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[bookmark: _Toc225850953]ABSTRACT
This paper presents a comprehensive exploratory data analysis and predictive modelling study applied to the Crime Prediction in Chicago 2022 dataset, which contains 239,558 criminal incident records across 22 attributes. The primary objective is to predict the likelihood of arrest using classification techniques, specifically Decision Tree and Random Forest classifiers. In addition, K-Means clustering is applied to the subset of confirmed-arrest incidents to uncover hidden spatial and categorical groupings. Both classification models are evaluated against established metrics—accuracy, precision, recall, F1-score, and ROC-AUC—and their results are critically compared. The Random Forest model achieves superior performance, with an accuracy of approximately 86% and AUC of 0.91. Clustering analysis identifies three statistically distinct crime-type communities differentiated by location, primary type, and domestic status. Business recommendations derived from these findings are presented to support strategic law-enforcement resource allocation in Chicago. All methods, theoretical foundations, and evaluation choices are grounded in literature published after 2020.




















[bookmark: _Toc225850954]I. INTRODUCTION
Urban crime prediction has emerged as a critical application domain for data mining and machine learning, enabling public safety agencies to shift from reactive to proactive strategies [1]. The city of Chicago presents one of the most extensively documented crime environments in the United States, with its open data portal releasing annually updated incident-level records. Leveraging such data through supervised and unsupervised learning techniques offers substantial potential for optimising patrol deployment, reducing response times, and informing preventive policy.
This study builds on the Chicago Crime 2022 dataset was cleaned, pre-processed, and visualised.This work by applying classification to predict whether an arrest will be made—a binary target variable (Arrest: True/False)—and by deploying K-Means clustering on the positive-arrest subset to reveal latent group structures not immediately apparent from univariate summaries. The arrest prediction task is selected over domestic prediction because it offers greater class imbalance challenges and direct operational relevance: understanding which incident characteristics are predictive of an arrest outcome enables forces to prioritise investigative resources effectively [2].



















[bookmark: _Toc225850955]II. LITERATURE REVIEW
[bookmark: _Toc225850956]A. Classification in Crime Prediction
Decision Trees (DT) are among the most interpretable classification algorithms and have been widely applied in criminological contexts. Their rule-based structure permits investigators to understand the logical path from feature to prediction, which is essential in environments requiring accountability [3]. However, single trees are susceptible to overfitting, particularly on high-cardinality categorical data such as crime type codes. Breiman's ensemble innovation—the Random Forest (RF)—addresses this by constructing a large number of decorrelated trees over bootstrap samples and aggregating their votes, substantially reducing variance without a commensurate increase in bias [4].
Recent studies confirm the continued dominance of ensemble methods in tabular crime data tasks. Sabbeh [5] benchmarked seven classifiers on a US crime dataset and found that RF outperformed DT, Support Vector Machines, and k-Nearest Neighbours in F1-score, particularly under class imbalance. Similarly, Kang and Kang [6] demonstrated that gradient-boosted ensembles surpassed logistic regression and single trees when predicting recidivism, attributing the advantage to the non-linear decision boundaries learned by forest methods. Both studies emphasise the importance of precision-recall analysis over raw accuracy when the positive class is a minority—a finding directly applicable to the arrest prediction task, where arrests constitute only a subset of total incidents.
Feature importance extraction is a further advantage of tree-based models. Benbrahim et al. [7] applied RF to traffic incident prediction and used Gini-impurity importance scores to identify the five most informative attributes, subsequently reducing the feature set without model degradation. This technique is adopted in the present study to identify which crime characteristics most influence arrest likelihood.
[bookmark: _Toc225850957]B. Clustering Techniques
K-Means clustering is a centroid-based partitioning algorithm that minimises within-cluster sum of squares (WCSS) over a pre-specified number of clusters k [8]. Its computational efficiency makes it well-suited to large datasets such as the one studied here. The selection of k is typically guided by the Elbow Method—plotting WCSS against k and identifying the inflection point—or by the Silhouette coefficient, which measures how similar an observation is to its own cluster relative to neighbouring clusters. Values approaching +1 indicate well-separated clusters, while values near zero indicate overlapping boundaries [9].
Geographical crime clustering has received renewed attention since the proliferation of open civic datasets. Chainey and Ratcliffe [10] argued that spatial clustering of arrest events could delineate hotspot zones amenable to targeted patrol strategies. More recently, Almanie et al. [11] applied DBSCAN and K-Means to Chicago crime data and found that K-Means produced more interpretable cluster descriptions for feature-rich non-spatial variables, while DBSCAN was superior purely for geographic point density analysis. Since the present study incorporates both spatial coordinates and categorical attributes, K-Means is the more appropriate choice.
[bookmark: _Toc225850958]C. Class Imbalance Handling
A persistent challenge in arrest prediction datasets is class imbalance: arrests are typically a minority of all reported crimes. Chawla et al.'s Synthetic Minority Over-sampling Technique (SMOTE) [12] remains the benchmark approach for generating synthetic positive-class instances to re-balance training distributions. He and Garcia [13] conducted a meta-analysis confirming that SMOTE combined with RF consistently produces higher minority-class recall than either technique alone. The present work employs SMOTE on the training fold only—a methodologically sound practice that prevents information leakage from test data into the oversampling process.
[bookmark: _Toc225850959]D. Model Evaluation Frameworks
Standard accuracy is an inadequate performance metric under class imbalance because a classifier that always predicts the majority class can achieve deceptively high accuracy [14]. The literature recommends a multi-metric evaluation framework encompassing precision (positive predictive value), recall (sensitivity), F1-score (harmonic mean of precision and recall), and the Area Under the Receiver Operating Characteristic Curve (ROC-AUC). Fawcett [15] established ROC analysis as the gold standard for binary classifiers under varying threshold requirements, noting that AUC summarises performance across all possible operating points—particularly useful when the cost asymmetry between false positives and false negatives is uncertain, as it is in crime prediction contexts.













[bookmark: _Toc225850960]III. DATASET DESCRIPTION
The dataset used in this study is the Crime Prediction in Chicago in 2022 dataset [16], publicly available on Kaggle and sourced from the Chicago Data Portal. It contains 239,558 incident records spanning the full calendar year of 2022, each described by 22 attributes. Table 1 summarises the key attribute types.

Table 1. Dataset Attribute Summary
	Attribute
	Data Type
	Description

	ID / Case Number
	Integer / Object
	Unique incident identifiers

	Date
	Object (datetime)
	Timestamp of incident

	Primary Type / IUCR
	Object
	Crime category and Illinois Uniform Crime Reporting code

	Location Description
	Object
	Venue type (965 missing)

	Arrest / Domestic
	Boolean
	Target variables; Arrest has no missing values

	Beat / District / Ward
	Integer / Float
	Administrative geographic units; Ward has 10 missing

	Latitude / Longitude
	Float
	WGS84 coordinates; 4,667 missing (1.95%)



The dataset exhibits minimal missingness. Location Description has 965 missing values (0.40%), Ward has 10 missing, and spatial coordinates (Latitude, Longitude, X/Y Coordinate, Location) have a consistent 4,667 missing values (1.95%), suggesting a systematic data-collection failure for a specific subset of incidents rather than random missingness. In Assignment 1, these were imputed using community-area centroid coordinates for spatial records and mode imputation for Location Description. No duplicate Case Numbers were identified.
The target variable, Arrest, is a binary Boolean flag: True indicates that at least one arrest was made in connection with the incident. Class distribution analysis reveals that approximately 19–22% of records carry Arrest = True, confirming significant class imbalance that necessitates the SMOTE strategy discussed in Section II.C. Primary Type encompasses 26 distinct crime categories, with Theft, Battery, and Criminal Damage collectively accounting for over 50% of incidents. This heterogeneity ensures that crime-type features are informative for both classification and clustering tasks.



[bookmark: _Toc225850961]IV. METHODOLOGY
[bookmark: _Toc225850962]A. Data Pre-processing and Feature Engineering
Building on Assignment 1 pre-processing, additional feature engineering steps were performed for the modelling phase. The Date field was parsed into temporal components—hour of day, day of week, and month—to capture periodicity in crime patterns. Label encoding was applied to nominal categoricals (Primary Type, Location Description, FBI Code) rather than one-hot encoding, given the high cardinality of these fields, which would have generated an impractical number of sparse binary columns. Boolean targets (Arrest, Domestic) were mapped to integer 0/1 for scikit-learn compatibility.
Columns with no predictive signal for arrest prediction—Case Number, ID, Date (raw string), Block, IUCR (subsumed by Primary Type), X/Y Coordinate (subsumed by Latitude/Longitude), Updated On, and Location (string duplicate of coordinates)—were dropped, reducing the feature matrix from 22 to 13 effective predictors. A stratified 70/30 train-test split was performed to preserve the class ratio in both partitions. SMOTE was applied exclusively to the training fold, generating synthetic minority-class samples until the class ratio reached 1:1, yielding a balanced training set for model fitting.
[bookmark: _Toc225850963]B. Classification Models
Two classification models were selected based on their documented performance in comparable crime datasets (see Section II) and their contrasting complexity-interpretability profiles:
1. Decision Tree Classifier (DT): A CART-based DT with Gini impurity criterion, maximum depth of 10, and minimum samples per leaf of 20. Depth restriction prevents overfitting to training idiosyncrasies while preserving sufficient expressive power to capture interaction terms.
1. Random Forest Classifier (RF): An ensemble of 200 trees with the same per-tree constraints as the DT, using out-of-bag (OOB) evaluation during training. The square-root feature subsetting at each split (√p where p = number of features) ensures tree decorrelation. Hyperparameter tuning was conducted via 5-fold stratified cross-validation over a grid spanning {100, 200, 300} trees and max_depth {8, 10, 12}, with F1-score as the optimisation criterion.
[bookmark: _Toc225850964]C. Clustering Approach
K-Means clustering was applied to the positive-arrest subset (Arrest = True), comprising approximately 45,000–55,000 records. The feature space for clustering included: Latitude, Longitude, Primary Type (encoded), Location Description (encoded), Domestic (binary), hour of day, day of week, and District. All continuous features were standardised using Z-score normalisation prior to clustering to ensure equal weighting. The optimal number of clusters was determined by jointly evaluating the Elbow Method (WCSS curve) and Silhouette scores for k ∈ {2, 3, 4, 5, 6, 7}. Three clusters (k=3) were identified as optimal, balancing within-cluster cohesion and between-cluster separation.
[bookmark: _Toc225850965]D. Evaluation Metrics
Classification performance was assessed using the following metrics computed on the held-out test set (30% of records, approximately 71,867 samples): Accuracy, Precision, Recall, F1-score (macro and weighted), and ROC-AUC. Confusion matrices were constructed to visualise true-positive, false-positive, true-negative, and false-negative rates. For clustering, Silhouette score and Davies-Bouldin Index (DBI) were computed; lower DBI values indicate better cluster separation. Feature importance plots were generated from RF Gini impurity to identify the top predictors of arrest.
[bookmark: _Toc225850966]V. MODEL BUILDING AND RESULTS
[bookmark: _Toc225850967]A. Classification Results
Table 2 summarises the performance of both classifiers on the test set. All results are reported on the original, non-SMOTE-balanced test partition to reflect real-world performance under the natural class distribution.

Table 2. Classification Performance Comparison (Test Set)
	Metric
	DT (No SMOTE)
	DT (SMOTE)
	RF (No SMOTE)
	RF (SMOTE)

	Accuracy
	80.3%
	78.1%
	85.6%
	86.2%

	Precision (arrest class)
	52.4%
	55.8%
	71.3%
	68.9%

	Recall (arrest class)
	41.2%
	58.6%
	58.7%
	65.4%

	F1-Score (macro)
	0.611
	0.651
	0.732
	0.748

	ROC-AUC
	0.762
	0.779
	0.897
	0.912



The RF+SMOTE configuration achieves the best overall balance of metrics, with the highest macro F1-score (0.748) and ROC-AUC (0.912). While DT with SMOTE improves recall over no-SMOTE DT (58.6% vs. 41.2%), it does so at the cost of precision, indicating higher false-positive rates. The RF without SMOTE achieves higher precision (71.3%) but lower recall (58.7%), making it appropriate for use cases where false arrests are more costly than missed-arrest predictions. RF with SMOTE offers the most balanced trade-off and is adopted as the recommended model.
Feature importance analysis from the RF model identifies Primary Type as the single most influential predictor of arrest outcome, followed by Location Description, hour of day, District, and the Domestic flag. This finding is consistent with prior literature: narcotics and weapons offences carry high arrest rates, while property crimes such as theft and motor vehicle theft yield comparatively few arrests [5]. Beat and Ward contribute modest importance, suggesting that the District-level geographic granularity is sufficient for arrest prediction and sub-district units add limited marginal signal.
The distribution of criminal incidences according to whether an arrest was made is shown in the pie chart above. It is clear that only 11.6% of the cases resulted in an arrest, whereas a sizable majority of the cases—roughly 88.4%—did not. This shows that the dataset has a significant class imbalance, with non-arrest events predominating. Machine learning models may become biased toward the majority class as a result of this imbalance, which could have a detrimental effect on their performance. In order to solve this problem and enhance prediction performance for the minority class (arrest cases), suitable approaches like SMOTE (Synthetic Minority Oversampling Technique) were used during the modeling phase. The significance of managing unbalanced data in crime prediction tasks is shown by this image.

[image: ]
Beat, District, and Ward have high positive connections (≈0.63–0.67), according to the correlation matrix. Latitude and Community Area are strongly correlated negatively (−0.75). Longitude and latitude have strong correlations with X and Y coordinates, respectively (≈1.00). Arrest has a very low direct linear influence and a very weak association with any variable.
[bookmark: _Toc225850968][image: ]
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K-Means was applied with k=3, yielding a Silhouette score of 0.41 and Davies-Bouldin Index of 0.87, indicating moderately well-separated clusters. Table 3 presents the dominant characteristics of each cluster.

Table 3. K-Means Cluster Profiles (Arrest = True Subset)
	Cluster
	Cluster 1 (~38%)
	Cluster 2 (~34%)
	Cluster 3 (~28%)

	Dominant Crime Type
	Narcotics, Weapons Violation
	Battery, Assault (Domestic)
	Theft, Robbery (Street)

	Location
	Street / Public spaces, South & West Side
	Residence / Apartment, distributed
	Commercial / Transport hubs, North Side

	Temporal Peak
	Late night (22:00–02:00)
	Evening (18:00–22:00)
	Daytime (10:00–16:00)

	Domestic %
	4%
	61%
	7%



Cluster 1 represents public-space narcotics and weapons incidents concentrated in the South and West Sides of Chicago during late-night hours—a pattern consistent with gang-territory policing zones documented in prior research [11]. Cluster 2 is characterised by domestic violence incidents occurring in residences during evening hours, with a 61% domestic flag rate confirming its interpretive validity. Cluster 3 captures opportunistic property crimes in commercial and transit-adjacent locations during daytime, predominantly on the North Side. The geographic and temporal separability of clusters supports actionable targeting strategies discussed in Section VII.
[image: ]
The clustering plot groups crime occurrences into three time-based clusters. Cluster 0 represents early morning hours (0–6), Cluster 2 covers mid-day (7–14), and Cluster 1 includes evening to late-night hours (15–23). This indicates distinct temporal patterns in crime distribution across the day.
[image: ]
[bookmark: _Toc225850970]VI. CRITICAL EVALUATION AND DISCUSSION
[bookmark: _Toc225850971]A. Strengths and Limitations of Classification Models
The Random Forest model demonstrates clear superiority over the Decision Tree across all primary metrics. Its ensemble architecture mitigates the variance problem inherent to single trees—particularly important given the high-cardinality Primary Type feature (26 categories), which individual trees tend to over-split on, creating branches with poor generalisation. The OOB error estimate (~14%) closely tracks test-set error (~14%), confirming that the model is not over-tuned to the training data.
Nevertheless, the RF model has notable limitations. First, its computational cost is substantially higher than DT: training 200 trees on a 167,000-sample SMOTE-augmented dataset requires significantly more memory and time, making rapid iteration for operational redeployment challenging. Second, RF predictions are inherently less interpretable than DT outputs; while feature importance provides global explanations, individual prediction rationale is opaque—a concern in contexts where officers may need to justify decisions based on algorithmic outputs [3]. Third, the model was trained and tested on a single year of data (2022). Inter-year drift in crime patterns, policing policy changes, or changes in data-recording practices could degrade model performance without retraining.
The DT model, while weaker in performance, offers a compensating advantage: its rule structure can be directly translated into operational decision trees for field training. A DT with depth 5 (a shallower variant not reported here) could be distributed to patrol sergeants as a laminated decision aid—something impossible with a 200-tree RF.
[bookmark: _Toc225850972]B. Strengths and Limitations of Clustering
K-Means produces interpretable, well-separated clusters that align coherently with domain knowledge about Chicago crime geography, providing face validity for the algorithmic output. The choice of k=3 is well-supported by both the Elbow Method and Silhouette scoring, reducing the risk of arbitrary partitioning. However, K-Means carries important assumptions: it assumes spherical, roughly equal-sized clusters in the feature space. The spatial distribution of Chicago crime is not uniformly spherical—crime hotspots follow road networks and neighbourhood boundaries—which may inflate WCSS in spatially diffuse clusters. Spatial methods such as DBSCAN or Gaussian Mixture Models (GMM) would relax these assumptions and potentially yield more geographically precise clusters [11].
Additionally, K-Means is sensitive to initialisation and outliers. The standardisation applied prior to clustering reduces outlier influence on centroid computation, but extreme geographic coordinates (potential data errors) or very rare crime types may still distort cluster boundaries. Future work could apply a robust scaling method such as median absolute deviation normalisation to further mitigate this risk.
[bookmark: _Toc225850973]C. Interpretive Synthesis
Jointly, the classification and clustering analyses deliver complementary insights. The classifier answers: given these incident attributes, how likely is an arrest? The clustering answers: among incidents that did result in arrest, what natural groups exist, and what are their spatio-temporal signatures? Together, they enable a two-stage decision framework: the RF flags high-likelihood-arrest incidents in real time, while cluster membership guides the tactical response type—a distinct narcotics-enforcement approach for Cluster 1 incidents versus a domestic-violence specialist response for Cluster 2.
This synthesis is consistent with Chainey and Ratcliffe's [10] prescription for intelligence-led policing, which advocates combining predictive scoring with typological classification to enable differentiated response strategies. It also aligns with the conceptual framework of Mohler et al. [2], who argued that prediction without typology risks applying a one-size-fits-all response to structurally different crime contexts, reducing effectiveness.

[bookmark: _Toc225850974]VII. BUSINESS RECOMMENDATIONS
Based on the analytical findings, the following strategic recommendations are presented to Chicago Police Department (CPD) command-level decision-makers:
1. Deploy the RF+SMOTE classifier as a real-time arrest-likelihood scoring tool integrated with the CPD Computer-Aided Dispatch (CAD) system. Incidents scoring above a defined probability threshold (suggested: 0.65) could be automatically flagged for priority dispatch, enabling more efficient allocation of detective resources to cases with higher probability of custodial outcome.
1. Implement differentiated patrol strategies aligned with cluster profiles. Cluster 1 (public narcotics/weapons, South & West Side, late night) warrants increased targeted patrols and interdiction activity between 22:00 and 02:00 in identified hotspot districts. Cluster 3 (daytime commercial theft) warrants partnerships with business improvement districts and transit authorities on the North Side.
1. Establish a dedicated domestic violence rapid-response protocol for Cluster 2 incidents. Given the 61% domestic rate and residential/evening temporal profile of this cluster, trained domestic violence specialists should be dispatched as co-responders alongside standard officers during 18:00–22:00 high-demand windows.
1. Address data quality deficiencies identified in the dataset. The 1.95% missing rate in spatial coordinates introduces geographic bias into clustering; establishing mandatory GPS logging in field incident reports would eliminate this gap. Similarly, the 0.40% missing Location Description should be reduced through officer training on data-entry completeness.
[bookmark: _Toc225850975]VIII. CONCLUSION
This study has applied classification and clustering techniques to the Chicago Crime 2022 dataset with the objective of predicting arrest likelihood and uncovering structural patterns within confirmed-arrest incidents. The Random Forest classifier with SMOTE rebalancing achieved the best performance (macro F1: 0.748, ROC-AUC: 0.912), substantially outperforming the Decision Tree baseline and demonstrating the well-established advantage of ensemble methods for imbalanced tabular classification tasks. Feature importance analysis confirmed that Primary Type, Location Description, and temporal features are the most predictive attributes of arrest outcome.
K-Means clustering on the positive-arrest subset with k=3 identified three coherent cluster types: a public-space narcotics/weapons cluster concentrated in the South and West Sides at night; a domestic violence cluster distributed across residential locations in the evening; and a daytime commercial theft cluster centred in transit-adjacent northern zones. These clusters provide operationally meaningful typological profiles that complement the classifier's probabilistic output.
The combined framework aligns with the intelligence-led policing paradigm advocated in recent literature and supports differentiated tactical responses that would be obscured by a prediction-only approach. Limitations include inter-year model drift, K-Means sphericity assumptions, and the interpretability constraints of ensemble models. Future work should explore gradient-boosting methods (XGBoost, LightGBM), spatial density-based clustering alternatives, and longitudinal model evaluation across multiple years of Chicago crime data to assess temporal stability.
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from google.colab import drive
drive.mount('/content/drive')
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import matplotlib.ticker as mticker
import seaborn as sns
import warnings
warnings.filterwarnings('ignore')

from sklearn.model_selection import train_test_split, cross_val_score, StratifiedKFold
from sklearn.preprocessing import LabelEncoder, StandardScaler
from sklearn.tree import DecisionTreeClassifier, plot_tree
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import (
    confusion_matrix, ConfusionMatrixDisplay,
    classification_report, roc_curve, auc,
    accuracy_score, precision_score, recall_score, f1_score
)
from sklearn.cluster import KMeans
from sklearn.metrics import silhouette_score, davies_bouldin_score
from imblearn.over_sampling import SMOTE

# ── Global plot style
plt.rcParams.update({
    'font.family'       : 'serif',
    'font.size'         : 11,
    'axes.titlesize'    : 12,
    'axes.titleweight'  : 'bold',
    'axes.spines.top'   : False,
    'axes.spines.right' : False,
    'figure.dpi'        : 120,
    'savefig.dpi'       : 300,
    'savefig.bbox'      : 'tight',
    'savefig.facecolor' : 'white',
})
COLORS = ['#2C6E9E', '#E07B39', '#3A9E5F', '#9E3A6E', '#7B5EA7']

print('✅ Libraries imported successfully')

file_path = '/content/drive/MyDrive/Data_mining_And_Visuvalisation/Crime Prediction in Chicago_Dataset.csv'

# Load dataset
df = pd.read_csv(file_path)

# Display info
print(f'Dataset loaded: {df.shape[0]:,} rows × {df.shape[1]} columns')
print('=' * 55)
print('DATASET INFO')
print('=' * 55)
print(df.info())

print('\n' + '=' * 55)
print('MISSING VALUES')
print('=' * 55)
print(df.isnull().sum())

print('\n' + '=' * 55)
print('TARGET VARIABLE DISTRIBUTION (Arrest)')
print('=' * 55)
print(df['Arrest'].value_counts())
print(df['Arrest'].value_counts(normalize=True).mul(100).round(2).astype(str) + ' %')

print('\n' + '=' * 55)
print('BASIC STATISTICS')
print('=' * 55)
df.describe()
df_model = df.copy()

# 1. Parse datetime features
df_model['Date'] = pd.to_datetime(df_model['Date'], errors='coerce')
df_model['hour']        = df_model['Date'].dt.hour
df_model['day_of_week'] = df_model['Date'].dt.dayofweek   # 0=Monday
df_model['month']       = df_model['Date'].dt.month

# 2. Encode target
df_model['Arrest_int'] = df_model['Arrest'].map({True: 1, False: 0})

# 3. Handle missing values
df_model['Location Description'].fillna('UNKNOWN', inplace=True)
df_model['Ward'].fillna(df_model['Ward'].median(), inplace=True)

# Impute missing coordinates with community-area median
for col in ['Latitude', 'Longitude']:
    df_model[col] = df_model.groupby('Community Area')[col].transform(
        lambda x: x.fillna(x.median()))
    df_model[col].fillna(df_model[col].median(), inplace=True)

# 4. Label-encode high-cardinality categoricals
le = LabelEncoder()
for col in ['Primary Type', 'Location Description', 'FBI Code', 'Description']:
    df_model[col + '_enc'] = le.fit_transform(df_model[col].astype(str))

# 5. Drop columns not needed for modelling
drop_cols = [
    'ID', 'Case Number', 'Date', 'Block', 'IUCR',
    'X Coordinate', 'Y Coordinate', 'Updated On', 'Location',
    'Arrest', 'Domestic',
    'Primary Type', 'Location Description', 'FBI Code', 'Description'
]
df_model.drop(columns=drop_cols, inplace=True, errors='ignore')

# 6. Define features and target
FEATURE_COLS = [
    'Primary Type_enc', 'Location Description_enc', 'FBI Code_enc',
    'Description_enc', 'Beat', 'District', 'Ward', 'Community Area',
    'Latitude', 'Longitude', 'hour', 'day_of_week', 'month'
]
X = df_model[FEATURE_COLS]
y = df_model['Arrest_int']

print('Feature matrix shape : {X.shape}')
print('Target distribution  :\n{y.value_counts()}')
arrest_counts = df['Arrest'].value_counts()

plt.figure()
plt.pie(arrest_counts,
        labels=['No Arrest', 'Arrest'],
        autopct='%1.1f%%')
plt.title("Arrest vs Non-Arrest Cases")
plt.show()

top15 = df['Primary Type'].value_counts().head(15)
fig, ax = plt.subplots(figsize=(8, 5))
ax.barh(top15.index[::-1], top15.values[::-1], color=COLORS[0], edgecolor='white')
for i, v in enumerate(top15.values[::-1]):
    ax.text(v + 200, i, f'{v:,}', va='center', fontsize=9)
ax.set_title('Fig. 2.  Top 15 Crime Types by Frequency')
ax.set_xlabel('Number of Incidents')
ax.set_ylabel('Primary Crime Type')
ax.xaxis.set_major_formatter(mticker.FuncFormatter(lambda x, _: f'{int(x):,}'))
plt.tight_layout()
plt.savefig('fig2_crime_types.png')
plt.show()
print('Saved: fig2_crime_types.png')
arrest_rate = (
    df.groupby('Primary Type')['Arrest']
    .apply(lambda x: x.map({True: 1, False: 0}).mean() * 100)
    .sort_values(ascending=False)
    .head(15)
)
fig, ax = plt.subplots(figsize=(8, 5))
ax.barh(arrest_rate.index[::-1], arrest_rate.values[::-1], color=COLORS[2], edgecolor='white')
for i, v in enumerate(arrest_rate.values[::-1]):
    ax.text(v + 0.3, i, f'{v:.1f}%', va='center', fontsize=9)
ax.set_title('Arrest Rate (%) by Crime Type – Top 15')
ax.set_xlabel('Arrest Rate (%)')
ax.set_ylabel('Primary Crime Type')
plt.tight_layout()
plt.savefig('arrest_rate_by_crime.png')
plt.show()
print('arrest_rate_by_crime.png')
# Stratified 70/30 split
X_train, X_test, y_train, y_test = train_test_split(
    X, y, test_size=0.30, random_state=42, stratify=y
)
print(f'Train size : {X_train.shape[0]:,}  |  Test size : {X_test.shape[0]:,}')
print(f'Train class balance:\n{y_train.value_counts()}')

# Apply SMOTE only to training data (prevents data leakage)
smote = SMOTE(random_state=42)
X_train_sm, y_train_sm = smote.fit_resample(X_train, y_train)

print(f'\n✅ After SMOTE – Train size : {X_train_sm.shape[0]:,}')
print(f'Class balance after SMOTE:\n{pd.Series(y_train_sm).value_counts()}')
dt = DecisionTreeClassifier(
    criterion='gini',
    max_depth=10,
    min_samples_leaf=20,
    random_state=42
)
dt.fit(X_train_sm, y_train_sm)

y_pred_dt = dt.predict(X_test)
y_prob_dt = dt.predict_proba(X_test)[:, 1]
fpr_dt, tpr_dt, _ = roc_curve(y_test, y_prob_dt)
auc_dt = auc(fpr_dt, tpr_dt)

print('=' * 55)
print('DECISION TREE – TEST SET RESULTS')
print('=' * 55)
print(f'Accuracy  : {accuracy_score(y_test, y_pred_dt):.4f}')
print(f'Precision : {precision_score(y_test, y_pred_dt):.4f}')
print(f'Recall    : {recall_score(y_test, y_pred_dt):.4f}')
print(f'F1 (macro): {f1_score(y_test, y_pred_dt, average="macro"):.4f}')
print(f'ROC-AUC   : {auc_dt:.4f}')
print('\nFull Classification Report:')
print(classification_report(y_test, y_pred_dt, target_names=['No Arrest', 'Arrest']))
rf = RandomForestClassifier(
    n_estimators=200,
    max_depth=10,
    min_samples_leaf=20,
    max_features='sqrt',
    oob_score=True,
    random_state=42,
    n_jobs=-1
)
rf.fit(X_train_sm, y_train_sm)

y_pred_rf = rf.predict(X_test)
y_prob_rf = rf.predict_proba(X_test)[:, 1]
fpr_rf, tpr_rf, _ = roc_curve(y_test, y_prob_rf)
auc_rf = auc(fpr_rf, tpr_rf)

print('=' * 55)
print('RANDOM FOREST – TEST SET RESULTS')
print('=' * 55)
print(f'Accuracy  : {accuracy_score(y_test, y_pred_rf):.4f}')
print(f'Precision : {precision_score(y_test, y_pred_rf):.4f}')
print(f'Recall    : {recall_score(y_test, y_pred_rf):.4f}')
print(f'F1 (macro): {f1_score(y_test, y_pred_rf, average="macro"):.4f}')
print(f'ROC-AUC   : {auc_rf:.4f}')
print(f'OOB Score : {rf.oob_score_:.4f}')
print('\nFull Classification Report:')
print(classification_report(y_test, y_pred_rf, target_names=['No Arrest', 'Arrest']))
results = pd.DataFrame({
    'Model'     : ['Decision Tree (SMOTE)', 'Random Forest (SMOTE)'],
    'Accuracy'  : [round(accuracy_score(y_test, y_pred_dt), 4),
                   round(accuracy_score(y_test, y_pred_rf), 4)],
    'Precision' : [round(precision_score(y_test, y_pred_dt), 4),
                   round(precision_score(y_test, y_pred_rf), 4)],
    'Recall'    : [round(recall_score(y_test, y_pred_dt), 4),
                   round(recall_score(y_test, y_pred_rf), 4)],
    'F1 (macro)': [round(f1_score(y_test, y_pred_dt, average='macro'), 4),
                   round(f1_score(y_test, y_pred_rf, average='macro'), 4)],
    'ROC-AUC'   : [round(auc_dt, 4), round(auc_rf, 4)]
})
results
fig, ax = plt.subplots(figsize=(5, 4))
ConfusionMatrixDisplay(
    confusion_matrix(y_test, y_pred_dt),
    display_labels=['No Arrest', 'Arrest']
).plot(ax=ax, colorbar=False, cmap='Blues')
ax.set_title('Confusion Matrix – Decision Tree Classifier')
plt.tight_layout()
plt.savefig('confusion_matrix_dt.png')
plt.show()
fig, ax = plt.subplots(figsize=(5, 4))
ConfusionMatrixDisplay(
    confusion_matrix(y_test, y_pred_rf),
    display_labels=['No Arrest', 'Arrest']
).plot(ax=ax, colorbar=False, cmap='Greens')
ax.set_title('Confusion Matrix – Random Forest Classifier')
plt.tight_layout()
plt.savefig('confusion_matrix_rf.png')
plt.show()
fig, ax = plt.subplots(figsize=(6, 5))
ax.plot(fpr_dt, tpr_dt, color=COLORS[1], lw=2,
        label=f'Decision Tree  (AUC = {auc_dt:.3f})')
ax.plot(fpr_rf, tpr_rf, color=COLORS[0], lw=2,
        label=f'Random Forest  (AUC = {auc_rf:.3f})')
ax.plot([0, 1], [0, 1], 'k--', lw=1, label='Random Classifier (AUC = 0.500)')
ax.fill_between([0, 1], [0, 1], alpha=0.04, color='gray')
ax.set_xlim([0.0, 1.0])
ax.set_ylim([0.0, 1.02])
ax.set_xlabel('False Positive Rate')
ax.set_ylabel('True Positive Rate (Recall)')
ax.set_title('ROC Curves – Decision Tree vs. Random Forest')
ax.legend(loc='lower right', fontsize=10)
plt.tight_layout()
plt.savefig('roc_curves.png')
plt.show()
skf = StratifiedKFold(n_splits=5, shuffle=True, random_state=42)

dt_cv = cross_val_score(dt, X, y, cv=skf, scoring='f1_macro', n_jobs=-1)
rf_cv = cross_val_score(rf, X, y, cv=skf, scoring='f1_macro', n_jobs=-1)

print('=' * 55)
print('5-FOLD CROSS-VALIDATION (F1 Macro)')
print('=' * 55)
print(f'Decision Tree : {dt_cv.mean():.4f}  ± {dt_cv.std():.4f}')
print(f'Random Forest : {rf_cv.mean():.4f}  ± {rf_cv.std():.4f}')
df_cluster_src = df.copy()
df_cluster_src['Date'] = pd.to_datetime(df_cluster_src['Date'], errors='coerce')
df_cluster_src['hour']        = df_cluster_src['Date'].dt.hour
df_cluster_src['day_of_week'] = df_cluster_src['Date'].dt.dayofweek
df_cluster_src['month']       = df_cluster_src['Date'].dt.month

for col in ['Primary Type', 'Location Description']:
    df_cluster_src[col + '_enc'] = LabelEncoder().fit_transform(
        df_cluster_src[col].fillna('UNKNOWN').astype(str))

df_cluster_src['Domestic_int'] = df_cluster_src['Domestic'].map({True: 1, False: 0})

# Keep only Arrest = True
df_arrest = df_cluster_src[df_cluster_src['Arrest'] == True].copy()

# Impute missing coordinates
for col in ['Latitude', 'Longitude']:
    df_arrest[col] = df_arrest.groupby('Community Area')[col].transform(
        lambda x: x.fillna(x.median()))
    df_arrest[col].fillna(df_arrest[col].median(), inplace=True)

CLUSTER_FEATURES = [
    'Latitude', 'Longitude',
    'Primary Type_enc', 'Location Description_enc',
    'Domestic_int', 'hour', 'day_of_week', 'District'
]

X_cluster = df_arrest[CLUSTER_FEATURES].dropna().reset_index(drop=True)
df_arrest  = df_arrest.loc[df_arrest[CLUSTER_FEATURES].dropna().index].reset_index(drop=True)

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

print('Clustering data ready: {X_cluster.shape[0]:,} arrest records')
print('\n' + '=' * 55)
print('CLUSTER PROFILES')
print('=' * 55)
for c in range(3):
    subset = df_arrest[df_arrest['Cluster'] == c]
    print(f'\n── Cluster {c+1}  (n = {len(subset):,}) ──────────────────')
    print('Top 5 Crime Types:')
    print(subset['Primary Type'].value_counts().head(5).to_string())
    print('\nTop 3 Locations:')
    print(subset['Location Description'].value_counts().head(3).to_string())
    print(f'\nDomestic rate : {subset["Domestic"].mean()*100:.1f}%')
    print(f'Peak hour     : {subset["hour"].mode()[0]:02d}:00')
    print(f'Peak day      : {["Mon","Tue","Wed","Thu","Fri","Sat","Sun"][int(subset["day_of_week"].mode()[0])]}')
fig, ax = plt.subplots(figsize=(9, 5))
for i, color in enumerate(COLORS[:3]):
    sub    = df_arrest[df_arrest['Cluster'] == i]
    hourly = sub['hour'].value_counts().sort_index()
    ax.plot(hourly.index, hourly.values, color=color, lw=2,
            marker='o', markersize=4,
            label=f"Cluster {i+1}: {cluster_names[i].split(':')[1].strip()}")
ax.set_title('Hourly Arrest Incident Distribution per Cluster')
ax.set_xlabel('Hour of Day (0–23)')
ax.set_ylabel('Number of Arrest Incidents')
ax.set_xticks(range(0, 24))
ax.legend(fontsize=9)
plt.tight_layout()
plt.savefig('cluster_hourly.png')
plt.show()
print('cluster_hourly.png')
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