterns within successfully resolved crimes. Understanding such patterns can support strategic decision-making for law enforcement agencies.
1.2 Problem Statement
Despite significant investments in law enforcement resources, many crime incidents remain unresolved and do not lead to arrests. Identifying factors that influence arrest outcomes is essential for improving policing strategies and investigative processes. However, crime data often contains complex interactions between spatial, temporal and behavioural variables, making prediction difficult using conventional statistical methods.
Machine learning approaches can analyse these complex relationships and improve prediction accuracy. However, selecting appropriate algorithms and interpreting results in a real-world policing context remains a challenge.
[bookmark: _Toc222252091]1.3 Aim and objectives
Aim
To develop predictive classification models that determine the likelihood of arrest based on crime attributes and to apply clustering techniques for identifying behavioural crime patterns within arrest-positive incidents.
Objectives
To perform feature engineering and data transformation to prepare crime data for predictive modelling.
To implement and evaluate Logistic Regression and Random Forest classification models.
To compare model performance using accuracy, precision, recall, F1-score and confusion matrices.
To apply K-Means clustering to arrest-positive records to identify crime pattern groupings.
To interpret findings in a real-world policing context and propose actionable recommendations.
[bookmark: _Toc222252092]1.4 Purpose and scope of the report
The primary purpose of this report is to investigate how data mining and machine learning techniques can be applied to crime data in order to support predictive policing and strategic decision-making. Specifically, the study aims to develop classification models capable of predicting the likelihood of an arrest based on contextual crime attributes such as crime type, temporal patterns and geographic indicators. By transforming raw crime records into structured analytical insights, the report seeks to demonstrate how predictive analytics can enhance operational effectiveness within law enforcement environments.
In addition to predictive modelling, the report also explores the application of clustering techniques to identify hidden behavioural patterns within arrest-positive crime incidents. This dual analytical approach enables both supervised prediction and unsupervised pattern discovery, thereby providing a more comprehensive understanding of crime dynamics. The analysis focuses on extracting meaningful relationships between crime characteristics and arrest outcomes, with the intention of supporting resource allocation, hotspot identification and proactive intervention strategies.
The scope of the report includes data preprocessing, feature engineering, implementation of multiple classification algorithms, performance evaluation using statistical metrics, and interpretation of clustering results. The study is limited to the Chicago crime dataset for the year under investigation and does not incorporate external socio-economic or demographic variables. Furthermore, while the findings provide valuable analytical insights, they are intended to support decision-making rather than replace human judgement in policing operations.















2. [bookmark: _Toc222252093]Literature review
2.1 Machine Learning in Crime Prediction
The growth of urban populations and the expansion of metropolitan areas have significantly increased the complexity of crime patterns. Traditional statistical techniques used in crime analysis often struggle to handle large and complex datasets containing spatial, temporal and socio-economic variables. In recent years, machine learning techniques have emerged as powerful tools for analysing crime data and supporting predictive policing strategies. These methods can process large volumes of data and identify hidden relationships among variables that may not be apparent using conventional analytical methods [1].
Machine learning models have been increasingly adopted by law enforcement agencies and researchers to analyse historical crime records and forecast future criminal activity. By analysing patterns within historical crime datasets, predictive models can assist in identifying potential crime hotspots and high-risk areas where law enforcement resources should be prioritised [2]. The integration of predictive analytics with policing strategies has enabled authorities to transition from reactive responses to more proactive crime prevention frameworks.
Recent studies have highlighted the effectiveness of machine learning models in analysing crime trends across urban environments. These models typically incorporate multiple types of variables including crime category, geographic location, time of occurrence and contextual factors such as neighbourhood characteristics [3]. By combining these attributes, predictive models can identify complex relationships that influence crime patterns and law enforcement outcomes.
Spatial information has also been recognised as an important factor in crime prediction research. Crime incidents tend to exhibit spatial clustering, meaning that certain locations experience higher crime rates than others. Incorporating geographic features into predictive models can significantly improve the accuracy of crime prediction systems and provide deeper insights into spatial crime behaviour [4]. Consequently, many recent studies have focused on integrating spatial analysis techniques with machine learning approaches to enhance crime analytics.
2.2 Classification Algorithms for Crime Analytics
Classification methods are fundamental in crime analytics because many predictive tasks require assigning observations to specific categories. For instance, machine learning techniques can determine whether a crime event is likely to result in an arrest, whether an incident involves domestic violence, or whether a particular area has a high probability of criminal activity. Among various approaches, Logistic Regression is frequently applied to binary classification tasks because it is simple to implement, easy to interpret, and computationally efficient [5].
Logistic Regression predicts the likelihood of a binary outcome by modelling the relationship between explanatory variables and a response variable. In crime-related studies, the technique has been used to estimate the probability of arrests and to explore connections between crime attributes and law enforcement responses. Nevertheless, the method assumes a linear relationship between the predictors and the target variable. This assumption can reduce its effectiveness when dealing with complex crime datasets where relationships between variables may be nonlinear [6].
Decision Tree algorithms are another commonly used approach in crime prediction studies. These models categorise observations by repeatedly dividing the dataset into smaller groups according to selected feature values. The resulting tree-like structure produces clear decision rules that can be easily interpreted by analysts and law enforcement officials. Due to their transparency and simplicity, Decision Trees are often used in situations where model interpretability is essential [7].

Despite these advantages, Decision Trees can experience overfitting, especially when trained on large datasets containing many variables. Overfitting occurs when the model captures random noise within the training data rather than learning general patterns, which leads to poorer performance when applied to new or unseen data. To overcome this issue, researchers frequently adopt ensemble learning strategies [8].
Random Forest is one of the most widely applied ensemble techniques in crime prediction research. The algorithm generates numerous decision trees using different subsets of training data and then aggregates their predictions to produce a final result. This collective approach enhances predictive accuracy and minimises the likelihood of overfitting. Additionally, Random Forest models can evaluate the relative importance of variables, helping researchers identify which features contribute most significantly to prediction outcomes [9].
More recently, researchers have investigated advanced machine learning techniques, including Support Vector Machines, Gradient Boosting methods, and deep neural networks, for crime prediction applications. Although these approaches have demonstrated strong predictive capabilities in certain contexts, their computational complexity and resource requirements may limit their practical implementation in real-world policing environments [10].
2.3 Clustering Techniques for Crime Pattern Discovery
In addition to classification methods, unsupervised learning techniques play an important role in crime data analysis. Clustering algorithms are commonly used to discover hidden patterns within datasets by grouping observations according to similarity without requiring predefined labels. In the context of crime analytics, clustering methods are often applied to identify crime hotspots, spatial patterns and behavioural trends in criminal activity [11].
One of the most commonly used clustering techniques in data mining is the K-Means algorithm. K-Means partitions observations into clusters by minimising the distance between data points and cluster centroids. The algorithm iteratively updates cluster assignments until the optimal grouping of observations is achieved [12].
K-Means clustering has been widely applied in crime analysis to detect geographic concentrations of criminal activity. By analysing spatial coordinates and temporal features, clustering methods can identify areas with high crime density and reveal patterns that may not be apparent through traditional descriptive statistics [13]. Such insights can assist law enforcement agencies in identifying high-risk areas and implementing targeted crime prevention strategies.
Recent research has also combined clustering techniques with geographic information systems to analyse spatial crime distributions more effectively. Integrating spatial data with clustering algorithms enables researchers to visualise crime hotspots and evaluate spatial relationships between crime incidents [14]. These approaches provide valuable insights into how criminal activity is distributed across urban environments.
Furthermore, some studies have proposed hybrid analytical frameworks that integrate clustering methods with predictive models. By combining unsupervised learning with supervised classification techniques, researchers can both predict crime outcomes and uncover hidden structures within crime datasets. This integrated approach provides a more comprehensive understanding of crime behaviour and law enforcement outcomes [15].
Assessing the performance of machine learning models is an essential stage in crime prediction studies. Various evaluation measures are applied to determine how effectively classification algorithms perform. One of the most widely used metrics is accuracy, which indicates the percentage of instances that are correctly classified within the dataset [16].
Although accuracy is commonly reported, relying on this metric alone can produce misleading results, particularly when dealing with imbalanced datasets. Crime data often contain uneven class distributions, where one category has substantially more observations than another. For example, incidents that do not result in arrests may occur far more frequently than cases that lead to arrests. In such situations, a model may appear highly accurate while still failing to correctly detect the minority class [17].
To gain a clearer understanding of classification performance, researchers frequently use precision and recall as additional evaluation measures. Precision refers to the proportion of correctly predicted positive cases among all instances predicted as positive. Recall, on the other hand, measures the proportion of actual positive cases that the model successfully identifies. The F1-score combines both precision and recall into a single value, providing a balanced indicator of model effectiveness [18].
Another useful tool for evaluating classification performance is the confusion matrix. This matrix summarises prediction outcomes by presenting the counts of true positives, true negatives, false positives, and false negatives generated by the model. By examining these values, researchers can better understand the types of prediction errors produced by the algorithm and evaluate its suitability for real-world applications [19].
Choosing suitable evaluation criteria is especially important in crime analytics. Many researchers recommend using several evaluation metrics simultaneously rather than relying exclusively on accuracy, as this approach provides a more comprehensive assessment of model performance [20].
2.4 Research Gap
Despite significant advancements in machine learning-based crime analytics, several research gaps remain. Many existing studies focus on predicting crime occurrence rather than analysing factors influencing arrest outcomes. Additionally, some predictive models lack interpretability, making it difficult for law enforcement agencies to understand the reasoning behind predictions.
Another limitation is that many studies focus solely on supervised learning techniques without exploring complementary unsupervised approaches. Integrating classification models with clustering techniques can provide deeper insights into crime patterns by combining prediction with pattern discovery. Therefore, this study aims to develop a hybrid analytical framework that integrates classification models for arrest prediction with clustering techniques to analyse arrest-positive crime incidents and uncover meaningful behavioural patterns.








3. Methodology
3.1 Dataset Description
The dataset used in this research is the Crime Prediction in Chicago in 2022 dataset, obtained from the Chicago Open Data Portal. It contains detailed records of crime incidents reported in Chicago during the year 2022.
The dataset consists of 239,558 records and 22 attributes describing various aspects of each crime incident. These attributes include identifiers, crime categories, location details, time information, and outcome indicators.
Important attributes include:
Primary Type – broad classification of the crime type
Description – detailed description of the crime
Location Description – location where the crime occurred
Arrest – whether an arrest was made (True/False)
Domestic – whether the incident involved domestic violence
Latitude and Longitude – geographic coordinates
Date – timestamp of the crime
The dataset includes both categorical and numerical variables, making it suitable for machine learning analysis.
The target variable for this study is Arrest, which indicates whether a crime resulted in an arrest. Predicting this variable helps evaluate factors associated with successful law enforcement interventions.
[image: ]Figure 1: Dataset Discription 
[bookmark: _Toc222252112]3.2 Data Preprocessing
Data preparation was carried out through several steps, including handling missing values, transforming categorical variables, and scaling features. For numerical spatial attributes, missing values were replaced using median imputation in order to preserve the overall data distribution. For categorical variables related to location descriptions, mode imputation was applied.
Categorical attributes were converted into numerical form using One-Hot Encoding, which allowed the machine learning algorithms to process these variables effectively. After preprocessing, the dataset was divided into training and testing sets using a stratified sampling approach to ensure that the class proportions remained consistent across both subsets.
[bookmark: _Toc222252113]3.3 Classification Models
three classification techniques were applied:
3.3.1 Logistic Regression
Logistic Regression is a statistical technique commonly used for binary classification tasks. It calculates the probability that an observation belongs to a particular category based on the input features. In this research, the algorithm was used to determine whether a crime incident would lead to an arrest.
One of the advantages of Logistic Regression is its computational efficiency and ease of interpretation, making it suitable for analysing relationships between variables. However, the model assumes that there is a linear relationship between the predictors and the log-odds of the dependent variable, which may limit its ability to capture complex patterns in some datasets.
3.3.2 Decision Tree
Decision Tree models classify data by recursively partitioning the dataset according to selected feature values. Each internal node represents a decision rule, while the terminal nodes (leaves) correspond to the predicted class labels.
These models are widely appreciated for their interpretability and ability to model nonlinear relationships among variables. Nevertheless, if not properly controlled, Decision Trees can become overly complex and overfit the training data, which may reduce their ability to generalise to unseen data.	
3.3.3 Random Forest
Random Forest is an ensemble learning method that combines the outputs of multiple decision trees to produce a final prediction. Each individual tree is trained on a randomly selected subset of the dataset, and the final classification is determined using a majority voting mechanism.
Because it aggregates predictions from several trees, the Random Forest algorithm is generally more stable and less prone to overfitting compared to a single decision tree. As a result, it often delivers improved predictive performance in classification tasks.




4. Results
[bookmark: _Toc222252114]4.1 Model Evaluation
Logistic Regression
The Logistic Regression model achieved an overall accuracy of 93.17% in predicting arrest outcomes. Detailed performance metrics indicate strong precision and recall for non-arrest cases (label 0), while recall for arrest cases (label 1) was relatively lower, reflecting the impact of class imbalance.
[image: ]







Decision Tree
The Decision Tree classifier produced an accuracy of 92.94%. The model demonstrates high precision for non-arrest predictions, though recall for actual arrests remains moderate. This aligns with challenges arising from the skewed distribution of arrest outcomes.
[image: ]

																											
Random Forest
The Random Forest model attained an accuracy of 92.53% and a cross-validation accuracy of 92.50%, indicating stable performance across folds. Similar to other models, it predicted non-arrest cases more reliably than arrest cases, as observed in the confusion matrix.
[image: ]



4.2 Comparative Analysis
The performance comparison across the three models is summarized below:
	Model
	Accuracy
	Recall (Arrest=1)
	Precision
	F1-score

	Logistic Regression
	93.17%
	0.47
	0.89
	0.62

	Decision Tree
	92.94%
	0.43
	0.93
	0.59

	Random Forest
	92.53%
	0.39
	0.94
	0.55


[image: ]
	The Logistic Regression model achieved the 	highest overall accuracy. However, all 	models demonstrated low recall for arrest 	cases, indicating difficulty in correctly 	identifying minority class observations.
	This behaviour suggests class imbalance, 	where the number of non-arrest cases is 	significantly higher than arrest cases.

4.3 Feature Importance Analysis
Random Forest identified the most influential predictors:
· Primary Type
· Location Description
· Latitude
· Longitude
· Hour
· Month
This confirms that crime nature + spatial + temporal context strongly influence arrest probability.
This supports predictive policing literature which states that crime resolution likelihood depends on environmental context and operational deployment intensity
[image: ]

5. Clustering Analysis
Clustering analysis was performed on records where Arrest = True.
K-Means clustering was applied using spatial and temporal attributes such as Latitude, Longitude, Hour, and Month.
The clustering results revealed three distinct crime clusters.
These clusters represent geographic concentrations of crimes where arrests occurred. The spatial distribution suggests that certain areas experience higher arrest rates, potentially due to increased police presence or specific crime patterns.
[image: ] 
5.1 Elbow Method
The optimal number of clusters was determined using the Elbow Method.
[image: ]






The Elbow curve shows a clear bend at k = 3, indicating that three clusters provide the most meaningful grouping of arrest incidents.
5.2 Cluster Interpretation
Cluster characteristics:
Cluster 1 — Residential Arrest Cluster
· High domestic crimes
· Evening time incidents
· Moderate police response zones
Cluster 2 — Street Crime Cluster
· Weapons violations
· Night time occurrences
· High arrest probability due to patrol visibility
Cluster 3 — Commercial Area Cluster
· Theft and fraud cases
· Daytime incidents
· Arrest likelihood linked to surveillance presence
This clustering insight helps law enforcement allocate patrols strategically.


















6. Limitations of the Study
Despite achieving promising results, this study has several limitations. First, the dataset exhibits a significant class imbalance, with far fewer arrest cases than non-arrest cases. This skew leads models to favour the majority class, resulting in high overall accuracy but lower recall for arrests.
Second, the available features are limited. While crime type, location, and time are included, other important factors such as police patrol density, neighbourhood socio-economic status, surveillance coverage, and law enforcement response times are missing. Their absence restricts the predictive capability of the models.
Third, the study relies on historical crime data from a single city, which may limit generalisability. Crime patterns differ across regions due to variations in demographics, policing strategies, and urban infrastructure.
Additionally, the models used—Logistic Regression, Decision Tree, and Random Forest—are relatively simple. More advanced algorithms like Gradient Boosting, XGBoost, or deep learning could potentially improve prediction accuracy.
Finally, potential data quality issues such as missing coordinates, reporting inconsistencies, and delayed updates may introduce noise and reduce model reliability, despite preprocessing efforts.


















7. Recommendations for Law Enforcement
The findings provide actionable insights for law enforcement. Predictive models highlight that crime type, location, and timing are key factors in arrest likelihood. Agencies can use these insights to prioritise resources and focus on high-risk scenarios.
Spatial analysis indicates certain areas experience higher concentrations of arrest-related crimes. By integrating predictive models with Geographic Information Systems (GIS), police departments can design targeted patrols during peak periods.
Machine learning can also support predictive policing systems, enabling agencies to anticipate crime hotspots, detect emerging trends, and shift from reactive to proactive strategies. Integrating these models with real-time reporting platforms could enhance responsiveness and operational efficiency.
Ethical implementation is crucial: models should be regularly evaluated for fairness to prevent biases, maintain transparency, and ensure public trust while improving policing strategies.



















8. Future Work
Future research can extend this study in several directions. Using advanced algorithms such as Gradient Boosting, XGBoost, LightGBM, or deep neural networks may improve prediction accuracy for arrest outcomes.
Addressing class imbalance through methods like SMOTE, undersampling, or cost-sensitive learning could enhance detection of arrest cases.
Incorporating additional contextual data, including socio-economic indicators, population density, weather, and patrol activity, may provide deeper insights into crime dynamics.
Spatial and spatiotemporal techniques, including clustering, hotspot detection, and time-series analysis, could further refine understanding of crime patterns across regions and time periods.
Finally, developing real-time predictive crime analytics systems that integrate live law enforcement data streams can support timely, data-driven operational decisions and improve public safety outcomes.





		












9.  Conclusion
This research applied multiple machine learning models to predict arrest outcomes using crime data. Logistic Regression achieved the highest overall accuracy at 93.17%, while Decision Tree and Random Forest models also demonstrated strong performance.
The results indicate that machine learning techniques can effectively identify patterns in crime data and provide actionable insights for predictive policing. Feature importance analysis confirmed that crime type, location, and spatial attributes are key determinants in arrest prediction.
Despite limitations such as class imbalance and dataset scope, the findings support the potential of data-driven approaches in law enforcement decision-making. Future studies should focus on more advanced algorithms and enhanced datasets to improve predictive accuracy further.
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# =
# IMPORT LIBRARIES
#

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

from sklearn.model selection import train test split, cross val score
from sklearn.preprocessing import StandardScaler

from sklearn.linear model import LogisticRegression
from sklearn.tree import DecisionTreeClassifier
from sklearn.ensemble import RandomForestClassifier

from sklearn.cluster import KMeans

from sklearn.metrics import (
accuracy score,
confusion matrix,
classification_report,
roc_curve,
roc_auc_score

#
# LOAD DATA
# =

df = pd.read csv("Crime Prediction in Chicago Dataset.csv")

print(df.shape)
print(df.head())
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# = = =
# DATA PREPROCESSING
# = = =

df['Date’'] = pd.to _datetime(df['Date'])
df['Month'] = df['Date'].dt.month
df['Hour'] = df['Date'].dt.hour
df['Day'] = df['Date'].dt.dayofweek
df.drop('Date’, axis=1, inplace=True)
# Handle missing values
df['Location Description'].fillna(df['Location Description'].mode()[0], inplace=True)
df['Latitude’].fillna(df['Latitude’'].median(), inplace=True)
df['Longitude’].fillna(df['Longitude'].median(), inplace=True)
df['Ward'].fillna(df['Ward'].median(), inplace=True)
# Drop unnecessary columns
drop_cols = [
'ID','Case Number','Block','Description’,
'Location’, 'Updated On','X Coordinate','Y Coordinate’
1
df.drop(columns=drop cols, inplace=True, errors="'ignore')

# Convert boolean to integer

df['Arrest’']

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

df['Domestic'].astype(int)
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RANDOM FOREST

rf_model = RandomForestClassifier(
n_estimators=100,
max_depth=15,
random_state=42

)

rf _model.fit(X train, y train)

y pred rf = rf model.predict(X test)

cm_rf = confusion matrix(y test, y pred rf)

sns.heatmap(cm_rf, annot=True, fmt='d', cmap='Reds')

plt.title("Random Forest Confusion Matrix")
plt.show()

# MODEL EVALUATION

# =

models = {
"Logistic Regression": y pred_log,
"Decision Tree": y pred_tree,
"Random Forest": y pred rf

}

for name, pred in models.items():
print(“\n", name)
print("Accuracy:", accuracy score(y test, pred))

print(classification report(y test, pred))
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# Encode categorical variables

df model = pd.get dummies(df, drop first=True)

# === =
# FEATURE / TARGET
# === - =

f_model.drop('Arrest’, axis=1)
f_model['Arrest’]

won
aa

X
y
#
# TRAIN TEST SPLI
5e— —
X

train, X test, y train, y test = train_test split(
X,
v
test_size=0.2,
random_state=42,
stratify=y

W
=

TURE SCALING

scaler = StandardScaler()

X_train_scaled = scaler.fit_transform(X_train)
X_test_scaled = scaler.transform(X_test)
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LOGISTIC REGRESSION

* % W

MODEL 1

log model = LogisticRegression(max iter=2000)
log_model.fit(X train scaled, y train)

y pred log = log model.predict(X test scaled)

# Confusion Matrix

cm_lr = confusion matrix(y test, y pred log)
sns.heatmap(cm_lr, annot=True, fmt='d', cmap='Blues')
plt.title("Logistic Regression Confusion Matrix")
plt.xlabel("Predicted")

plt.ylabel("Actual”)
plt.show()

MODEL 2 : DECISION TREE

#
#
tree model = DecisionTreeClassifier(max depth=10)

tree model.fit(X train, y train)

y pred tree = tree model.predict(X test)

cm_tree = confusion matrix(y test, y pred tree)
sns.heatmap(cm_tree, annot=True, fmt='d', cmap='Greens')

plt.title("Decision Tree Confusion Matrix")
plt.show()
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cv_scores = cross_val score(rf model, X, y, cv=5)

print("Random Forest CV Accuracy:", cv_scores.mean())
# =
# ROC CURVE

y_prob = rf model.predict proba(X test)[:,1]
fpr, tpr, thresholds = roc_curve(y test, y prob)
plt.plot(fpr, tpr)

plt.title("ROC Curve - Random Forest")
plt.xlabel("False Positive Rate")
plt.ylabel("True Positive Rate")

plt.show()
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