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Abstract

Crime prediction plays an important role in understanding crime trends and supporting decision-making
in law enforcement. This paper presents a predictive analysis of crime patterns in Jharkhand using
district-wise crime records collected during 2024 and 2025. The dataset contains information on several
categories of cognizable offences, including murder, dacoity, robbery, burglary, theft, riot, kidnapping,
rape, Arms Act cases, Naxal-related incidents, and miscellaneous crimes. After data pre-processing and
feature selection, Linear Regression and Random Forest Regression models were developed to predict
Total Cognizable Crime.

The performance of the models was evaluated using Mean Absolute Error (MAE), Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), and the coefficient of determination R?. Experimental
results showed that the Linear Regression model significantly outperformed the Random Forest
Regression model. Linear Regression achieved an RMSE of 4.37 and a R? value of 0.999993, whereas
Random Forest Regression produced an RMSE of 553.38 and a R? value of 0.894390. The results
indicate a strong linear relationship between the selected crime variables and Total Cognizable Crime.
The results showed that Linear Regression provided more accurate predictions than Random Forest
Regression for the available dataset. The findings demonstrate that historical crime records can be
effectively used for crime forecasting and pattern analysis. The proposed approach offers a simple and
reliable framework for predicting crime trends and highlights the potential of machine learning
techniques for crime analytics in Jharkhand.

Keywords: Crime Prediction, Crime Forecasting, Machine Learning, Linear Regression, Random Forest
Regression, Jharkhand.

1. Introduction:

Crime has become an important social issue that affects public safety, economic development, and the
overall quality of life. Understanding crime patterns and identifying areas with higher crime incidence
are essential for effective planning and crime prevention. With the increasing availability of digital
crime records, data-driven techniques are being widely used to analyse crime trends and support
decision-making.

Machine learning has emerged as a useful tool for analysing large datasets and discovering patterns that
may not be easily identified through traditional statistical methods. In recent years, researchers have
applied various machine learning techniques to crime prediction, hotspot detection, and crime
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forecasting. These approaches help in understanding historical crime trends and estimating future crime
levels based on previously observed data.

Jharkhand is one of the major states of eastern India and exhibits considerable variation in crime levels
across its districts. Crime records indicate that some districts consistently report higher numbers of
offences than others. Such differences suggest that crime patterns vary across regions and may be
studied using analytical and predictive techniques. Examining these patterns can provide useful insight
into the distribution of crime and help identify districts that require greater attention.

The present work uses district-wise crime data collected from Jharkhand for the years 2024 and 2025.
The dataset includes several categories of offences such as murder, dacoity, robbery, house burglary,
theft, riot, kidnapping, rape, Arms Act cases, Naxal-related incidents, miscellaneous crimes, and Total
Cognizable Crime. These variables are analysed to investigate their relationship with overall crime
levels.

Two machine learning models, namely Linear Regression and Random Forest Regression, are employed
for crime prediction. The performance of the models is evaluated using Mean Absolute Error (MAE),
Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and the coefficient of determination
(R?). A comparative analysis is carried out to determine the model that provides the most accurate
predictions for the available dataset.

The main contribution of this work is the application of machine learning techniques to district-level
crime data from Jharkhand and the evaluation of their effectiveness in crime forecasting. The findings
provide insight into crime patterns within the state and demonstrate the usefulness of machine learning
methods for predictive crime analysis.

2. Literature Review:

The application of machine learning techniques to crime analysis has attracted considerable attention in
recent years. The increasing availability of digital crime records and advances in data analytics has
enabled researchers to develop predictive models for understanding crime patterns and forecasting future
criminal activities. Various statistical, machine learning and deep learning approaches have been
proposed for crime prediction, hotspot identification, and decision support in law enforcement.

Several studies have investigated the use of traditional machine learning methods for crime prediction.
Shah et al. (2021) developed a crime forecasting framework based on machine learning and computer
vision techniques and demonstrated the potential of data-driven approaches in crime prevention.
Similarly, Kim et al. (2018) applied machine learning algorithms to crime analysis and reported that
predictive models can effectively identify relationships among crime variables. Agarwal et al. (2018)
explored statistical approaches for crime prediction and showed that historical crime records contain
useful information for forecasting future crime trends.

Research has also focused on comparing different machine learning algorithms for crime prediction.
Kshatri et al. (2021) conducted an empirical analysis of several machine learning methods and proposed
an ensemble-based framework using stacked generalization. Their findings indicated that combining
multiple models can improve predictive performance. Bandekar and Vijayalakshmi (2020) examined the
applicability of machine learning algorithms for crime reduction and highlighted the usefulness of
predictive analytics in supporting law-enforcement activities. Kumar et al. (2020) investigated the K-
nearest neighbour algorithm for crime prediction, while Sivanagaleela and Rajesh (2019) applied the
fuzzy C-means algorithm to analyse crime patterns.
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A number of studies have explored the use of Random Forest and related ensemble techniques for
predictive crime analytics. Raza and Victor (2021) employed Random Forest for crime region prediction
and reported encouraging forecasting performance. Yao et al. (2020) utilized Random Forest for hotspot
prediction based on spatial factors and demonstrated its effectiveness in identifying crime-prone areas.
Das et al. (2021) proposed an incremental classification framework for crime prediction and showed that
optimization-based ensemble methods can improve prediction accuracy. These studies indicate that
Random Forest and ensemble learning approaches are widely used for handling complex crime datasets.
Spatial and temporal characteristics of crime have received significant attention in the literature. Catlett
et al. (2018) proposed a data-driven framework for spatio-temporal crime prediction in smart cities,
while Catlett et al. (2019) extended this work through experimental evaluation using real-world datasets.
Dash et al. (2018) applied network analytic methods to spatio-temporal crime prediction and
demonstrated the importance of considering both location and time in predictive modeling. Hossain et al.
(2020) further emphasized the value of spatio-temporal information by developing crime prediction
models based on spatial and temporal data attributes.

The growing interest in hotspot detection has led to the development of several spatial forecasting
frameworks. Araujo et al. (2018) proposed a crime hotspot detection framework for patrol planning and
resource allocation. Kounadi et al. (2020) conducted a systematic review of spatial crime forecasting
studies and highlighted the importance of geographical information in crime prediction. Saraiva et al.
(2022) combined machine learning, spatial analytics, and text analysis for crime monitoring and
prediction in Porto, Portugal. Their work demonstrated that integrating multiple data sources can
improve understanding of crime distribution.

Recent studies have increasingly adopted deep learning approaches for crime forecasting. Chun et al.
(2019) developed a crime prediction model using deep neural networks and reported promising
predictive performance. Wang et al. (2019) introduced a deep learning framework for real-time crime
forecasting and demonstrated its applicability to large-scale crime datasets. Han et al. (2020) proposed
an integrated LSTM and graph convolutional network model for theft crime prediction in urban
communities. Similarly, Liang et al. (2022) developed a neural attention framework that incorporated
spatial, temporal, and categorical information for crime prediction.

Advances in artificial intelligence have also encouraged the development of more sophisticated
predictive models. Li et al. (2022) proposed a spatial-temporal hypergraph learning framework for crime
prediction, while Tasnim et al. (2022) introduced a multi-module architecture based on attention
mechanisms and sequential fusion models. Zhou et al. (2022) investigated domain adaptation techniques
for crime risk prediction across different cities. These studies demonstrate the growing use of advanced
machine learning methods for handling complex crime datasets.

Several researchers have examined the role of predictive analytics in smart policing and public safety.
Elluri et al. (2019) developed machine learning models to support smart policing applications. Meijer
and Wessels (2019) reviewed the benefits and challenges of predictive policing and discussed its
practical implications for law-enforcement agencies. ToppiReddy et al. (2018) proposed a crime
monitoring framework based on spatial analysis and emphasized the usefulness of predictive systems in
crime management.

Although substantial progress has been made in crime prediction research, several limitations remain.
Many existing studies focus on large metropolitan areas or utilize complex deep learning architectures
that require extensive datasets and computational resources. Comparatively fewer studies have examined
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district-level crime prediction using relatively simple and interpretable machine learning models. In
addition, limited attention has been given to crime forecasting using recent crime data from Indian states
such as Jharkhand.

The present work seeks to address this gap by applying Linear Regression and Random Forest
Regression models to district-wise crime records from Jharkhand. Unlike many previous studies that
emphasize highly complex prediction frameworks, the present analysis focuses on evaluating the
effectiveness of two widely used machine learning approaches for forecasting Total Cognizable Crime.
The study also provides insight into district-level crime patterns and contributes to the growing body of
research on machine learning-based crime prediction.

3. Dataset Description:

The analysis presented in this paper is based on district-wise crime data collected from Jharkhand for the
years 2024 and 2025. The dataset contains monthly crime records reported from different districts of the
state and includes information on several categories of cognizable offences.

The crime categories considered in this work are Total Murder, Total Dacoity, Total Robbery, House
Burglary, Theft, Riot, Total Kidnapping, Rape, Arms Act cases, Naxal-related cases, Miscellaneous
crimes, and Total Cognizable Crime. These variables provide a broad picture of crime occurrence across
the state and make it possible to examine the relationship between different types of offences and overall
crime levels.

The records from 2024 and 2025 were combined to create a single dataset for analysis. Before applying
the machine learning models, the data were checked for consistency and prepared for further processing.
The crime categories were used as predictor variables, while Total Cognizable Crime was selected as the
target variable for forecasting.

The dataset shows noticeable differences in crime levels across districts. Some districts reported a larger
number of crime cases, while others recorded comparatively fewer incidents. Such variation makes the
dataset suitable for studying crime patterns and evaluating predictive models.

The use of district-wise monthly records allows the analysis to capture both regional differences and
changes over time. This provides a useful basis for applying machine learning techniques and examining
their effectiveness in crime prediction and forecasting.

4. Proposed Prediction Framework:

4.1 Data Pre-processing:

Before applying the machine learning models, the crime data were prepared for analysis through a pre-
processing stage. The records collected for 2024 and 2025 were combined into a single dataset to
provide a unified source for model development.

The dataset was examined to identify missing values, inconsistencies, and formatting issues. Column
names were standardized, and the records were organized in a form suitable for machine learning
implementation. Since the data were collected from multiple files, pre-processing helped ensure
consistency across all observations.

After cleaning the data, the crime categories were selected as predictor variables. These variables
included Total Murder, Total Dacoity, Total Robbery, House Burglary, Theft, Riot, Total Kidnapping,
Rape, Arms Act cases, Naxal-related cases, and Miscellaneous crimes. Total Cognizable Crime was
chosen as the target variable for prediction.
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The processed dataset was then used for training and testing the machine learning models. Proper data
pre-processing improved the quality of the dataset and helped ensure reliable model performance during
the prediction process.

4.2 Feature Selection:

Feature selection is an important step in machine learning because the quality of the input variables
directly affects the performance of the predictive models. In the present work, the variables were
selected from the available crime records based on their relevance to overall crime occurrence.

The selected features included Total Murder, Total Dacoity, Total Robbery, House Burglary, Theft,
Riot, Total Kidnapping, Rape, Arms Act cases, Naxal-related cases, and Miscellaneous crimes. These
variables represent major categories of reported offences and provide a broad picture of crime patterns
across the districts of Jharkhand.

Total Cognizable Crime was chosen as the target variable because it reflects the overall level of crime
recorded in a district. The selected crime categories were used as predictor variables to examine how
they contribute to variations in total crime.

The feature selection process was based on the structure of the available dataset and the objective of the
study. By using multiple crime categories as input variables, the machine learning models were able to
learn the relationship between individual offences and overall crime levels. These selected features
formed the basis for the development of the prediction models described in the following sections.
Figure 1: illustrates the overall workflow of the proposed crime prediction framework.
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4.3 Train-Test Split:

After selecting the predictor and target variables, the dataset was divided into training and testing
subsets. This step is important because it allows the predictive models to be evaluated on data that were
not used during the learning process.

In the present study, 80% of the available records were used for model training, while the remaining
20% were reserved for testing. The training dataset was used to develop the machine learning models
and identify relationships among the selected crime variables. The testing dataset was then used to
examine how accurately the trained models could predict Total Cognizable Crime for previously unseen
observations.

The train-test split helps provide an objective assessment of model performance and reduces the
possibility of evaluating the models only on the data used during training. This approach was applied to
both the Linear Regression and Random Forest Regression models used in the study.

4.4 Linear Regression Model:

Linear Regression was used as one of the prediction models in this study. The model examines the
relationship between the selected crime variables and Total Cognizable Crime. By using historical crime
records, it estimates how variations in different crime categories influence the overall level of crime.

The predictor variables included Total Murder, Total Dacoity, Total Robbery, House Burglary, Theft,
Riot, Total Kidnapping, Rape, Arms Act cases, Naxal-related cases, and Miscellaneous crimes. Total
Cognizable Crime was considered as the target variable.

The Linear Regression model can be expressed as
Y = ﬁO +B1X1 + ﬁ2X2+ . .+ﬁan + €

Where Y represents the predicted value of Total Cognizable Crime, (X;, X,,. . .,X,) denotes the
predictor variables, S, is the intercept term, (By, B2, ..., Bn) is the regression coefficients, and e
represents the error term.

The model was trained using the training dataset and subsequently tested on the remaining observations.
The predicted values obtained from the model were compared with the actual crime values to evaluate
forecasting performance.

4.5 Random Forest Regression Model:

In addition to Linear Regression, Random Forest Regression was used to examine whether crime
patterns could be predicted more effectively through an ensemble learning approach. Random Forest is a
machine learning technique that combines the predictions of multiple decision trees to produce a final
prediction.

Unlike Linear Regression, which assumes a linear relationship among variables, Random Forest can
capture more complex relationships within the data. This makes it useful for datasets where different
variables may interact with one another in a non-linear manner.
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In the present study, the same set of crime variables used in the Linear Regression model was employed
as input features. These variables included Total Murder, Total Dacoity, Total Robbery, House Burglary,
Theft, Riot, Total Kidnapping, Rape, Arms Act cases, Naxal-related cases, and Miscellaneous crimes.
Total Cognizable Crime was considered as the target variable.

The prediction generated by the Random Forest model is obtained by combining the outputs of several
decision trees and can be represented as

1 N
Y= Nz T; (X)
=1

Where Y denotes the predicted crime value, N represents the number of decision trees, and T;(X)denotes
the prediction produced by the i-th decision tree.

The model was trained using the training dataset and subsequently evaluated using the testing dataset.
The predicted values were then compared with the actual crime values to assess the forecasting
performance of the model. The results obtained from Random Forest Regression were further compared
with those of Linear Regression to identify the model that provided more accurate predictions for the
Jharkhand crime dataset.

4.6 Model Evaluation Metrics:

After training the machine learning models, their performance was evaluated by comparing the predicted
crime values with the actual values recorded in the dataset. The purpose of this evaluation was to
determine how accurately the models could forecast Total Cognizable Crime and to identify the model
that provided the most reliable predictions.

To assess model performance, four commonly used evaluation measures were employed: Mean
Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and the
coefficient of determination R2. These measures provide quantitative information about the accuracy of
the predictions and allow a fair comparison between different machine learning models.

Mean Absolute Error (MAE):

Mean Absolute Error measures the average difference between the actual and predicted values. It
provides an indication of how far the predictions deviate from the observed values on average.

n
MAE = %Zb’i — 3l

=1
Lower MAE values indicate better prediction accuracy.
Mean Squared Error (MSE):
Mean Squared Error measures the average of the squared differences between actual and predicted
values. Since larger errors are squared, this measure gives greater importance to substantial prediction
errors.

1w .,
MSE = EZ(% - %)
=1
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A smaller MSE value indicates better model performance.

Root Mean Squared Error (RMSE):

Root Mean Squared Error is obtained by taking the square root of MSE. It is expressed in the same unit
as the original data and is therefore easier to interpret.

n
1
RMSE = |~ (= 9))?
i=1

Lower RMSE values indicate that the predicted values are closer to the actual observations.

Coefficient of Determination R?:

The coefficient of determination measures how well the model explains the variation in the target
variable. It provides an indication of the overall goodness of fit of the model.

5 X — P)?
Xi—¥)
A R? value closer to 1 indicates a better fit and stronger predictive performance.
The values of these evaluation measures were calculated for both the Linear Regression and Random
Forest Regression models. The results obtained from these measures were then used to compare the

performance of the models and identify the most suitable approach for crime prediction and forecasting.

5. Experimental Setup:

The experiments were conducted using the Python programming language in the Google Colab
environment. Python was selected because of its extensive support for data analysis, machine learning,
and visualization. The crime datasets for 2024 and 2025 were processed and analysed using widely used
Python libraries.

Data manipulation and pre-processing were performed using the Pandas and NumPy libraries. Machine
learning models were implemented using the Scikit-learn library, while graphical representations of the
results were generated using Matplotlib. These tools provided an efficient platform for developing and
evaluating the prediction models.

The combined dataset consisted of district-wise monthly crime records collected from different districts
of Jharkhand during 2024 and 2025. The final dataset contained 54 observations representing crime
information from 24 districts of the state. A total of 11 crime categories, namely Total Murder, Total
Dacoity, Total Robbery, House Burglary, Theft, Riot, Total Kidnapping, Rape, Arms Act cases, Naxal-
related cases, and Miscellaneous crimes, were used as predictor variables. Total Cognizable Crime was
considered as the target variable for prediction.

Before model development, the dataset was pre-processed and organized into a suitable format for
machine learning analysis. The selected features provided information on different categories of crime
and were used to examine their relationship with the overall level of crime recorded in each district.

To evaluate the predictive capability of the models, the dataset was divided into training and testing
subsets using a 80 : 20 ratio. The training data were used to develop the Linear Regression and Random
Forest Regression models, while the testing data were used to assess their prediction accuracy.

The performance of the models was evaluated using Mean Absolute Error (MAE), Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), and the coefficient of determination R. These measures
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provided an objective basis for comparing the models and identifying the approach that produced the
most accurate crime forecasts.

6. Results and Discussion:

This section presents the results obtained from the machine learning models and discusses their
effectiveness in predicting Total Cognizable Crime in Jharkhand. The performance of Linear Regression
and Random Forest Regression was evaluated using MAE, MSE, RMSE, and the coefficient of
determination R2.

6.1 Performance Comparison of Machine Learning Models:

Table 1 presents the performance measures obtained for the two prediction models.
Model MAE MSE RMSE R?

Linear Regression 2.3508 19.12 4.3727 0.999993

Random Forest Regression 277.9509 |306229.20 | 553.3798 0.894390

The results show a clear difference in the performance of the two models. Linear Regression achieved
very low error values and produced a R? value close to 1. This indicates that the model was able to
predict Total Cognizable Crime with a high degree of accuracy.

Random Forest Regression also produced reasonable results, but its prediction errors were considerably
larger than those of Linear Regression. Although the model explained a substantial portion of the
variation in the data, its forecasts were less accurate for the available dataset.

The superior performance of Linear Regression suggests that the relationship between the selected crime
variables and Total Cognizable Crime is largely linear. Since Total Cognizable Crime is closely related
to the combined contribution of the individual crime categories, the Linear Regression model was able to
capture this relationship effectively.

6.2 Comparison of Actual and Predicted Crime Values:
To further examine the performance of the best-performing model, the predicted values obtained from
Linear Regression were compared with the actual crime values. The comparison showed that the
predicted values were very close to the corresponding observed values.

Table 2: Sample Prediction Results Obtained Using Linear Regression

Actual Crime Predicted Crime Error
303 301.71 1.29
917 915.80 1.20
947 946.88 0.12
647 647.65 0.65
199 198.85 0.15

4250 4252.86 2.86
3427 3431.11 411
1055 1054.60 0.40
5426 5412.59 13.41
460 460.52 0.52
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The prediction errors are small for most observations, indicating that the model was able to estimate
crime values accurately. The close agreement between actual and predicted values supports the high R?
value and low error measures reported earlier.

Figure 2: Actual versus Predicted Crime Values Obtained Using Linear Regression
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Figure 2 shows the relationship between the actual crime values and the values predicted by the Linear
Regression model. The predicted values closely follow the actual observations, indicating a strong
agreement between the two. Most of the points lie near the diagonal trend, which suggests that the model
was able to estimate crime levels with a high degree of accuracy.

The close correspondence between actual and predicted values is consistent with the low error measures
and high R? value obtained during model evaluation. These results indicate that the Linear Regression
model successfully captured the relationship between the selected crime variables and Total Cognizable
Crime. The figure provides visual evidence of the effectiveness of the model for crime forecasting using
the available dataset.

Figure 3: presents a graphical comparison of the machine learning models based on RMSE.
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The figure shows that Linear Regression achieved a substantially lower RMSE than Random Forest
Regression. A lower RMSE indicates that the predicted values are closer to the actual crime values. This
result further confirms the effectiveness of Linear Regression for the present dataset.
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6.3 Crime Forecasting Results:

After evaluating the prediction models, Linear Regression was selected for crime forecasting because it
produced the lowest prediction error and the highest R? value. The model was used to generate
predicted values of Total Cognizable Crime, and the results were compared with the corresponding
actual observations. Figure 4 presents the forecasting results obtained from the model.

Figure 4: Crime Forecasting Results Obtained Using Linear Regression
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Figure 4 shows the comparison between the actual crime values and the values predicted by the Linear
Regression model. The two curves follow a very similar pattern throughout the observations, indicating
that the model was able to capture the underlying crime trends present in the dataset.

The close agreement between the actual and predicted values further supports the performance measures
reported earlier. Even for observations with relatively high crime levels, the model produced predictions
that remained close to the observed values. These results suggest that historical crime records contain
useful information for forecasting Total Cognizable Crime and demonstrate the effectiveness of the
proposed approach for crime prediction in Jharkhand.

6.4 Discussion of Findings:

The results indicate that machine learning techniques can be successfully applied to crime data for
predictive analysis. Among the two models considered, Linear Regression provided the most reliable
forecasts for the Jharkhand dataset.

One possible reason for this performance is that Total Cognizable Crime is strongly related to the
individual crime categories included in the dataset. As a result, a linear model was sufficient to describe
the relationship between the predictor variables and the target variable.

The findings also highlight the usefulness of district-level crime records for understanding crime
patterns and supporting forecasting activities. The ability of the models to generate accurate predictions
suggests that historical crime data can provide valuable information for future crime analysis and
planning.

6.5 Limitations of the Study:

The present paper is based on officially reported crime records for 2024 and 2025. The dataset covers a
relatively short time period and does not include socio-economic, demographic, or geographical
variables that may influence crime occurrence. In addition, Total Cognizable Crime was used as the
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target variable, which is closely related to the selected crime categories. Future studies may consider
longer time periods and additional explanatory variables to develop more comprehensive forecasting
models.

7. Conclusion:

This paper presented a machine learning-based approach for predicting crime patterns in Jharkhand
using district-wise crime data from 2024 and 2025. Two prediction models, namely Linear Regression
and Random Forest Regression, were developed and evaluated using standard performance measures
including MAE, MSE, RMSE, and R?.

The results showed that Linear Regression outperformed Random Forest Regression for the available
dataset. The Linear Regression model achieved very low prediction errors and a R?value close to 1,
indicating a strong relationship between the selected crime variables and Total Cognizable Crime. The
comparison of actual and predicted values further confirmed the accuracy of the model.

The findings demonstrate that historical crime records can be effectively used for crime forecasting and
pattern analysis. The results also indicate that machine learning techniques can provide useful insight
into crime behaviour and support data-driven analysis of crime data.

Although the present work considered only two machine learning models, the results highlight the
potential of predictive analytics in crime forecasting. Future work may explore larger datasets, longer
time periods, additional socio-economic variables, and more advanced machine learning techniques to
further improve prediction performance.

Overall, the proposed approach provides a simple and effective framework for crime prediction in
Jharkhand and demonstrates the usefulness of machine learning methods for analysing crime-related
data.
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