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This research uses predictive analytics to examine data on crimes and forecast the probability of arrest based on Chicago Crime data in the year 2022. A Logistic Regression and Random Forest classification model have been implemented and evaluated to determine the effectiveness of the two models. The findings have shown that Logistic Regression had a high accuracy but a bad performance in predicting arrest instances because of a low recall and F1 rate. On the other hand, Random Forest has shown its higher effectiveness than all the appropriate measurements, so it is a more accurate model to complete this task. Moreover, K-Means clustering was employed on the arrest cases in order to establish the implicit characteristics and groupings in the information. The results have shown a strong linkage between some types of crimes and crime locales and arrest results. All in all, the paper outlines the significance of proper models and evaluation metrics, especially in an imbalanced dataset, and indicates how predictive analytics can be used to guide data-driven decision-making when managing crime.
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[bookmark: _Toc224993206]1. Introduction
Modern society is characterised by the extremely fast advancement of information, which has resulted in enormous prospects of the use of predictive analytics in multiple fields, crime analysis being one of them. Law enforcement agencies are increasingly basing their efforts on data-driven solutions to comprehend the trends in crime, allocate resources efficiently and enhance the safety of people in the community (Haley and Burrell, 2025). Predictive modelling tools allow one to discover patterns and connections in big data, which facilitate more prudent and preemptive decision-making.
The nature of crimes has made crime prediction very complex, as crime activities are dynamic and multifaceted. The arrest may be impacted by factors like location, time and type of offence. When these factors are analysed with the help of machine learning, it is possible to develop models that can be used to approximate the probability of certain results, including the possibility of a given crime leading to an arrest. This knowledge may be beneficial in terms of policing and making operations more efficient.
This paper is aimed at the application of classification methods to forecast the possibility of arrest based on the Chicago Crime dataset for the year 2022. The Logistic Regression and Random Forest approaches to machine learning are deployed and compared to determine their usefulness in analysing structured crime data. Besides, the same clustering is implemented on the subset of cases in which an arrest has been made to determine the hidden patterns and clusterings of the information.
This study seeks to predict and test predictive models that would be useful in classifying the results of crime and generating valuable information. The paper is also aimed at explaining the results in a real-life application and giving practical recommendations that will promote data-driven decision-making in crime management.
[bookmark: _heading=h.3lpkr3cfd03o][bookmark: _Toc224993207]2. Literature Review on Predictive Analytics
Predictive analytics has become an effective method of deriving insights from massive amounts of data and predicting the future. It is a combination of statistical techniques, machine learning techniques, and approaches to data mining in order to determine patterns and relationships in past data. Syed and Albalawi (2024) state that the use of predictive analytics in the crime analysis domain has been quite popular in recent years to assist law enforcement agencies in gaining deeper insights into criminal behaviour, risk areas and enhancing strategic decision-making.
Classification is one of the most important predictive analytics applications for crime analysis, which is made with the purpose of forecasting some categorical results. One of the most frequently applied classification methods is the Logistic Regression because it is easy and can be interpreted easily (Na et al., 2021). It represents the likelihood of a binary outcome and gives us information about the impact of various variables on the occurrence of an episode. Dey et al. (2025) emphasise that logistic regression is especially effective when it works with structured data and provides a clear description of the contribution of variables. Nevertheless, the model assumes linear correlation between independent variables and the log odds of the outcome, which might restrict the capability to articulate the complicated trends of crime in the real world.
In order to address these limitations, more sophisticated machine learning models, e.g. Random Forest, have become popular. Random Forest is an ensemble learning method, which is used to build several decision trees and then use their outputs to enhance accuracy and minimise overfitting (Salman et al., 2024). Quaye (2024) states that Random Forest is effective in dealing with high-dimensional data, and it can also be used to describe non-linear relationships among variables. It is especially appropriate when dealing with crime data, where a feature of location, time, and type of crime can have complicated interrelations. Agarwal et al., (2023) mention that Random Forest offers feature importance measures, which enable a researcher to determine the variables that contribute most to the results of the predictions.
In addition to classification, unsupervised methods of learning, including clustering, are also crucial in predictive analytics. The clustering techniques are used to put close data points together according to their properties so as to uncover latent trends in the data. One of the most popular methods is K-Means clustering, as the technique is still very simple, and the computational power is high. Crime clustering can also be useful in crime analysis, where it can be used to locate crime hotspots, cluster similar crime types, and patterns of criminal behaviour (Appiah et al., 2022). This information can be useful in the process of resource allocation and formulation of specific intervention strategies. Nevertheless, any clustering methodology is biased to parameter selection, e.g. the number of clusters, which can be interpreted to show a good and meaningful result.
Association rule mining is another method that is important in the process of predictive analytics and helps to identify associations between variables in large sets of data (Shahin et al., 2021). Co-occurrence of particular types and locations of crimes is among the patterns that are usually revealed by this technique. The association rules have the potential to give actionable information to law enforcement in the form of highlighting the common trends in crimes. Nevertheless, the creation of a great number of rules which can be hard to interpret without the relevant filtering and evaluation mechanisms is also among the challenges that are related to the given approach.
There are a few problems in the use of predictive analytics, although a number of challenges still exist when using crime data to forecast crimes. One of the major problems is the imbalance of classes, i.e. one type of outcome (non-arrest cases are more common) is more common than another. It may give biased models which will work well on the majority but fail to accurately predict the minority (Ghosh et al., 2024). This problem is significant because it will improve the way the model functions and make the predictions credible. Data quality is a significant factor in predictive modelling since it directly affects the reliability and effectiveness of the model's predictions (Nugroho, 2023). The absence of values, inconsistencies, and noise in the data may affect the quality of the results in an undesirable manner.
Moreover, ethical aspects of the predictive analytics application in crime analysis are to be addressed as well. These methods may improve the quality of decision-making, but there is a possibility of supporting the premise that already exists in the data (Eloranta and Boman, 2022). It should thus be noted that great caution should be taken in developing and evaluating models in a responsible manner, and great caution should be taken regarding fairness and transparency.
Altogether, the literature suggests that predictive analytics is a valuable tool used to analyse the data on crime and aid in decision-making. Classifying models like Logistic Regression and the random forest have fine predictive power, whereas the clustering and association methods can offer a more insightful understanding of the underlying trends (Neeraj and Maurya, 2020). The integration of the two methods allows for a more profound insight into crime dynamics. This paper builds on the above study since it uses both classification and clustering methodologies on the Chicago Crime dataset in order to derive meaningful results that will be used to make effective and informed decisions on crime management.
[bookmark: _heading=h.cm2l1fn6gdxl][bookmark: _Toc224993208]3. Modelling Techniques
In this research, the researcher has used supervised machine learning to categorise crime occurrences with regard to the probability of being arrested. The two classification models that are commonly used were chosen: Logistic Regression and Random Forest. These models have been selected because of their great ability to work with structured data and the fact that they can give interpretable and accurate predictions.
Logistic Regression is a statistical classification tool that is employed to estimate the likelihood of a binary outcome (Zabor et al., 2022). It approximates the association amid the independent and dependent variables through a logistic model. The usefulness of this model as a simple, interpretable, and efficient baseline is its particularity. It proposes a linear association between the input variables and the log odds of the outcome, thus being ideal in investigating the role of features concerning the prediction of arrests.
Random Forest, however, is a technique of ensemble learning that builds a number of decision trees and networks their results to enhance the accuracy of predictions and limit overfitting (Halabaku and Bytyçi, 2024). Random Forest, in contrast to Logistic Regression, is able to find complex and non-linear relationships among data. It is also resistant to noise and can deal with big datasets with numerous features. Also, it gives the feature importance scores, enabling to find the most influential variables in predicting arrest results.
In addition to classification analysis, K-Means clustering was related to the subset of data, at which an arrest was made. In this type of unsupervised learning, clusters containing similar data points are formed due to features similarity. Clustering is thus aimed at revealing the latent patterns and groupings of the arrests, offering more information than classification.
[bookmark: _heading=h.hplhvm1dof6h][bookmark: _Toc224993209]4. Dataset Description 
The sample data in this paper is the Chicago Crime dataset of the year 2022, taken from Kaggle, which holds the reports of the crime instances (www.kaggle.com, 2026). The dataset consists of a great variety of attributes that characterise every crime, like the type of offence, location, time, and other situational details. Such variables give an insight on tendencies and traits that are related to criminal activities.
The irrelevant attributes, including unique identifiers and timestamps, were filtered out before modelling because they do not provide any predictive power. The others involve categorical variables such as the primary type of crime, description of the location and district and other descriptive variables. Encoding techniques were used to convert these variables into a numerical format to enable them to be used in machine learning algorithms.
In this research, the target variable will be an arrest, which is a binary variable taking the values 1 and 0, respectively. This variable is the result that the classification models are set to forecast. Primary data preprocessing procedures were undertaken, such as management of missing data and data consistency. This data was then divided into training and testing datasets in order to measure the performance of the model. Generally, the dataset enumerates all the categories of crime activities and is apt in terms of classification and clustering analysis.
[bookmark: _heading=h.luk0tstp152e][bookmark: _Toc224993210]5. Model Implementation and Evaluation 
This section shows that how the data are being prepared and machine learning models are implemented to obtain accurate and reliable prediction results.
[bookmark: _heading=h.nk0pdoy2mbtg][bookmark: _Toc224993211]5.1 Data Preprocessing
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Figure 1: Load and View Dataset
The dataset was loaded and preliminarily explored in order to learn its structure and contents. The initial couple of rows were shown in order to view important variables, type of crime, place of crime, and state of arrest. Also, the information on datasets was analyzed to establish the types of data and the occurrence of the missing values. The step had a guiding background with regard to the dataset, which is crucial when working on further preprocessing and modelling.
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Figure 2: Dropping Columns
The data were trimmed of irrelevant variables like ID, Case Number and Date since they are not relevant in predicting the target variable. These features are primarily just identity features and can cause an unnecessary complication of the model. These features can also be removed to create a dataset that is more concentrated on the useful variables and thus will create a more effective model and will be capable to learn more about the reoccurring patterns that are applicable to arrest outcomes prediction.
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Figure 3: Target Conversion and Encoding
To transform the target variable into a machine learning algorithmic format, the Arrest variable was transformed into a numerical one. Also, label encoding was used to encode categorical variables into numerical values. Most of the characteristics in the dataset are in the form of texts, so this conversion was needed in order to enable the models work with the data. This phase makes the data consistent and allows the algorithms to find patterns in the data.
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Figure 4: Train and Split
The data was split into training and testing to test the model. The percentage was split 80 to 20, with most data that was to be used in training and the remaining in testing. With this the model has the opportunity to learn patterns of the training data and be tested on unknown data. It aids in determining the generalisation power of the model and minimises the chances of overfitting.
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Figure 5: Feature Scaling
The standardisation was used to do feature scaling so that all the variables fall on the same scale. This plays a role in the case of models like the Logistic Regression, which depend on the size of the features. With normalised data, the model is able to learn more and converge at a faster rate during training. It also avoids the occurrence of bigger valued features dominating the training process which enhances the overall model performance.
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Figure 6: Logistic Regression
The Logistic Regression was adopted as a reference model to estimate the chances to be arrested. The model had a high overall performance which means that it was performing well on most of the classes. Nevertheless, the recall and the F1-score of minority group were quite low which indicated that it was hard to determine the arrest cases accurately. This is one of the weaknesses of the model and proves that more sophisticated methods are required in order to enhance the effectiveness of prediction.
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Figure 7: Random Forest
To improve predictive performance, an advanced modelling tool was applied, i.e., the random forest model. The model had an estimated accuracy of approximately 0.93, which is a good performance. It was also more accurate and recalls both classes, particularly in the identification of arrest cases than the Logistic Regression. Random Forest is superior at this task as its ensemble character can discern complex patterns between the data. This highlights its suitability in the treatment of structured crime data, having a number of deterministic factors.
[bookmark: _heading=h.73fp3ujcc65z][bookmark: _Toc224993213]5.3 Evaluation Metrics
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Figure 8: Confusion Matrix - Random Forest
This is because the confusion or the performance of the random forest model in categorising the findings of the arrests is provided in the confusion matrix. True negatives and true positives are numerous, such that the predictions of both classes are valid. However, there also exist misclassifications, particularly false negatives whereby the true arrest cases are predicted not to be arrested. It means that although the model is generally efficient, it can be made to better recognise cases of minority classes. The matrix introduces very important insight of prediction errors.
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Figure 9: Clusters Of Cases 
The clustering is the result of the K-Means visualisation of the clustering of arrest cases. Each cluster is a mini-group of crime incidents that have been selected in terms of features. The point distribution indicates that we are able to identify tailored tendencies in the rate of arrests, though not all clusters are different. This means that whereas the clustering allows the data to observe certain hidden but not comprehensive patterns, a visualisation of sets. These trends are useful in making additional criticism of crime behaviour.
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Figure 10: Cluster Analysis
The cluster analysis also summarises the mean values of the features per cluster providing a clue of what they were comprised of. Clusters differ in the location, type of crime among others. This helps in establishing the linkage between a certain kind of crime or the locations that are specifically characterised by arrests. The results in clustering may be better deciphered, and the analysis offers the opportunity to make some substantial conclusions regarding the inner structure of the data and its practical application.
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Figure 11: Feature Importance
The plot of feature importance determines the most important variables that the Random Forest model uses to predict the potential consequences of arrest. The description feature, the primary type feature, and the IUCR features appear to have a strong impact on the model decision. This indicates that there is a factorial characteristic of crime in determining whether an arrest is possible or not. The importance of features helps in the interpretation of the model and provides valuable information on what is influential in making crime patterns that are useful in making sound decisions and policies.
[bookmark: _heading=h.9xmbt6aqqxjr][bookmark: _Toc224993215]6. Results Analysis
The results of the individual classification models suggest that the Logistic Regression struggles with the issue of class imbalance. The recall and F1 scores are very low, implying that it does not accurately predict the arrest cases with the majority as the primary focus. This does not help it in actual crime prediction in the real-world, where it is important to note cases of arrest. Random Forest, on the other hand, can be well-performing because it is capable of capturing the complicated patterns and interactions of the data.
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Figure 12: Model Performance Comparison Table
The analysis of the evaluation measures of the Logistic Regression and Random Forest models is represented in Figure 12. It is noted that Random Forest works better in terms of all metrics as compared to Logistic Regression. Although Logistic Regression was at 0.89, its recall is simply abysmal at 0.02, suggesting that this method is not effective in finding arrest cases. Random Forest, in turn, was more accurate at about 0.93 and much more correct on recall with about 0.52. This implies that random forest is more efficient in accurately predicting the two classes, especially that which is the minority.
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Figure 13: Model Comparison Graph
The comparison of the two models in terms of some of the important evaluation metrics is visualised in Figure 13. As can be seen in the graph, Random Forest is always more precise, has a higher recall, and an F1 score. Despite a relatively high accuracy of both models, the conclusions made by the difference between recall and F1 score reveal the weaknesses of Logistic Regression. It becomes simpler to see the gap in performance through the graphical representation and helps to conclude that the Random Forest is the more trustworthy model.
As it is evidently depicted in comparison of models, the Random Forest offers a superior combination of precision and recall. The fact that its F1 score is higher shows that it is better in its overall performance and would be more applicable in this classification task. The metrics used in the evaluation reveal the significance of accuracy being not the only measure of evaluation of model performance, in particular, when the data is imbalanced.
Along with classification, the clustering analysis was also able to give more insights into arrest cases. The clusters showed that there were different types and places of crime, which implies that some tendencies are more likely to get arrested. Such trends suggest the presence of certain feature combinations, like criminal category and place of crime, that can determine the arrests.
All in all, the findings reveal that the best model to use in this study is the Random Forest. The classification and clustering methods allow gaining a better insight into the patterns of crime, which allows making decisions and developing data-driven solutions in the field of crime analysis.
[bookmark: _heading=h.jud87lo4le4t][bookmark: _Toc224993216]7. Discussion of Findings
The results of the conducted research show the significant disparities in the performance of the employed classification models and give valuable information about the crime prediction. The findings indicate that, while the performance of Logistic Regression was rather high, it was poor at detecting arrest cases, as the recall and F1 score are very low. This implies that this model was skewed to the majority class prediction and it did not capture the trends related to the minority class. Conversely, RF showed much improvement in all evaluation measures, especially recall and F1-score, where it showed a more balanced and dependable model.
The high accuracy of Random Forest can be explained by the fact that it is able to predict non-linear relationships in the dataset (Shanmugasundar et al., 2021). Crime statistics are usually a combination of interacting variables, e.g. location, type of crime and time, which cannot be adequately represented with linear models, e.g. Logistic Regression. Also, the Random Forest minimises chances of overfitting by bundling many decision trees and therefore it can generalise to unseen data. This is what makes it more appropriate for structured and high-dimensional data like crime records.
Nevertheless, there are weaknesses and strengths among the two models. Logistic Regression is a machine learning model that is easy to interpret, computationally cheap, and easy to hand-code, hence suitable as a baseline model. But its performance is not good in dealing with unbalanced data and non-linear relationships. Conversely, the accuracy and the predictive ability of the Random Forest are higher, but it is harder and less understandable. It is also computationally more demanding than simpler models.
The clustering analysis also shed more light by identifying patterns in the arrest cases. The clusters established that some categories of crime and places are more strongly linked with arrests and this implies that they are important in determining the outcome. The clusters were not completely separate, but they provided useful information concerning underlying groupings in the data.
In real-life situations, such results are very applicable to law enforcement bodies. Proper resource allocation and focused policing can be supported with the capacity to make accurate predictions of the probability of arrest. In addition, clustering can be used to determine the patterns of crime behaviour to better use in preventing the crimes. All in all, the research illustrates the significance of applying the state-of-the-art machine learning tools to improve the process of making decisions related to crime analysis.
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The results of this research give a number of effective implications to the law enforcement agencies and decision-makers regarding crime management. The capacity to anticipate the probability of arrest through machine learning models has the potential to be a major boost to the operations and strategic planning (Nwoke, 2025). The results show that Random Forest is a more credible model than Logistic Regression, especially in detecting cases of arrest. This indicates that in real-life applications where precise prediction is vital, advanced models must be given precedence.
Integration of predictive analytics in policing systems is one of the recommendations. With the help of models like the Random Forest, the law enforcement agency can point out the high-risk cases and allocate resources in a better manner (Oh et al., 2022). As an example, more attention can be paid to areas or types of crimes that are less likely to result in arrest and implement more specific interventions (Weisburd et al., 2024). This will have the ability to enhance the response times and increase the chances of success.
The other useful implication is feature importance insights. The discussion revealed the contribution of some of the variables, including crime type and description, which are relevant in forecasting the results of arrests. Based on this information, decision-makers will be able to pay attention to certain categories of crime that have a higher probability of leading to arrests. This is capable of assisting in improved planning, training, and deployment of staff on the basis of evidence-based data.
The clustering outcomes provide great strategic information as well. Using patterns of arrests, the law enforcers can be in a better position to comprehend the nature of crimes that result in arrests (Shah et al., 2021). This can assist in coming up with specialised crime prevention measures and also enhance the investigative procedures. As an example, targeted patrol strategies can be designed using clusters relating to a certain place or kind of crime.
Moreover, the predictive models will facilitate long-run policy formulation. The trend and patterns over time can be analysed in order to enable the authorities to take proactive action, as opposed to a reactionary action (Walters, 2024). It should not be wasted, though, and it is necessary to make sure that these models are applicable in a responsible manner, considering the aspect of fairness and data quality.
All in all, predictive analytics adoption can improve the crime management process through making it data-driven, more efficient, and, more importantly, helping to implement more effective policing.
[bookmark: _heading=h.6uz9waehn5bo][bookmark: _Toc224993218]9. Conclusion
This paper set out to utilise machine learning procedures to estimate the possibility of arrest based on the Chicago Crime dataset. To determine the effectiveness of the two classification models, Logistic Regression and Random Forest were implemented and tested. Moreover, the clustering was also used to examine the patterns in the arrest cases further.
The findings indicated that in the case of arrest cases, Logistic Regression had low recall and F1 score, thus could not be used effectively to identify cases of arrest well, despite the high accuracy. This weakness identifies the effect of class imbalance and the failure of the linear models to reflect complicated relations in the data. Random Forest, in turn, demonstrated a much higher level of effectiveness using all assessment measures and is an appropriate model to use in this task.
The clustering analysis was also able to give more information because it showed patterns and groupings in the arrest cases. Such results indicate that there are closer links between particular types and places of crime and arrests and this would provide valuable information to be used in subsequent analysis and decision making.
Altogether, the research goal, which is to construct and assess crime analysis predictive models, was met. The findings indicate that the proper models and evaluation measures should be chosen, especially where the imbalance of the data is present. Nevertheless, the research is not conducted in all respects as it is based on using a single dataset and lacks more sophisticated methods, such as tuning hyperparameters.
The research can be enhanced in future by including more factors, working on the models with better performance, and testing further advanced algorithms, because one of the problems with models is the class imbalance (Altalhan et al., 2025). This would make the predictive models more factual and applicable to real-life analysis of crime.
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df["Arrest’] = df['Arrest’].astype(int)

le = Labelencoder()
for col in df.select_dtypes(include=["object ]).columns:
df[col] = le.fit_transform(df[col].astype(str))
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X_train, X_test, y_train, y_test = train_test_split(
X, y, test_size=6.2, randon_state=42
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© scaler = Standardscaler()
X_train = scaler.fit_transform(X_train)
X_test = scaler.transform(X_test)|
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Logistic Regression

1r - LogisticRegression(max_iter=1000)
1r.fFit(X_train, y_train)

y_pred_1r = 1r.predict(X_test)

print("Logistic Regression Accuracy:”, accuracy_score(y_test, y_pred_1r))
print(classification_report(y_test, y_pred_1r))
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Random Forest

© rf = RandomForestClassifier(n_estimators=100)
rf.fit(X_train, y_train)
y_pred_rf = rf.predict(X_test)
print("Random Forest Accuracy:”, accuracy_score(y_test, y_pred_rf))
print(classification_report(y_test, y_pred_rf))

«  Random Forest Accuracy: ©.0274325733869766
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© print(df_arrest.groupby('Cluster’).mean())
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