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This paper examines how machine learning algorithms can be used to forecast the results of arrests with the help of the Chicago Crime 2022 dataset. The major aim will be to categorize whether a crime will result in arrest by using two models the Logistic Regression and the Random Forest to be supported using the K-Means clustering to detect spatial patterns of arrests. The pre-processing of the dataset by being confused by missing values, feature engineering and encoding was done to make sure that it is appropriate to be modelled. The results show that the most successful model was the tuned Random Forest ability to achieve high accuracy of 90.06% and naturally F1-score of 0.5749 because it was able to represent non-linear relationships. The clusters of activity of the hotspots of arrest showed six clear geographic hotspots of arrest activity in terms of shedding light on the spatial density of crime. Just as a practical point, the research indicates possible usefulness of data-based methods that could help in making decision-making in the brain of law enforcement, both in resource allocation and specific policing tactics, but there are also perennial drawbacks associated with data inherent biasness.
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[bookmark: _Toc225788282]1. Introduction
The availability of data of large-scale crime has facilitated the use of advanced forms of analysis in evidenced based policing. The conventional methods of managing crime tend to be reactionary based on the behaviour of crime in the past in terms of reporting and manual interpretation hence capability of forecasting patterns and resource selection will be limited. In this regard, predictive analytics gives a mechanized process by which valuable insights can be derived based on complicated data and such insights help law enforcement office to develop their decisions into making informed and dynamic decisions.
This paper aims to predict the probability of arrest with the help of the Chicago Crime 2022 data set, being a full-fledged repository of spatial, temporal, and categorical data on the incidents involving a crime. Predicting arrest outcomes is one of the urgent issues because it gives the assessments of the effectiveness of the enforcement process and the factors diverse in the decision-making process of the police. Nevertheless, even though this data are available, there is still a gap in terms of finding the best ways to capitalize on machine learning methods to fit arrest likelihood with interpretability and on the other hand, predictability.
In resolving this, the paper implements two classification tools such as Logistic Regression and Random Forest that will be used to evaluate their predictive powers in arrested cases. The reason behind the use of the Logistic Regression as a baseline model is that the block exhibits interpretability and its application in studying non-linear relationships and intricate interactions between features is what makes the random forest be used. Secondary to this, K-Means clustering is used on the subset of arrests cases to represent spatial hotspots in the form of supplementary information to classification.
This study will create predictive models that are to be used in the classification of arrests and reveal their behaviour in space to make strategic decisions. It is hoped that the findings will be used to allocate resources implicitly, develop better strategies and methods of crime prevention plus insight on the effect of various factors in influencing the outcomes of arrests in the urban setting.
In practical terms, predictive arrest modelling assists in making resources allocation more effective and proactive crime prevention strategies to enhance the justice system decision-making.
1.1. [bookmark: _Toc225788283]Aim
This research will attempt to create and test machine learning models to predict arrest outcomes and locate spatial crime patterns, using the Chicago Crime dataset.
1.2. [bookmark: _Toc225788284]Objectives
· To clean and train the data on crime and present it as input data to be used by a machine learning process.
· To use Logistic regression at random forests to create and run a model to predict arrests.
· To make a performance comparison between the models based on accuracy, precision and recall and F1-score.
· To locate geographic hotspots of crimes with K-Means clustering.
[bookmark: _Toc225788285]2. Literature Review
[bookmark: _Toc225788286]2.1. Predictive Analysis in Crime
Predictive analytics has transformed into a core element of the contemporary policing process, and it has become possible to use machine learning algorithms to derive trends using massive crime data. Contrary to conventional reactive strategies, predictive ones allow making proactive decisions based on the trends in crime occurrence and the effectiveness of the enforcement process [8]. This will enable the law enforcement agencies to maximise allocation of resources, enhance response measures, and foresee high risk scenarios. Nevertheless, the approaches have serious advantages but also bring about justified ethical issues. Dependence on historical crime information presents a risk of the tendency to strengthen the prior prejudice especially when the historical period of policing was unevenly shared among communities [10]. This indicates that prediction systems can end up recreating previously existing systemic disparities unless scrutinized properly. Also, transparency and accountability are still issues of concern since complicated models may harm the transparency in decision-making. 
[bookmark: _Toc225788287]2.2. Classification Models
Predictive crime analytics is based on classification models, especially when the outcomes are binary as in the case of arrest prediction [7]. The linear form of the Logistic Regression model can be interpreted well and thus, it can be used in unambiguous decision-making processes in the policing context due to its high levels of interpretability; this, however, has its own limitation, in that it is sensitive to linear assumptions, which may limit its capacity to address non-linear relationship presence in the crime data set.
Random Forest, on the other hand is an ensemble model, which builds several decision trees and combines their resultant predictions to enhance accuracy and strengthen. This method allows such complicated, non-linear relationships and interactions between features that it is more appropriate with heterogeneous data sets. Also, random forest is less affected by noise and overfitting because it uses randomness when selecting samples and features [2]. But this higher predictive performance implies a lower interpretability since the model is a black box i.e. the individual prediction is hard to trace.
Compared to the Logistic Regression, Random Forest is more suggestive of effectively processing the complexity of crime data. The linear form of the Logistic Regression offers an easy interpretation process, which explains the appropriateness of this method of predicting the association between variables and arrest outcomes. Nonetheless, this is detrimental to its usefulness in capturing the non-linear interactions that are found in the real-world data. On the other hand, Random Forest is an ensemble algorithm or learning system containing a series of decision trees that best characterizes intricate trends, thus leading to better predictive strength and sturdiness to noisy data. This implies that Logistic Regression is better with respect to transparency and interpretability whereas Random Forest has excellent accuracy and flexibility. Hence, the decision between the two models presents a trade-off between a model that is explainable and one that is predictive that is paramount to consider when it comes to data-driven policing.
[bookmark: _Toc225788288]2.3. Clustering
Clustering methods give further information since the patterns found in crime data are determined. K-Means clustering has the advantage of grouping similar observations using distance, and it is therefore useful in the detection of the geographic crime hotspots [6]. It is applicable to large datasets due to its simplicity and expediency in computations. The problem with this method however is that it assumes that clusters are spherical and the number of clusters is predetermined making it subjective. Ordinarily, association rule mining is capable of establishing correlations of variables and presents more practical results. This implies that the clustering process is mainly descriptive in nature and alternative processes possibly assist in making further decisions in a more profound way.
[bookmark: _Toc225788289]3. Methodology
[bookmark: _Toc225788290]3.1. Data Description
The dataset in this paper is the Chicago Crime 2022 dataset that likewise comprises of detailed logs of median criminal cases throughout the city. The report had 239,558 observations and 22 variables, originally which had a great variety of attributes such as crime type, location, time and whether it was an arrest or not. After the data cleaning software process especially deleting the records that lacked geographical coordinates, the dataset shrunk to 234,891 records, making sure that only quality and relevant information were kept.
The dataset variables could be grouped in form of spatial, temporal and descriptive variables. Spatial variables, like latitude, longitude, district, and ward and community area would give details about the crime’s distribution in the geographies. A temporal variable is deduced out of the original date variable whereby the following features can be extracted: month, day, day of the week and hour which can be used to determine a pattern in the temporal occurrence of crime. Nature and severity of offences are reflected by descriptive characteristics such as primary type of crime, descriptive statements and code one, two or three.
The binary field that this study will be targeting is the Arrest field, which shows whether the arrest was made. The dataset too has class imbalance with 11.6% of cases leading to an arrest; this has implication in model evaluation and selection.
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Figure 1: Dataset Overview
(Source: Author)
[bookmark: _Toc225788291]3.2. Dataset Preparation
Data preparation was done to improve the quality of data and to make it appropriate to machine learning models. The missing values were examined in all the variables and records that do not have geographic coordinates were deleted because they are fundamental to the process of spatial analysis and would not be reliable to amputate. The mode was used to fill remaining categorical values, and the median was used to imputate numerical values to minimize the effect of outliers. These measures enhance the generalisation of these models as the noise is minimised and the patterns of data are consistent to allow successful learning.
Date variable was converted in an attempt to extract statistical characteristics like the month, day, day of the week and hour. There were also inconsistencies in the formatting process that created missing values that were treated using imputation to ensure that data presence was not compromised. Nonsensical features, identifier, and administrative areas were eliminated to ease noise and data leakage. Lastly, nominal data which is in form of a categorical variable were coded to be modeled as in numerical.
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Figure 2: Missing Value Handling
(Source: Author)
These procedures were used to select features that are useful in predicting the outcome of arrest and which are related to spatial, temporal, and crime-specific features. Any irrelevant, redundant attribute especially the administrative number had to be eliminated in order to avoid misleading learning in the model. This procedure lowers both the dimensions and the computation expense and models efficiency. Also, removing redundant features may prevent overfitting to the extent that the model is not trained on random noise, and thus, the model will be better able to generalise to unobserved data in policing practice.
[bookmark: _Toc225788292]3.3. Model Selection
Two classification models were chosen to strike a balance between which to interpretable was possible, and the capabilities of the large amount of data they encountered. Logistic Regression was used as the baseline model because it is simple, efficient, and derived comprehensible coefficients and it is therefore adept when determining the relationship between features and arrest outcomes. Nevertheless, this could be its weakness because it is a linear-assumption-driven method that cannot be entirely used in the analysis of crime data involving complex, non-linear configurations.
Random Forest in its turn is the adoption made due to the algorithm features of modeling non-linear associations and the capacity to infer interaction between variables in an envelope of decision trees. It is especially appropriate in this setting because of its resistance to noise and its ability to process imbalanced data. The two models chosen allow making a comparatively quantifiable comparison of the linear and non-linear approaches, as well as identifying the dilemma of transparency verses predictive accuracy, which is of paramount importance in decision-making systems like law enforcement.
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Figure 3: Model Selection
(Source: Author)
[bookmark: _Toc225788293]3.4. Evaluation Metrics
Accuracy, precision, recall, and F1-score were the measures used in order to ensure a complete assessment of model performance [4]. The overall measure of accuracy checks its relative correctness but is prone to be misleading with an imbalanced dataset. Precision is used to estimate the rate of correctly predicted arrests, minimizing the incorrect ones, whereas recall allows assessing the skill of the correct identification of real arrests, minimizing the missing ones. F1-score gives a measure appropriate balance in which the recall and precision are considered. Considering the imbalance of the classes and the necessity to determine the real arrest cases, more attention is paid to recall and F1-score because it is believed that it is more important to miss an arrest, rather than incorrectly forecast it.
[bookmark: _Toc225788294]4. Model Implementation
The model implementation step consisted of data preparation to be used in predictive modelling, use of classification algorithms and systematic refining the model. The data first was split into training and testing set at 80/ 20. The stratified sampling strategy was used to ensure that the ratio of arrest and non-arrest cases was also similar in both subsets. This is especially significant with unbalanced datasets, since it avoids biased performance results and is also used to make sure that performance measures reflect actual world circumstances. The following division gave an 187,912-train and 46,979-test observations with an arrest rate of just about 11.6 in both samples.
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Figure 4: Dataset Split
(Source: Author)
After data split, more preprocessing processes were used to make the data compatible with the chosen models. Although previously cleared, missing values in derived features of temporal dimensions were identified in year, month and day and day of the week and hour. Median imputation was used to overcome such missing values which is a strong method to reduce an effect of outliers and preserve the central tendency of the data [12]. 
The output of the standardisation was then used as the feature scale with a mean equal to zero and a standard deviation equal to one [9]. This action was necessary in the case of the Logistic Regression because linear models are also susceptible to the magnitude of input variables and can impose the unwarranted weight on the features whose value is large. The scaler was plugged in the training data only and then used in the test set, so that information in the test set did not affect the training exercise so as to avoid information leakage. Scaling, conversely, was not used in the case of the Random Forest model, since algorithms based on trees are intrinsically insensitive to feature scaling.
The initial classification implementation model was the Logistic Regression, which was used as a baseline because it is easily interpretable and also because it is computationally inexpensive. In the optimisation, a higher maximisation limit was set on the model to achieve convergence. Also, they included the weighted classification of the classes to deal with the high discrepancy between the arrests and non-arrest cases. The model by putting more weight on the minority class was urged to become more sensitive to arrest cases of more interest in the form of the analysis. This model was then trained on the Logistic Regression which then gave predictions on the test dataset to get a benchmark on which to compare later.
The second used model was Random Forest which is an ensemble learning Decision making model which constructs several decision trees and combines the predictions of the decision trees which gives a final decision. In order to balance between model generalisation and complexity, the model was initialised with a defined amount of estimators, and the maximum depth was controlled [10]. Class weight was also used to reduce the effects of imbalance such that the model was not biased in favour of the majority class. The non-linear relationship and interaction among variables, which are expected in complex crime data, made Random Forest especially appropriately applied to address this task. Random Forest in contrast to the Logistic Regression considers more likely intricate non-linear relations among the variables and interactions found in crime data. These interactions cannot be modeled by Logistic Regression because of its linear assumptions making it less predictive. Conversely, Random Forest follows the trends in the combination of several features to generalise better and make more precise forecasts.
In order to enhance the performance, the model of the Random Forest was optimized in terms of hyperparameters with the help of the GridSearchCV method with five-fold cross-validation. To cut down the computational cost, a representative subset of 30 percent of the training data was taken to ensure that the original class distribution was not compromised. The grid search tried various values of important parameters namely the number of estimators and the largest depth of the tree used to determine the optimal combination [3]. F1-score is an evaluation metric chosen when the objective of tuning is to find a balance between precision and recall because it is both balanced and offers estimation that is especially suitable on an imbalanced classification problem.
The maximum depth of 20 and 200 estimators was seen to give the best parameters with a cross-validated F1-score of 0.5950. The retraining with the utilisation of the parameters was performed on the complete training dataset so that the learning can be maximised using the available data. Evaluation of the tuned model was then conducted on the test dataset which gave a better predictive score than that of the baseline Random Forest and the Logistic Regression models.
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Figure 5: Hyperparameter Tuning
(Source: Author)
During the implementation process, consistency in a fixed random state was reproducibility. This ensures that the data splits; model training and evaluation findings can be replicated. In general, the implementation strategy offered a systematic and equitable comparison of models, considered major issues like class imbalance and data loss, and used optimisation methods to improve the model performances which, in turn, created a strong prerequisite to the future analysis and interpretation
[bookmark: _Toc225788295]5. Results and Analysis
It is evident in the performance of the classification models that there is disparity in predictive prowess especially when dealing with an imbalanced dataset. The accuracy of the Logistic Regression was 0.6090 with a precision of 0.1648, recall of 0.5828, F1-score of 0.2569, which shows that it was not much effective in the correct identification of arrest cases. This comparatively low accuracy and precision are explained by the fact that the model takes recourse to linear assumptions limiting the range of its capabilities to address complex, non-linear relations and interaction of features observed in crime data. Because of this, more false positives are generated by Logistic Regression. Random Forest, conversely, takes place with much greater accuracy as it can model non-linear trends and multiple decision trees and hence, is more apt to describe underlying data structures and enhance predictive accuracy.
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Figure 6: Logistic Regression Classification Report
(Source: Author)
Comparatively, Random Forest model predicts better than LR in all predictive performance metrics. It had an accuracy of 0.8514, precision of 0.4168, and recall of 0.7058 and F1-score of 0.5241. The increased recall signifies that the model is better at predicting the real time instances of arrests whereas the enhanced accuracy signifies the decreased false positives. This is verified in the confusion matrix, where the number of misclassifications was significantly reduced in comparison to the Logistic Regression. It implies that the random forest will be more appropriate to model non-linear patterns and interactions of the data. Rebuilding however, despite the improvement in performance, implies a tangible trade-off between recall and precision since a rise in one tends to cause a fall in the other.
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Figure 7: Random Forest Classification Report
(Source: Author)
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Figure 8: Both Models Confusion Matrix
(Source: Author)
Random Forest tuned model performed best with accuracy of 0.9006, precision of 0.5702, recall of 0.5797 and F1- Score of 0.5749. The tuned model shows a significant increase in the accuracy of the base Random Forest, that is, with a smaller number of false positive forecasts. This is however accompanied by a small decrease in recall indicating that the model becomes more conservative in its prediction of arrest cases. This represents a significant trade-off in which this model is more concerned about minimizing false arrests forecasts at the cost of false negative ones. This interpretation is supported by the confusion matrix where it is further indicated that there is a reduction in the number of false positives with a balance number of true positives and false negatives.
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Figure 9: Tuned Random Forest Classification Report
(Source: Author)
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Figure 10: Tuned Random Forest Confusion Matrix
(Source: Author)
The feature importance analysis gives more light on factors that affect the predictions of arrest. The crime-related variables were the most important predictors including IUCR, description, FBI code, and the first type of crime. This implies that the character of the crime is predominant in defining the chances of arrests. Spatial characteristics, such as coordinates and district-specific attributes are also meaningful contributors, which imply that geographic background does affect policing performance. Nonetheless, the use of identifier variables among key variables demonstrates a possibility of noise, and therefore it is necessary that attention should be paid to selection of features.
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Figure 11: Features Importance Tuned Random Forest
(Source: Author)
On the whole, the findings reveal that the ensemble models exhibit superior performance over the linear methods, with the best balance of the precision and the recall being offered by the tuned Random Forest.
[bookmark: _Toc225788296]6. Clustering Analysis
A clustering analysis of the subset of records in which an arrest had taken place was performed in order to draw spatial patterns in the enforcement activity. The analysis will concentrate on the actionable information on the geographic concentration of arrests as opposed to the distribution of crime by neglecting arrest-positive cases to the general distribution of crime. This was done using 27, 241 records that had valid values of latitude and longitude so that there was accurate clustering surrounding spatial information.
The K-means clustering algorithm was chosen on the basis of the efficiency of calculation capabilities and also the size of data involved in the process [11]. In order to find out the best number of clusters, the Elbow Method was used by comparing Within-Cluster Sum of Squares to a series of cluster values. The resulting curve showed a pronounced inflection point in k = 6, and as such, the six clusters give a good balance between compactness and interpretability.
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Figure 12: Elbow Method
(Source: Author)
The clustering findings showed the clear geographical clusters of the arrests, as spatial hotspots of the city. The size of the clusters was quite diverse with the largest cluster with 8,037 arrests and the smallest one with 1,206 arrests. This unevenness means that the arrest activity is not evenly distributed but it is concentrated in particular areas. These patterns can be used to trace differences in the criminal activity rates, the severity of policing, or social and economic status in various regions.
The findings testify that clustering is a useful supplement to classification models. Although predictive models can estimate the likelihood of arrest, clustering can identify the places where evidence of arrest is most high to aid in allocating resources as well as strategic planning of the law enforcement force.
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Figure 13: Clustering
(Source: Author)
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Figure 14: Arrest Count per Geographic Cluster
(Source: Author)
[bookmark: _Toc225788297]7. Discussion
Findings of this paper denote that predictive accuracy in data associated with crime is highly determined by the capacity of the model to depict sophisticated relationships between data. Since the Logistic Regression assumes the existence of linear relationships between variables, the model is less predictive because it cannot be used to represent the interaction of the spatial, temporal, and categorical variables. On the contrary, the Random Forest model is more accurate because it contains non-linear connections and interactions of features as an ensemble of decision trees [1]. This implies that crime statistics are complex in nature and cannot be best modeled through pure linear methods. The fact that the better random Forest was tuned also reflects the significance of optimisation and achievement of generalisation and predictability.
Nonetheless, the major weaknesses of the Random Forest model include the fact that it is less interpretable than the Logistic Regression. Although Logistic Regression provides explainable decision-making through its clear coefficients, a limitation in its accuracy can be observed, which indicates that it is ineffective in handling class imbalance and complicated relationships among the features. This trades off mirrors a larger issue about predictive analytics, in which the accuracy of a query can be much lower with respect to interpretability. In practical sense, this is of great implication to law enforcement in which model transparency is the critical ingredient of accountability and trust.
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Figure 15: Model Performance Comparison
(Source: Author)
It might be influenced by bias in the use of historical arrest data which may be expression of the current patterns of policing as opposed to actual crime pattern. This highlights the necessity to take aspects of justice into account in the additional applications. Overall, this paper suggests that despite the superiority of ensemble models in the area of forecasting, the application of this approach should be accompanied by transparency, a sense of ethics, and efficiency of the design.
However, there is a possibility of bias in using historical arrest data that could be a reflection of the current policing patterns and not actual crime patterns. This underscores the need to consider elements of fairness in the further applications. In general, this paper proposes that although ensemble models are better in forecasting, their usage should be well matched with transparency, ethical aspects, and practicality in application.
[bookmark: _Toc225788298]8. Recommendation
According to the findings, it can be suggested that the optimized Random Forest model should be used to predict arrest based on the balance between precision and recall rates. It is more appropriate to crime data in the real world than linear methods because of its capability of identifying non-linear relationships among measurements of its variables. Nevertheless, since it is less interpretable, it can be implemented with explanatory tools to enhance transparency in decision-making.
The identification of geographic hotspots should be based on clustering results in line with resource allocation and allow law enforcement agencies to focus on high-risk regions and enhance performance [5]. Further, the data quality must be improved through improvements of the inconsistencies of the temporal features and by dropping non-informative variables, including unique identifiers, to minimize the noise. It is further suggested that to prevent a possibility of bias in the past data, fairness test should be included in further implementations. This will combine the predictive modelling and ethical supervision to make the use of data-driven policing strategies in practice responsible and effective.
[bookmark: _Toc225788299]9. Conclusion
As shown by the results, tuned Random Forest model performed better than the Logistic Regression in all the measures of evaluation with the highest accuracy and F1-score. This substantiates the fact that the ensemble models can have more success in representing the non-linear relationships that exist in crime data. These results show that the types and place of crime play a significant role in determining whether someone will be arrested. The analysis went further to show how feature of crime classification has been dominant in predicting the likelihood of arrests, and how spatial variables have a role to play in explaining geographic variations in enforcement. This analysis (clustering) revealed six major hot places of arrest that put the emphasis on areas where policing is focused. The findings made are rich in information on how the distribution of resources and proactive decision-making in law enforcement can be enhanced. 
Nevertheless, several limitations should be admitted, such as possible bias in historical data, presence of non-informative features, and incoherence between temporal variables. The factors could affect the performance and interpretation of the model. Future studies need to aim at enhancing the quality of data, integration of fairness, and an examination of the alternative methods of modelling. Overall, the research proves that predictive analytics have some potential to improve analysis of crimes and provide more reasonable policing approaches. 
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# — Drop rows where spatial coordinates are missing (these cannot be imputed)
df .dropna(subset=[ 'Latitude’, 'Longitude'], inplace=True)

# — Fill remaining categorical missing values with mode
categorical_cols = df.select_dtypes(include="object").columns. tolist()
for col in categorical_cols:
v/ if df[col].isnull().sum() > 0:
df[col].fillna(df[col].mode()[0], inplace=True)

# — Fill remaining numerical missing values with median
numeric_cols = df.select_dtypes(include=[np.nunber]).columns. tolist()
“for col in numeric_col:
v/ if df[col].isnull().sum() > 0:
df[col].fillna(df[col].median(), inplace=True)

print(f'Remaining missing values: {df.isnull().sum().sum()}")
print(f'Dataset shape after cleaning: {df.shape}')
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v Chicago Crime Dataset Arrest Prediction & Clustering Analysis

v 1. Import Libraries

# — Core data manipulation
import pandas as pd
import numpy as np

# — Visualisation

import matplotlib.pyplot as plt
import matplotlib.ticker as mticker
import seaborn as sns

# — Preprocessing
from sklearn.preprocessing import LabelEncoder, StandardScaler
from sklearn.model_selection import train_test_split, GridSearchCV, cross_val_score

# — Classification models
from sklearn.linear_model import LogisticRegression
from sklearn.ensemble import RandomForestClassifier

# — Evaluation metrics

from sklearn.metrics import (
accuracy_score, precision_score, recall_score,
1_score, confusion_matrix, classification_report

)

# — Clustering
from sklearn.cluster import Kieans

# — Miscellaneous

import warnings

warnings. filterwarnings (*ignore')

# Global plot style

sns.set_theme(style="whitegrid’, palette='muted’, font_scale=1.1)
plt.rcParams [ figure.dpi']l = 110

# Reproducibility seed
RANDOM_STATE = 42

print(‘All libraries loaded successfully.')

ALl libraries loaded successfully.

v 2.Load Dataset

# — Load the dataset
# Update the path below to match your local file location
df = pd.read_csv('/content/Crime.csv’, encoding='latinl’, low_memory=False)

print(f'Dataset shape: {df.shape[0]:,} rows x {df.shape[1]} colums\n‘)
print(*Column names:*)

print(df.columns.tolist())

Dataset shape: 239,558 rows x 22 columns

Column names:
['§ID', ‘Case Number', ‘Date’, 'Block', 'IUCR', ‘Primary Type', ‘Description’, ‘Location Description’, ‘Arrest’,

# — Preview first five rows
df.head()
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5 rows x 22 columns
# — Data types and non-null counts
df.info()
<class 'pandas. core. frame.DataFrame >
RangeIndex: 239558 entries, 0 to 239557
Data columns (total 22 columns):
#  Column Non-Null Count  Dtype
o g1 239558 non-null int64
1 Case Number 239558 non-null object
2 Date 239558 non-null object
3 Block 239558 non-null object
4 IR 239558 non-null object
5 Prinary Type 239558 non-null object
6 Description 239558 non-null object
7 Location Description 238593 non-null object
8 Arrest 239558 non-null bool
9 Domestic 239558 non-null bool
10 Beat 239558 non-null int64
11 District 239558 non-null int64
12 Vard 239548 non-null Float64
13 Community Area 239558 non-null int64
14 FBI Code 239558 non-null object
15 X Coordinate 234891 non-null Floated
16 Y Coordinate 234891 non-null float64
17 Year 239558 non-null int64
18 Updated On 239558 non-null object
19 Latitude 234891 non-null floated
20 Longitude 234891 non-null floated
21 Location 234891 non-null object
dtypes: bool(2), float64(5), int64(5), object(10)
memory usage: 37.0+ MB
# — Descriptive statistics for numerical columns
df.describe()
20 Beat  District Ward
count 2.395580e+05 239558.000000 239558.00000 239548.000000
mean 1.273144e+07 1154.023276 11.31053 23.385029
std  7.082019e+05 707.909870 7.07555 14.210565
min  2.654300e+04 111.000000 1.00000 1.000000
25% 1.267802e+07 533.000000 5.00000 9.000000
50% 1.276893e+07 1033.000000 10.00000 24.000000
75% 1.285704e+07 1731.000000 17.00000

v 3. Data Preprocessing

PR Location
Description Description
HARASSMENT
BY
ELECTRONIG  RESIDENCE  False
MEANS
SEXUAL
EXPLOITATION ~ APARTMENT  Tre
OF ACHILD
AGGRAVATED
CRIMINAL
‘SExUaL  PRESIDENCE  False
ABUSE
RECKLESS
FIREARM STREET  False
DISCHARGE
COMMERCIAL
OVER$500  /BUSINESS  False
OFFICE
Community Y
Area Coordinate Coordinate
239558.000000 2.348910e+05 2.348910e+05
36.268474 1.165381e+06 1.887038e+06
21.553814 1.679375e+04 3.229564e+04
1.000000 0.000000e+00 0.000000e+00
22.000000 1.153949e+06 1.859284e+06
32.000000 1.167256e+06 1.893383e+06
53.000000 1.176856e+06 1.910066e+06
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v 3.1 Missing Values

# — Missing value summary

missing = df.isnull().sum()

missing_pct = (missing / len(df) * 100).round(2)

missing_df = pd.DataFrame({'Missing Count': missing, 'Missing %': missing_pct})

missing_df = missing_df [missing_df['Missing Count'] > 0].sort_values(*Missing %', ascending=False)
print (nissing_df)

Missing Count Missing %

X Coordinate 1.95
Latitude 4667 1.95
Y Coordinate 4667 1.95
Longitude 4667 1.95
Location 4667 1.95
Location Description 965 0.40
Ward 10 0.00

# — Drop rows where spatial coordinates are missing (these cannot be imputed)
df.dropna(subset=[‘Latitude’, ‘Longitude'], inplace=True)

# — Fill remaining categorical missing values with mode
categorical_cols = df.select_dtypes(include='object").colums. tolist()
for col in categorical_cols:
if dflcoll.isnull().sun() > 0:
df[coll. fillna(df [coll.mode () [0], inplace=True)

# — Fill remaining numerical missing values with median
numeric_cols = df.select_dtypes(include=[np.number]) . columns. tolist()
for col in numeric_cols:
if dflcoll.isnull().sum() > 0:
df[coll. fillna(df[coll.median(), inplace=True)

print(f'Remaining missing values: {df.isnull().sum().sun()}")
print(f'Dataset shape after cleaning: {df.shape}')

Remaining missing values: @
Dataset shape after cleaning: (234891, 22)

v 3.2 Date Parsing & Temporal Feature Extraction
# — Parse Date column

df['Date’] = pd.to_datetime(df['Date’], format='%m/%d/%Y %I:%M:%S %p', errors='coerce")

# — Extract temporal features

df['Year'] = df[*Date’].dt.year

df[*Month'] = df[*Date'].dt.month

df['Day'] = df[*Date’].dt.day

df['DayOfieek'] = df['Date’].dt.dayofweek # 0 = Monday, 6 = Sunday
df ["Hour'] = df[*Date’].dt.hour

print(*Temporal features extracted successfully.')
df[['Date’, 'Year', 'Month’, 'Day’, 'DayOfWeek', ‘Hour']].head()

Temporal features extracted successfully.
Date Year Month Day DayOfWeek Hour

0 NaT NaN  NaN NaN NaN  NaN
1 NaT NaN  NaN NaN NaN  NaN
2 NaT NaN  NaN NaN NaN  NaN
3 NaT NaN  NaN NaN NaN  NaN
5 NaT NaN  NaN NaN NaN  NaN

v 3.3 Drop Irrelevant Columns

cols_to_drop = ['ID', 'Case Number', ‘Updated On‘, ‘Location‘, ‘Date']
# Only drop colums that actually exist in the dataframe

cols_to_drop = [c for ¢ in cols_to_drop if c in df.columns]
df.drop(colums=cols_to_drop, inplace=True)

print(f'Colums after dropping irrelevant fields: {df.shape[1]}')
print(df.columns.tolist())
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Columns after dropping irrelevant fields: 22
['§ID*, ‘Block’, ‘IUCR', 'Primary Type', ‘Description‘, ‘Location Description’, ‘Arrest’, ‘Domestic’, 'Beat’, 'Di

v 3.4 Target Variable: Arrest — Numeric

# — Convert Arrest to binary integer

df['Arrest'] = df['Arrest'].map({True: 1, False: @, 'True': 1, 'False': @,
*TRUE': 1, 'FALSE': 0})

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

print(*Class distribution (Arrest):')

print(df[*Arrest’].value_counts())

print(f'\nArrest rate: {df["Arrest"].mean() * 100:.2f}%")

Class distribution (Arrest):

Arrest
0 207650
1 27241

Name: count, dtype: int64

Arrest rate: 11.60%
v 3.5 Encode Categorical Variables

# — Encode the Domestic boolean column
if 'Domestic' in df.columns:
df['Domestic'] = df['Domestic'].map({True: 1, False:
‘True'
‘TRUE' @
df[*Domestic’] = df [*Domestic'].astype(int)

# — Label encode remaining object columns

le = LabelEncoder()

object_cols = df.select_dtypes(include="object").colums. tolist()
print(f'Colums to label-encode: {object_cols}')

for col in object_cols:
dflcol] = le.fit_transform(df[coll.astype(str))

print(‘\nEncoding complete. Sample: ')
df.head (3)

Columns to label-encode: ['Block’, 'IUCR', 'Primary Type', ‘Description’, 'Location Description‘, 'FBI Code']

Encoding complete. Sample:

§ID Block IUGR "”’;‘;g Description Desk‘;i;gg: Arrest Domestic Beat District e Coordinats
0 12592454 22193 165 22 129 102 0 1 724 7 20 1170805.0
1 12785595 23032 83 27 227 17 1 0 324 3 13 1185135.0
2 12808281 19301 85 27 13 102 0 0 1621 16 13 1138383.0

# — Final dtype check — all should be numeric
print(‘Non-numeric columns remaining:')
print(df.select_dtypes(include="object").columns. tolist())
print(f'\nFinal dataset shape: {df.shape}')

Non-numeric colums remaining:

8]

Final dataset shape: (234891, 22)

v 4. Exploratory Data Visualisation

fig, axes = plt.subplots(1, 3, figsize=(16, 4))

# — Class balance

df[*Arrest’].value_counts().plot(kind="bar’, ax=axes[@], color=['#4C72B0', '#DD8452'],
edgecolor="white', width=0.5)

axes[0].set_title('Arrest Class Distribution’, fontweight="bold")

axes [0].set_xticklabels(['Not Arrested (@)', 'Arrested (1)'], rotation=0)

axes[0].set_ylabel("Count")
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101 p L axesiol.patciess
axes[0].annotate(f'{int(p.get_height()):,}",
(p.get_x() + p.get_width() / 2., p.get_height()),
ha='center', va='botton', fontsize=10)

# — Arrests by Hour

df.groupby (‘Hour') ['Arrest'].mean().plot(ax=axes [1], color="#4C7280", marke
axes[1].set_title(*Arrest Rate by Hour of Day', fontweight='bold')
axes[1].set_xlabel(*Hour')

axes[1].set_ylabel(‘Arrest Rate')

axes[1].yaxis.set_major_formatter (mticker.PercentFormatter(xmax=1, decimals=0))

» linewidth=2)

# — Arrests by Day of Week
days = ['Mon®, ‘Tue', 'Wed’, 'Thu', 'Fri’, 'Sat’, *Sun’]
arrest_by_day = df.groupby('Day0fWeek') [*Arrest’].mean()

axes[2].bar(days [:len(arrest_by_day)], arrest_by_day.values, color="#55A868", edgecolor='white')
axes[2].set_title(*Arrest Rate by Day of Week', fontweight='bold')

axes[2].set_xlabel('Day*)

axes[2].set_ylabel(‘Arrest Rate')

axes[2].yaxis.set_major_formatter (mticker.PercentFormatter(xmax=1, decimals=0))

plt. tight_layout()
plt.savefig(‘eda_distributions.png’, bbox_inches="tight")
plt.show()

Arrest Class Distribution Arrest Rate by Hour of Day. Arrest Rate by Day of Week
307,550
200000
% a%
150000 g g 2
t 2 o 2 o
8 100000 i i
<% <%
50000
27201 _a% —a%
o
Not Arrested (0) Arested (1) -004 -002 000 002 004 -00s -002 000 002 004
Arrest Hour Day

# — Correlation heatmap (top features)

plt.figure(figsize=(12, 8))

corr = df.corr()

mask = np.triu(np.ones_Like(corr, dtype=bool))

sns.heatmap(corr, mask=mask, annot=False, cmaj
cbar_kws={'shrink': 0.8})

plt.title('Feature Correlation Matrix', fontsize=14, fontweight='bold")

plt.tight_layout()

plt.savefig('correlation_matrix.png’, bbox_inches='tight')

plt.show()

coolwarm', linewidths=0.3,
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5. Feature Selection
TARGET = *Arrest’
X = df.drop(colums=[TARGET])
y = df [TARGET]
print(f'Feature matrix X: {X.shape}')
print(f'Target vector y: {y.shape}')
print (f'\nFeatures used ({X.shape[11}
print(X.colums. tolist())
Feature matrix X: (234891, 21)
Target vector y: (234891,)
Features used (21):
['§ID*, 'Block', 'IUCR', ‘Primary Type', ‘Description‘, ‘Location Description’, ‘Domestic’, ‘Beat’, 'District’,

6. Train / Test Split

X_train, X_test, y_train,
Xy,
test_size=0.20,

y_test = train_test_split(

random_state=RANDOM_STATE,

stratify=y
)

print(f'Training set:
print(f'Test set:

{X_train.shape[0]:,} samples')
{X_test.shapel@]:,} samples’)
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print(f'\nTrain class distribution:\n{y_train.value_counts(normalize=True).round(4)}")
print(f'\nTest class distribution:\n{y_test.value_counts(normalize=True).round(4)}")

Training set: 187,912 samples
Test set: 46,979 samples

Train class distribution:

Arrest
0 0.884
1 0.116

Name: proportion, dtype: float6d

Test class distribution:

Arrest
0 0.884
1 0.116

Name: proportion, dtype: float64
v Feature Scaling

from sklearn.impute import SimpleImputer

# — Diagnostic: report any residual NaNs before modelling
nan_counts = X_train. isnull().sun()
residual = nan_counts [nan_counts > 0]
if len(residual) > 0:
print(‘Residual NaNs detected (will be imputed:
print (residual)
else:
print(‘No residual NaNs in training features. ')

# — Step 1: Impute — median is robust to skewed distributions
imputer = SimpleImputer(strategy='median’)

X_train_imp = imputer.fit_transform(X_train) # fit ONLY on train
X_test_imp = imputer.transform(X_test)

# — Step 2: Scale

scaler = StandardScaler()

X_train_scaled = scaler.fit_transforn(X_train_imp) # fit ONLY on train
X_test_scaled = scaler.transform(X_test_imp)

# — Confirm clean
assert not np.isnan(X_train_scaled).any(), 'NaNs still present in X_train_scaled!'
assert not np.isnan(X_test_scaled).any(), ‘NaNs still present in X_test_scaled!

print(*Inputation + scaling complete. No NaNs remain.’)

Residual NaNs detected (will be imputed):

Year 187912
Month 187912
Day 187912
DayOfWeek 187912
Hour 187912

dtype: int6d
Inputation + scaling complete. No NaNs remain.

v 7.Model Building

Two classification algorithms are selected to provide both interpretability and predictive power:

Model Rationale

jistic Regression  Linear, interpretable baseline; appropriat for binary classification; computationally efficient

Random Forest Non-iinear ensemble; handles interactions and non-lin ezrties; robust to outliers and class imbalance

v 71 Model 1: Logistic Regression

# — Initialise and train Logistic Regression
r_model = LogisticRegression(
max_iter=1000,
solver="lbfgs’,
class_weight="balanced', # account for class imbalance
random_state=RANDOM_STATE

)

Lr_model. fit(X_train_scaled, y_train)

# — Predictions
y_pred_lr = lr_model.predict(X_test_scaled)
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print(*Logistic Regression trained successfully.")

Logistic Regression trained successfully.

v 72 Model 2: Random Forest

# — Initialise and train Random Forest (base model, pre-tuning)
rf_model = RandomForestClassifier(
n_estimators=200,
max_depth=15,
class_weigh
n_jobs=-1,
random_state=RANDOM_STATE

‘balanced’,
)
rf_model. fit(X_train, y_train)

# — Predictions (Random Forest uses unscaled data)
y_pred_rf = rf_model.predict(X_test)

print(‘Random Forest trained successfully.')

Random Forest trained successfully.

v 8.Model Evaluation

Both models are evaluated using four standard binary classification metrics:

Accuracy: Proportion of correctly classified instances. Misleading under class imbalance.
Precision: Of all predicted arrests, how many were genine? Penalises false positives.

Recall: Of all actual arrests, how many were detected? Penalises false negatives.

F1-Score: Harmoric mean of precision and recall — balanced measure for imbalanced datasets.

Confusion matrices are visualised to reveal class-specific error pattems.

def evaluate_model(name, y_true, y_pred, ax):
Print metrics and plot confusion matrix on the given axes

acc = accuracy_score(y_true, y_pred)

prec = precision_score(y_true, y_pred, zero_division=0)
rec = recall_score(y_true, y_pred, zero_division=0)
f1 = flscore(y_true, y_pred, zero_division=0)

print(f\n{'="+45}")
print(f* {name}')
print(f'{'="+45}")
print(f' Accuracy
print(f' Precision :
print(f' Recall
print(f' Fl-Score
print(f*\n{classification_report(y_true, y_pred, target_names=

cm = confusion_matrix(y_true, y_pred)

sns.heatmap(cm, annot=True, fmt="d', cmap='Blues’, ax=ax,

"No Arrest’, ‘Arrest’l,

"No Arrest’, ‘Arrest’l,
cbar=False, linewidths=0.5)

ax.set_title(f'{name}\nConfusion Matrix', fontweight="bold")

ax.set_xlabel('Predicted')

ax.set_ylabel(‘Actual’)

return {‘Model: name, ‘Accuracy': acc, 'Precision’: prec, ‘Recall': rec, 'F1': f1}

fig, axes = plt.subplots(l, 2, figsize=(12, 5))

results_tr
results_rf

evaluate_model('Logistic Regression®, y_test, y_pred_lr, axes[0])
evaluate_model('Random Forest', y_test, y_pred_rf, axes[1])

plt. tight_layout()
plt.savefig(*confusion matrices.png*, bbox_inches=
plt.show()

tight')
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Logistic Regression

Accuracy : 0.6090
Precision : 0.1648
Recall  : 0.5828
Fl-Score : 0.2569

precision  recall fl-score support

No Arrest 0.92 0.61 0.73 41531
Arrest 0.16 0.58 0.26 5448
accuracy 0.61 46979
macro avg 0.54 0.60 0.50 46979
weighted avg 0.83 0.61 0.68 46979

Random Forest

Accuracy : 0.8514
Precision : 0.4168
Recall  : 0.7058
Fl-Score : 0.5241
precision  recall fl-score support
No Arrest 0.9% 0.87 0.91 41531
Arrest 0.42 0.71 0.52 5448
accuracy 0.85 46979
macro avg 0.69 0.79 0.72 46979
weighted avg 0.89 0.85 0.87 46979

Random Forest

Confusion Matrix Confusion Matrix

4 4
£ £ 5380
° °
2 2
s s
2 2
kS kS
¢ 2273 3175 ¢ 1603 3845
< <
No Arrest Arrest No Arrest Arrest
Predicted Predicted

v 9. Hyperparameter Tuning — Random Forest

GridSearchCV with 5-fold cross-validation is used to search for the optimal combination of 'n_estimators and max_depth for the
Random Forest. The F1score is selected as the optimisation metric, appropriate for imbalanced binary classification tasks.

# — Sample training data for GridSearch efficiency

sample_frac = 0.30

X_gs = X_train.sample(frac=sample_frac, random_state=RANDOM_STATE)
y_gs = y_train. loc[X_gs. index]

paran_grid = {
‘n_estimators': [100, 200, 3001,
‘max_depth':  [10, 15, 20, Nonel
b3

grid_search = GridSearchCV(
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estinator=RandomForestClassifier(
class_weight="balanced",
n_jobs=-1,
random_state=RANDOM_STATE

),
paran_grid=paran_grid,

cv=5,
scorin
n_jobs=-1,
verbose=1

)
grid_search.fit(X_gs, y_gs)

print(f'\nBest Parameters : {grid_search.best_params_.

print(f'Best CV F1 Score: {grid_search.best_score_:.4f}')
Fitting 5 folds for each of 12 candidates, totalling 60 fits

Best Parameters : {'max_depth': 20, 'n_estimators': 200}

Best CV F1 Score: 0.5950

# — Retrain tuned model on full training data
best_rf = RandomForestClassifier(
*#grid_search.best_params_,
class_weight="balanced",
n_jobs=-1,
random_state=RANDOM_STATE
)
best_rf.fit(X_train, y_train)
y_pred_rf_tuned = best_rf.predict(X_test)

# — Evaluate tuned model
fig, ax = plt.subplots(figsize=(6, 5))

results_rf_tuned = evaluate_model('Random Forest (Tuned)', y_test, y_pred_rf_tuned, ax)

plt.tight_layout()

plt.savefig( tuned_rf_confusion.png', bbox_inches="tight")

plt. show()
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v 10. Model Comparison

# — Build comparison DataFrame
comparison = pd.DataFrame([results_lr, results_rf, results_rf_tuned])
comparison = comparison.set_index(*Model'). round(4)

print('\nModel Performance Comparison')
print('="¥55)

print (comparison. to_string())
print('="¥55)

Model Performance Comparison

Accuracy Precision Recall F1
Model
Logistic Regression 0.6090 0.1648 0.5828 0.2569
Random Forest 0.8514 0.4168 0.7058 0.5241
Random Forest (Tuned)  0.9006 0.5702 0.5797 0.5749

# — Visual comparison bar chart
ax = comparison.plot(
kind="bar*,
11, 5),
"#4C72B0°, '#DD8452', '#55A868', '#C44E52'],
edgecolor="white",

width=0.65
)
ax.set_title(*Model Performance Comparison’, fontsize=14, fontweight='bold")
ax.set_xlabel('*)
ax.set_ylabel('Score*)
ax.set_xticklabels(comparison. index, rotation=15, ha='right')
ax.set_ylin(0, 1.1)
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ax.legend(loc="upper right’)
for p in ax.patches:
ax.annotate(f'{p.get_height():.3f}",
(p.get_x() + p.get_width() / 2., p.get_height()),
ha='center', va='bottom', fontsize=7, rotation=0)
plt.tight_layout()

plt.savefig(‘model_comparison.png*, bbox_inches="tight')
plt.show()
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v 11. Feature Importance Analysis

# — Extract feature importances from tuned Random Forest
importances = best_rf.feature_importances_
feature_names = X.columns

feat_imp_df = pd.DataFrame({
'Feature': feature_names,
*Importance': importances

}).sort_values(*Inportance’, ascending=False).reset_index(drop=True)

print(*Top 15 Features by Inportance:')
print(feat_inp_df.head(15) .to_string(index=False))

Top 15 Features by Importance:
Feature Importance

IR 0.178597
Description  0.133765
FBI Code  0.123938
Primary Type  0.094486
JID  0.067116
X Coordinate  0.052582
Location Description  0.052209
Longitude  ©.051978
Block  0.050169
Y Coordinate  0.049421
Latitude  0.048933
Beat  0.032794
Community Area  ©.019798
Ward  0.019598
Domestic  0.013938
# — Plot top 15 features
top_n = 15
fig, ax = plt.subplots(figsize=(10, 6))
sns.barplot(

data=feat_imp_df.head(top_n),
x="Inportance’, y='Feature’,
palette='Blues_r', ax=ax
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ax.set_title(f'Top {top_n} Feature Importances — Random Forest (Tuned)',
fontsize=13, fontweight="bold")
ax.set_xlabel('Mean Decrease in Impurity (MDI)', fontsize=11)
ax.set_ylabel('*)

for p in ax.patches:
ax.annotate(f'{p.get_width():.4f}",
(p.get_width() + 0.0005, p.get_y() + p.get_height() / 2),
ha='left', va='center', fontsize=8)

plt. tight_layout()
plt.savefig(‘feature_importance.png*, bbox_inches="tight")
plt.show()
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v 12. Clustering Analysis — Geographic Hotspot Detection

# — Filter to arrest = 1 and extract coordinates
arrested df = df[df['Arrest’] = 1][['Latitude’, 'Longitude'l].dropna()

print(f'Arrest records with valid coordinates: {len(arrested_df):,}')
arrested_df.describe()

Arrest records with valid coordinates: 27,241
Latitude  Longitude

count 27241.000000 27241.000000

mean 41847764 -87.675872
std 0.084219 0.062209
min 41644595  -87.939733

25% 41774070 -87.720513
50% 41867636 -87.668894
75% 41902889 -87.627877

max 42022537 -87.524532
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v 12.1 Elbow Method Optimal k Selection

# — Subsample for computational efficiency (keep 50k max)
sample_size = min(50000, len(arrested_df))
coords = arrested_df.sample(n=sample_size, random_state=RANDOM_STATE).values

k_range = range(2, 13)
wess =[]

for k in k_range:
kn = KMeans (n_clusters=k, init='k-means++', n_init=10, random_state=RANDOM_STATE)
kn. fit(coords)
wcss. append (kn. inertia_)

# — Plot Elbow Curve
fig, ax = plt.subplots(figsize=(8, 4))

ax.plot(list(k_range), wess, marker='o*, color='#4C72B0', linewidth=2, markersize=7)
ax.set_title('Elbow Method — Optimal Number of Clusters (K)', fontsize=13, fontweight='bold")
ax.set_xlabel(*Number of Clusters (k)*)

ylabel('WCSS (Inertia)')
ax.xaxis.set_major_locator(mticker.MaxNLocator (integer=True))
plt. tight_layout()

plt.savefig( elbow_curve.png*, bbox_inches="tight')
plt.show()
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v 12.2K-Means Clustering — Fit & Visualise

# — Set optimal k — adjust based on the elbow plot above
OPTIMALK = 6 # Typical for Chicago crime geography; verify with elbow plot

# — Fit final KMeans

kmeans_final = KMeans (
n_clusters=0PTIMAL_K,
init='k-means++',
n_init=15,
random_state=RANDOM_STATE

)
labels = kmeans_final.fit_predict(coords)
centroids = kmeans_final.cluster_centers_

print(f'K-Means fit complete with k={OPTIMAL K}')
print(f'Cluster sizes:')
unique, counts = np.unique(labels, return_counts=True)
for u, c in zip(unique, counts):

print(f' Cluster {u}: {c:,} points')

K-Means fit complete with k=6
Cluster sizes:
Cluster 0: 8,037 points

Cluster 1: 5,617 points
Cluster 2: 4,445 points
Cluster 3: 4,813 points
Cluster 4: 3,123 points

Cluster 5: 1,206 points
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# — Scatter plot of geographic clusters
palette = sns.color_palette('tabl0’, OPTIMAL_K)

fig, ax = plt.subplots(figsize=(10, 9))

for cluster_id in range(OPTIMALK):

mask = labels = cluster_id

ax.scatter(
coords [mask, 11, coords[mask, @], # lon on x-axis, lat on y-axis
s=4, alpha=0.35,
color=palettelcluster_id],
label=f'Cluster {cluster_id + 1}'

)

# Plot centroids

ax.scatter(
centroids[:, 1], centroids[:, 0],
5=200, c='black’, marker='X', zorders5,
label="Centroids’

o

x.set_title(f'K-Means Clustering of Arrest Locations (k={OPTIMAL_K})\nChicago, 2022°,
fontsize=14, fontweight="bold")

ax.set_xlabel(’ Longitude')

ax.set_ylabel("Latitude")

ax.legend(loc="lower right’, fontsize=9, markerscale=2)

plt.tight_layout()

plt.savefig( ‘kmeans_clusters.png’, bbox_inches="tight")
plt.show()
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# — Cluster size bar chart
fig, ax = plt.subplots(figsize=(8, 4))
cluster_counts = pd.Series(labels).value_counts().sort_index()
bars ax.bar(
[f'Cluster {i+1}' for i in cluster_counts.index],
cluster_counts.values,
color=[palette[i] for i in cluster_counts.index],
edgecolor="white*

)

ax.set_title(*Arrest Count per Geographic Cluster’, fontsize=13, fontweight='bold")
ax.set_ylabel('Nunber of Arrests')

far n in ax.natches:
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