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Abstract

This research investigates the application of regression models and advanced
machine-learning techniques to forecast crime patterns in India, thereby en-
hancing public safety. By analyzing datasets encapsulating geographic and
temporal variables, the study demonstrates the robustness of ensemble mod-
els in predicting crime rates effectively. A meticulous approach to outlier
removal, data transformation, and model evaluation was adopted to opti-
mize the accuracy and reliability of the predictive models. Historical crime
data, incorporating features such as location, time, type of crime, and socio-
economic factors, was utilized to identify significant predictors of crime oc-
currences and capture complex, non-linear relationships within the data.

The study extensively employs stacking-based ensemble learning meth-
ods to improve prediction outcomes over single-model approaches. Results
confirm that integrating machine learning techniques enhances the precision
of crime forecasts and sets a new benchmark for predictive accuracy, thus ad-
vancing in predictive analytics and offering promising directions for proactive
crime prevention.

By proactively identifying potential crime hotspots, the proposed model
can aid law enforcement in optimizing resource allocation, focusing on high-
risk areas, and potentially deterring criminal activity. Furthermore, the study
highlights future advancements in integrating new data sources, such as so-
cial media trends and real-time urban data, to refine prediction models. Ul-
timately, this research aims to demonstrate how machine learning can be a
valuable tool in crime prevention strategies, fostering safer communities while
emphasizing the importance of responsible and transparent implementation
of these technologies in law enforcement practices.

v
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Chapter 1

Introduction

1.1 The Persistent Threat: Crime in a Glob-
alized World

Maintaining public safety is a cornerstone for societies’ development and
prosperity. It fosters a secure environment where communities can flourish,
and individuals feel safe to pursue their aspirations. However, this funda-
mental element is under constant assault from the persistent threat of crime.
Statistics reveal a concerning upward trend in global crime rates, highlighting
a pressing challenge for law enforcement agencies worldwide. According to
a 2022 report by the United Nations Office on Drugs and Crime (UNODC),
global crime data paints a concerning picture, with violent crime rates in-
creasing by 5% in urban areas across multiple countries. This necessitates
a critical re-evaluation of traditional crime prevention strategies and the ex-
ploration of innovative solutions to combat this pervasive threat [1].

1.2 Beyond Reactivity: Rethinking Traditional
Crime Prevention Strategies

Conventional crime prevention methods primarily rely on historical data to
identify crime hotspots. While this approach offers a rudimentary under-
standing of crime patterns, it suffers from inherent limitations that restrict
its effectiveness in the face of an evolving criminal landscape [2]. Here, we
delve into the key shortcomings of these traditional strategies:

e Reactive Paradigms: Historical data analysis inherently adopts a
reactive posture. It focuses on identifying patterns in past crimes, of-
fering insights only after the criminal activity has transpired. This
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reactive approach leaves limited room for proactive measures to pre-
vent future occurrences. Imagine a law enforcement scenario where
officers arrive at a crime scene only to discover, based on a map of past
incidents, that the area had a high likelihood of criminal activity. This
reactive strategy offers minimal value in deterring crime or ensuring
public safety [3].

e Limited Scope of Analysis: Historical data analysis provides a con-
fined perspective on potential criminal activity. It focuses solely on past
events, neglecting crucial factors that might contribute to future crime
trends. These factors may encompass social media activity, economic
shifts, emerging criminal methodologies, and even weather patterns.
For instance, rising unemployment rates within a specific area might
be a leading indicator of increased property crime. Similarly, analyzing
social media chatter could reveal potential gang activity or planned
gatherings that could escalate into violence. By failing to account for
these evolving dynamics, traditional methods offer a static and incom-
plete picture of the crime landscape, similar to navigating a city using
an outdated map [4].

e Inefficient Resource Allocation: Traditional methods often lead to
inefficient resource allocation by relying on reactive responses to past
crimes. This can result in wasted resources and missed opportunities to
prevent future criminal activity. Without the ability to predict poten-
tial crime hotspots, law enforcement is forced to scramble to respond
to incidents after they have already occurred. Imagine a police depart-
ment deploying a significant portion of its patrol force to respond to
a surge in burglaries in a specific neighborhood. While this reactive
approach might address the immediate problem, it neglects the possi-
bility that criminal activity might shift to another area altogether. Tra-
ditional methods leave law enforcement playing catch-up rather than
proactively deploying resources to deter crime in its tracks [5].

1.3 A Paradigm Shift: The Rise of Machine

Learning

The emergence of machine learning presents a paradigm shift in the field of
crime prediction, paving the way for a proactive approach. Machine learn-
ing algorithms can analyze vast and diverse datasets, encompassing not just
historical crime data but also demographic information, social media trends,
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and even weather patterns. By delving into these intricate data sets, ma-
chine learning models can identify complex patterns and relationships that
would remain obscured by traditional methods [6]. This newfound ability to
extract valuable insights from diverse sources empowers machine learning to
predict areas with a higher likelihood of crime occurrence before they hap-
pen. Imagine a sophisticated computer program that can analyze past crime
reports and social media activity, unemployment rates, and even weather
patterns to predict areas with a high risk of property crime during a heat-
wave. This proactive approach allows law enforcement to take preventative
measures and ensure public safety [7].

1.4 The Power of Prediction: Advantages of
Machine Learning

Machine learning offers several distinct advantages over traditional methods
in the realm of crime prediction.

e Proactive Approach: Central to the power of machine learning is
its ability to analyze vast datasets and identify crime trends before
they erupt into actual occurrences. This allows law enforcement to
take proactive measures like increasing patrols in high-risk areas, de-
terring criminal activity, and enhancing public safety. Imagine a police
department receiving real-time alerts from a machine learning model
indicating a surge in social media chatter related to gang activity in
a specific neighborhood. This proactive approach allows law enforce-
ment to deploy resources strategically, potentially preventing a violent
incident before it occurs [8].

e Data-Driven Insights: Machine learning algorithms can extract valu-
able insights from diverse data sources that would be incredibly diffi-
cult, if not impossible, to analyze with traditional methods. Social
media data, for instance, can offer valuable clues about criminal activ-
ity, such as gang affiliations or planned gatherings. By encompassing
these diverse data sources, machine learning provides a more compre-
hensive understanding of the factors contributing to crime. Traditional
methods, limited to historical crime data, offer a narrow perspective
on the root cause of crime. On the other hand, machine learning, by
incorporating social media data, economic indicators, and even weather
patterns, paints a more holistic picture, enabling the identification of
previously overlooked relationships between these factors and crime
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trends. Imagine a model that discovers a correlation between a rise in
unemployment rates and increased property crime in a specific neigh-
borhood. This data-driven insight allows law enforcement and com-
munity leaders to collaborate on targeted interventions, such as job
training programs, to address the root causes of crime [9].

e Improved Resource Allocation: Unlike reactive methods that de-
ploy resources in response to past crimes, machine learning-based pre-
diction allows for a more strategic and efficient allocation of resources.
Law enforcement can prioritize patrols and deploy officers to these high-
risk zones by pinpointing areas with a higher crime risk. Imagine a
police department with limited resources. By leveraging a crime pre-
diction model, they can focus their patrols on areas with a 70% chance
of crime occurrence rather than wasting resources patrolling areas with
a 10% chance. This targeted approach allows for more efficient utiliza-
tion of law enforcement personnel, maximizing their impact on crime
prevention [10].

e Potential for Crime Deterrence: The proactive nature of machine
learning-based prediction can potentially deter crime by increasing po-
lice presence in high-risk areas. Knowing that a specific neighborhood
has a high likelihood of criminal activity, law enforcement can deploy
additional patrols or utilize surveillance techniques to discourage po-
tential offenders. Additionally, knowledge of potential crime hotspots
might encourage community-based prevention initiatives. Imagine a
community center organizing youth activities and mentorship programs
in a neighborhood identified by a machine learning model as having a
high risk of gang violence. This proactive approach tackles crime at its
root, fostering a safer environment for residents [11].

1.5 The Ensemble Advantage: Pushing the
Boundaries of Prediction Accuracy

While machine learning offers a powerful tool for crime prediction, the ac-
curacy of individual algorithms can sometimes be limited. Ensemble learn-
ing techniques have emerged to address this limitation. These techniques
combine the strengths of multiple machine learning algorithms to create a
more robust and accurate predictive model. Imagine a group of detectives,
each with their strengths and expertise, working together to solve a com-
plex crime. Ensemble learning operates on a similar principle, combining the
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insights from various algorithms to arrive at a more accurate prediction [12].

1.6 Research Focus: Leveraging Ensembles
for Enhanced Crime Prediction

This study delves into the effectiveness of ensemble machine learning models
in predicting the occurrence of violent crimes within urban areas of major
Indian cities. We have chosen to focus on violent crimes due to their severe
impact on public safety and their increasing prevalence in densely populated
urban centers. Our research utilizes historical crime data from the National
Crime Records Bureau (NCRB) to train and evaluate the ensemble models
[11].

1.7 Significance and Contribution of the Re-
search

By harnessing the power of ensemble learning techniques, we aim to develop
a more accurate crime prediction model for violent crimes in urban areas
of major Indian cities [13]. This research has the potential to significantly
contribute to law enforcement strategies by providing valuable insights for:

e Resource Allocation: More accurate prediction allows for optimized
resource allocation, leading to a more efficient and effective response to
crime. Imagine a police department using a highly accurate crime pre-
diction model to strategically deploy resources, leading to a significant
decrease in crime rates within the city [14].

e Crime Prevention Initiatives: By identifying potential crime hotspots
with greater accuracy, law enforcement can collaborate with communi-
ties to implement preventative measures before crime occurs. Imagine a
community center partnering with the police department to implement
targeted youth programs in high-risk areas identified by the ensemble
model. This collaborative approach can potentially nip crime in the
bud before it takes root [15].

e Improved Public Safety: The enhanced accuracy of crime predic-
tion using machine learning techniques can potentially lead to a safer
community environment. Lower crime rates translate to a sense of
security for residents and increased opportunities for community devel-
opment. Imagine a neighborhood experiencing a significant decrease in
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crime due to the implementation of a highly accurate crime prediction
model. This newfound sense of safety fosters a thriving community
where residents can live, work, and play without fear [16].

1.8 Ethical Considerations and Potential Bi-
ases

While machine learning holds immense promise for crime prediction, it’s cru-
cial to acknowledge and address its potential limitations and ethical consid-
erations. These considerations will be thoroughly discussed in a later section
of this thesis [17]. Some key areas of concern include:

e Algorithmic Bias: Machine learning algorithms are trained on his-
torical data, which can perpetuate existing societal biases. This can
lead to models that unfairly target specific demographics or lead to
inaccurate predictions in underrepresented communities.

e Privacy Concerns: The vast datasets utilized in machine learning
raise concerns about data privacy and potential misuse of information.
It’s essential to ensure that data is collected and utilized ethically,
adhering to strict privacy regulations.

e Transparency and Explainability: The complex nature of machine
learning algorithms can make understanding how they arrive at their
predictions difficult. This lack of transparency can raise concerns about
accountability and fairness in law enforcement practices.

1.9 The Road Ahead: A Future Shaped by
Machine Learning

With its immense potential for accurate crime prediction, machine learning
presents an exciting opportunity to revolutionize law enforcement strategies.
By leveraging machine learning techniques and continuously refining models,
we can strive for increased accuracy in predicting crime occurrences. This will
allow law enforcement agencies to optimize resource allocation, implement
targeted crime prevention initiatives, and, ultimately, foster safer commu-
nities. However, it’s crucial to acknowledge the ethical considerations and
potential biases inherent in machine learning. By fostering open discussions,
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developing robust data protection protocols, and ensuring algorithmic trans-
parency, we can harness the power of machine learning for the betterment of
society [18].

1.10 Research Methodology: Unveiling the

Power of Ensembles

This section of the thesis will delve into the specific research methodology
employed in this study. It will encompass details such as:

Data Source: A detailed description of the source of historical crime
data utilized for analysis (e.g., government agency databases, open data
sets).

Data Preprocessing: Techniques used to clean, transform, and pre-
pare the data for analysis will be explained. This may include handling
missing values, outliers, and data transformation.

Machine Learning Algorithms: The specific machine learning al-
gorithms chosen for this study (e.g., linear regression, ridge regression,
least angle regression lasso, and orthogonal matching pursuit) will be
described, along with a rationale for their selection.

Ensemble Learning Techniques: The ensemble learning techniques
employed will be explained, along with how they combine individual
models to achieve improved performance.

Model Evaluation: The metrics used to evaluate the performance
of the ensemble models will be discussed. This includes regression
performance metrics.

1.11 Roadmap for the Thesis

The following sections of this thesis will delve deeper into the research con-
ducted:

Literature Review: A comprehensive review of existing research re-
lated to crime prediction using machine learning techniques will be
presented.

Methodology: The research methodology employed in this study, as
outlined in Section 1.10, will be further elaborated upon.
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e Results and Discussion: The research findings will be presented and
discussed in detail, including the performance of the ensemble models
in predicting crime occurrences.

e Conclusion: The key findings of the research will be summarized,
along with their implications for law enforcement strategies and crime
prevention initiatives.

e Limitations and Future Research: The limitations of the current
research will be acknowledged, and potential avenues for future research
will be explored.

1.12 Conclusion: A New Era of Crime Pre-
diction

The rise of machine learning presents a transformative opportunity for crime
prediction, paving the way for a more proactive approach to public safety.
By leveraging ensemble learning techniques and fostering responsible devel-
opment practices, we can strive for increased accuracy in predicting criminal
activity. This newfound ability empowers law enforcement to allocate re-
sources strategically, collaborate with communities for targeted prevention
initiatives, and ultimately create a safer and more secure environment. The
journey towards harnessing the power of machine learning for crime predic-
tion requires continuous dialogue, ethical considerations, and a commitment
to utilizing this technology for the betterment of society. This research con-
tributes to this ongoing endeavor by exploring the potential of ensemble
learning techniques in predicting violent crime occurrences in urban areas of
major Indian cities.
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Literature Review

2.1 Introduction

Crime analysis has become an indispensable tool for law enforcement agen-
cies and researchers. It provides invaluable insights into the dynamics and
ever-evolving patterns of criminal activity. To effectively address the intricate
issues of crime prevention and public safety, a comprehensive understanding
of the methodologies, technologies, and emerging trends in crime analysis
is crucial. This literature review delves into the field’s current state, criti-
cally examining various methodologies, technological advancements, and the
evolving landscape of crime analysis in the digital age.

2.2 'Traditional Statistical Techniques and Spa-
tial Analysis

Crime analysis has traditionally relied on robust statistical methods to iden-
tify trends and patterns within crime data. Exploratory Data Analysis
(EDA) serves as a foundational step involving the collection and compilation
of primary and secondary crime data. Ahishakiye et al. (2017) showcase
how historical and contemporary data can be analyzed using techniques like
linear regression modeling to identify correlations between factors like pop-
ulation density and crime rates. This approach offers valuable insights into
understanding crime patterns and hotspots, particularly in densely populated
urban areas. It reveals a positive correlation between population density and
property crime rates, allowing law enforcement to prioritize patrols in densely
populated neighborhoods [19].

However, a key limitation of these traditional methods lies in their primar-
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ily reactive nature. They primarily analyze past occurrences, offering limited
predictive capabilities. As highlighted, the traditional methods struggle to
account for the dynamic nature of crime and emerging criminal trends.

2.3 The Rise of Machine Learning and Pre-
dictive Policing

The emergence of machine learning presents a paradigm shift in crime anal-
ysis, paving the way for a more proactive approach. Machine learning algo-
rithms possess the remarkable ability to analyze vast and diverse datasets,
encompassing not just historical crime data but also demographic informa-
tion, social media trends, and even environmental factors. Vynokurova et
al. (2020) highlight this potential, exploring feature creation techniques for
crime data and utilizing various machine learning models such as random for-
est and Support Vector Machines (SVM) for crime prediction. The findings
suggest that these models can achieve promising results in crime prediction,
leading to more targeted resource allocation and proactive policing strategies.
It demonstrates how a machine learning model, trained on historical crime
data, social media activity, and weather patterns, can predict areas with a
high likelihood of property crime spikes during heat waves. This allows law
enforcement to deploy additional patrols and preventative measures in these
high-risk areas [20].

2.4 Critical Considerations and Algorithmic
Bias

While machine learning offers exciting possibilities, it has inherent limitations
and ethical considerations. The accuracy of predictions is highly dependent
on the quality and completeness of the data used for training. Biases within
the data can be perpetuated by the algorithms, potentially leading to unfair
targeting of specific demographics or inaccurate predictions in underrepre-
sented communities [21]. For instance, a machine learning model trained
on biased crime data might disproportionately flag certain neighborhoods
for increased police presence, exacerbating existing social inequalities. Ad-
ditionally, the interpretability of complex machine learning models can be
challenging, making it difficult to understand the reasoning behind predic-
tions. Law enforcement agencies deploying these models must address these
limitations and ensure transparency and accountability in their use.
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2.5 The Expanding Scope of Crime Analysis

The principles of crime analysis extend beyond traditional crime prediction.
Identifying patterns and predicting potential occurrences also hold immense
value in areas like fraud detection. Shukla et al. (2021) exemplify this by
presenting a hybrid machine-learning model that utilizes SVM and random
forest algorithms to detect fraudulent electronic transactions. This highlights
the versatility of crime analysis methodologies in combating various criminal
activities within the digital landscape [22].

2.6 Predicting Crime Using Machine Learn-
ing: A Look at San Francisco’s Crime
Data

Roh et al. (2019) explore the potential of machine learning in forecasting
crime using location and time data. The research analyzes crime records in
San Francisco from 2003 to 2015, focusing on classifying crimes based solely
on their time and location. The authors experimented with various classifica-
tion models, including adaboost, random forest, and k-nearest neighbors. By
undersampling the data to address class imbalance, the authors achieved the
highest accuracy (81.93%) using the adaboost decision tree model. This sug-
gests that adaboost might be the most effective model for crime classification
in this specific context [23].

The research acknowledges limitations. The model itself doesn’t delve
into the underlying socio-economic factors that contribute to crime. Ad-
ditionally, imbalanced data sets (where certain crime types are far more
frequent than others) pose a challenge to achieving even higher accuracy.

This study delves into predicting both crime type and location using San
Francisco’s crime incident data. The researchers employed various machine
learning models, including k-nearest neighbors, naive Bayes, and gradient
tree boosting. While gradient tree boosting achieved the highest accuracy, it
was also the most time-consuming method.

The study conducted by Tae et al. (2019) on San Franciso’s crime iden-
tified key factors that influence crime occurrence: time (hour and day) and
location. This knowledge can empower law enforcement to focus on high-risk
areas and times, potentially deterring crime. The authors also acknowledged
areas for improvement. Crime location visualization could be enhanced us-
ing heatmaps to depict crime density and severity. Additionally, folium maps
could provide a more comprehensive overview of crime distribution across the
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city. However, the study did not explore the root causes of crime, leaving
room for further investigation [24].

2.7 K-Means Clustering for Crime Prediction

Papaemmanouil et al. (2016) explore the use of k-means clustering, a data
partitioning algorithm, for predicting crime locations. This method groups
data points based on similarities, potentially revealing hidden patterns. In
the context of crime prediction, k-means could cluster crime incidents based
on factors like time and location [25]. Researchers on Kaggle, a platform
for data scientists, proposed leveraging k-means to identify crime hotspots.
Dense clusters would signify areas with a higher likelihood of criminal activ-
ity. Additionally, by analyzing frequently occurring crime times within these
clusters, this approach could inform preventive policing strategies.

However, the effectiveness of k-means clustering for crime prediction has
limitations. A crucial step involves defining the initial number of clusters
(k). The inappropriate selection of k can significantly impact the results.
Moreover, uneven cluster sizes, where some clusters contain significantly more
data points than others, can lead to misleading interpretations. Further
research is necessary to refine this method and address these challenges for
improved crime prediction using k-means clustering.

2.8 Automating Crime Prediction with Com-
puter Vision

Lin et al. (2020) propose a groundbreaking methodology for automated crime
prediction using computer vision and machine learning. The approach lever-
ages artificial neural networks, specifically Rectified Linear Units (ReLUs)
and Convolutional Neural Networks (CNNs), to detect weapons like knives
or guns within images. This detection not only validates the occurrence of a
potential crime but also pinpoints the location. The results are encouraging,
with the model achieving a 92% accuracy on a testing dataset. This sug-
gests that computer vision combined with machine learning holds significant
promise for automating crime prediction [26].
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2.9 Conclusion

This review has examined the current landscape of crime analysis, high-
lighting the transition from traditional statistical techniques to integrating
machine learning and artificial intelligence. While technological advance-
ments offer exciting possibilities for proactive crime prevention, addressing
the ethical considerations and limitations of these methods is crucial. Future
research should focus on developing robust, transparent, and ethically sound
crime analysis methods that empower law enforcement to proactively prevent
crime and ensure public safety in the ever-evolving digital world.



Chapter 3

Research Gap

3.1 Data limitations and improvement

Several studies such as [25] acknowledge limitations in their data sets. Imbal-
anced classes (unequal representation of different crime types) and choosing
the optimal number of clusters (k-means) were mentioned as challenges. Re-
search could explore techniques to address these limitations and improve data
quality for better prediction models.

3.2 Integration of different approaches

The studies [23] [26] focus on individual machine learning models (adaboost,
k-means, gradient boosting) or computer vision techniques. Research could
explore combining these approaches to create a more robust and comprehen-
sive crime prediction system.

3.3 Insufficient Use of Advanced Ensemble
Techniques

While some research [27] has explored the application of basic machine learn-
ing regression models like linear regression, ridge regression, and lasso, there
is a lack of studies that effectively utilize advanced ensemble techniques.
Combining multiple models through ensemble methods such as bagging,
boosting, stacking or voting can significantly enhance prediction accuracy,
but this approach remains under-explored in the context of crime analysis.

14
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3.4 Regional and Temporal Specificity

Existing models often fail to account for the unique characteristics of different
geographical regions and time periods. Crime patterns can vary significantly
across districts and states, and over different time frames. There is a need
for models that can adapt to these variations and provide more localized and
time-specific predictions.

3.5 Collaboration with Law Enforcement Agen-
cies

There is a gap in collaborative efforts between researchers and law enforce-
ment agencies. Practical insights from law enforcement professionals can
inform the development of more effective models, but such collaborations are
often lacking.



Chapter 4

Objectives of the Study

1. To conduct a survey for the crime pattern analysis in different geo-
graphical regions of the world.

2. To acquire a dataset for regional and national crime pattern prediction.
3. To implement a machine learning based solution for the acquired data.

4. To analyze the performance of the proposed solution using different
evaluation parameters.

16



Chapter 5

Methodology

This chapter provides a clear and detailed explanation of the dataset, the
features, the preparation of data, and the steps taken for analysis [28] as
demonstrated in Figure 5.1.

Introduction to
Crime Pattern
Analysis

Reviewing Previous Studies
and Methodologies for Crime
Pattern Analysis

Tuned Ensemble

Implementation of Proposed

| Dataset Collection and

> Technique using
Stacking Mechanism

Data Preparation
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Figure 5.1: Outline of the Thesis
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5.1 Data Collection

The dataset used for this research is a comprehensive collection of crime data
across various states and districts in India. The data encompasses a total of
143 features, each representing different sections of the Indian Penal Code
(IPC) under which crimes are categorized. These features provide detailed
information about the types of crimes committed, allowing for an in-depth
analysis of crime patterns

5.1.1 Features of the Dataset

The data collected encompassed a comprehensive set of features encompass-
ing various aspects of crime statistics that included:

1. Dependent Variable: The primary variable of interest was the to-
tal number of reported IPC crimes. This feature served as the target
variable for the machine-learning models.

2. Crime Features: The primary features of the dataset are 143 columns,
each corresponding to a specific section of the IPC. These features in-
clude:

a. Section 302 (Murder): Number of murder cases reported.
b. Section 379 (Theft): Number of theft cases reported.

c. Section 354 (Assault on Women with Intent to Outrage
Her Modesty): Number of reported cases of assault on women.

d. Section 376 (Rape): Number of reported rape cases.

e. Section 506 (Criminal Intimidation): Number of cases of
criminal intimidation reported.
And many others, covering the full spectrum of IPC crime cate-
gories.

3. Geographical Information: The dataset includes a column for ge-
ographical information, specifying the state and district where each
crime was reported. This feature is crucial for spatial analysis and un-
derstanding regional crime patterns. The format of the geographical
data is as follows:

a. State: The name of the state where the crime occurred.

b. District: The name of the district within the state where the
crime was reported.
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5.1.2 Data Sources

The data was sourced from the National Crime Records Bureau (NCRB),
a central repository for crime data within India. It is a governmental and
law enforcement database, which provides detailed records of crime statistics.
This source ensures the reliability and comprehensiveness of the data. Also,
the data source provides historical data, spanning a significant period. This
temporal dimension is crucial for building robust machine-learning models
to learn from past trends and predict future occurrences.

The time frame chosen for data collection plays a crucial role in the
model’s generalizability and ability to capture recent trends. The period
ranging from 2019 to 2022 was opted for data collection. This selection
was guided by the consideration of balancing recent trends and historical
context. The chosen time frame incorporates recent crime data, allowing the
models to learn from the latest trends and patterns. Additionally, it includes
a sufficient historical period to provide context and enable the models to
capture long-term relationships within the data.

5.2 Data Pre-processing

Following data collection, a meticulous data pre-processing phase was under-
taken to ensure the quality of the data and suitability for machine learning
analysis [29]. It is a crucial step that involves preparing the data for machine
learning analysis. This phase, known as data preprocessing, encompasses
several critical procedures designed to ensure the consistency and integrity
of the data. Here, we delve into the details of the data preprocessing steps
employed in this study.

5.2.1 Data Preparation

The raw data of NCRB for the years 2019, 2020, and 2021 were collated into
a single file for processing.

5.2.2 Data Cleaning

Real-world datasets often contain missing values, which can arise due to var-
ious reasons such as data collection errors, reporting inconsistencies, or data
source limitations. The presence of missing values can hinder the effectiveness
of machine learning algorithms, as they often rely on complete data points
for accurate training. Therefore, addressing missing values before analysis is
essential [30].
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In cases where missing values were present in a significant proportion of
the data points, rows containing missing values were removed. This decision
was made after carefully considering potential biases introduced by deletion
and the overall impact on data completeness.

5.2.3 Outlier Detection and Correction

Outliers are data points that deviate significantly from the main distribution
of the data. While outliers can sometimes provide valuable insights, their
presence can also negatively impact model performance. Extreme values can
unduly influence machine learning algorithms, leading to skewed predictions
[31].

Z-score was employed to identify potential outliers. The Z-score repre-
sents the number of standard deviations a data point is away from the mean.
Values exceeding a certain threshold (e.g., +/- 3 standard deviations) are
flagged as potential outliers. No outlier was detected in the data through
this method. However, it was found that many districts were placed in the
wrong states. These errors could significantly impact the performance and
reliability of the predictive model. The district and state mappings were
cross-checked to handle these outliers and any inaccuracies were corrected.
This step played a crucial role in ensuring the integrity of the data.

5.2.4 Data Transformation

Many real-world datasets contain categorical variables, representing data
points falling into distinct categories (e.g., district and state names). How-
ever, machine learning algorithms primarily operate on numerical data. There-
fore, it is needed to transform categorical variables into numerical represen-
tations suitable for model training [32]. Such variables were transformed into
numerical values using the label encoding technique. This technique assigns a
unique numerical integer value to each category within a categorical variable.
For instance, states are encoded as 1, 2, 3, etc., based on their alphabetical
order. This approach is simple and efficient.

5.2.5 Data Normalization

Machine learning algorithms often perform best when the data features are
scaled to a similar range. Unevenly scaled features can lead to models giving
greater weight to variables with larger scales, even if they are not inherently
more important for prediction [33]. To address this issue, the z-score method
was employed for data normalization to ensure that all features contribute
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equally to the model. This method transforms the data to have a mean of 0
and a standard deviation of 1, calculated as follows:

X —p)

7! (5.1)

o
where Z is the Z-Score, X is the original data point, p is the mean of the
data, and o is the standard deviation of the data. This normalization process
is crucial for ensuring that features with different scales do not dispropor-
tionately influence the model.

This detailed and methodical approach, as illustrated in Figure 5.2, to
data collection and preparation is fundamental to the robustness and ac-
curacy of the predictive models developed in this research. By leveraging

Training Dataset
”| (Data from 2019-2021)

Data Pre-processing

Data Collection
from National Crime > 1. Data Cleaning
Records Bureau 2. Outlier Removal
3. Data Transformation - Testing Dataset
7 (Data of 2022)
Model Evaluation through Model Training through
MAE, MSE, RMSE, and | Machine Learning
Predictive Pearson Correlation D Algorithms and Ensemble
Model Coefficient Techniques

Figure 5.2: Workflow of the Proposed Methodology

the extensive crime data encapsulated in these features, the study aims to
provide insightful analysis and reliable forecasts of crime trends.

5.2.6 Data Limitations

Acknowledging any limitations associated with the chosen data source and
collection process is essential. Here are some potential limitations to consider:

e Data Accuracy and Completeness: While we strived to utilize a
reliable and comprehensive data source, there is always a possibility of
errors or inconsistencies within the data itself.

e Temporal and Spatial Scope: The chosen timeframe (2019-2022)
and geographical scope of the data might limit the generalizability of
the findings.
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By acknowledging these limitations, the study ensures a transparent and
realistic interpretation of the research findings.

5.3 Splitting the Data into Train and Test
Sets

Before initiating the evaluation process, the dataset was segregated into two
separate tables: one for training and another for testing the machine learn-
ing model. This division aids in a structured approach to model building
and assessment. The training data table is the foundation for constructing
models, enabling algorithms to discern patterns and correlations within the
dataset. Conversely, the testing data table remains untouched during the
training phase and is exclusively utilized for evaluating the performance and
generalization abilities of the developed models. This partitioning ensures
the integrity of the evaluation procedure, facilitating a thorough examina-
tion of model effectiveness and predictive precision. In this study, data from
2019 to 2021 were combined for training purposes while data from 2022 was
set aside explicitly for testing the models. This approach allowed us to utilize
recent historical data for training and evaluate the effectiveness of the model
using the most current year’s data and also rigorously check the robustness
of the predictive model.

5.4 Model Training

Accurate forecasting and understanding of crime patterns heavily rely on
identifying the most effective regression model for estimating the number of
IPC crimes in a specific state or district or both. The regression models
employed in this study are explored below.

5.4.1 Multiple Linear Regression (MLR)

MLR is a foundational statistical technique for predicting the outcome of a
response variable by considering the influence of multiple explanatory vari-
ables. In the context of crime prediction, the response variable would be the
total number of reported crimes, while the explanatory variables encompass
geographical characteristics [34].

The primary goal of MLR is to establish a model that captures the linear
relationship between the independent variables and the dependent variable
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(crime count). The mathematical formula for MLR is:
Y = Bo+ BiXy + BoXo+ ...+ BuXn te (5.2)

Y represents the predicted output (crime count), By through [, represent
the regression coefficients, X; through X, represent the predictor variables
and e represents the error term, accounting for the difference between the
predicted and actual crime count.

The process of determining the coefficients for the model involves creating
a matrix and employing mathematical techniques to calculate the optimal
values for the coefficients that enable the model to best fit the data. These
coefficients indicate the strength and direction of the relationship between
each independent variable and the dependent variable.

5.4.1.1 Strengths of MLR for Crime Prediction

e Interpretability: MLR offers a high degree of interpretability. The
regression coefficients provide insights into the direction and strength
of the relationship between each independent variable and the crime
count. This allows researchers to understand how specific factors con-
tribute to crime patterns.

e Simplicity: MLR is a relatively simple and well-understood statistical
technique. This makes it accessible to researchers with varying levels
of statistical expertise and facilitates the explanation of model results
to a broader audience.

e Computational Efficiency: The computational cost of training an
MLR model is relatively low compared to more complex models. This
makes it suitable for large datasets and enables rapid model develop-
ment and evaluation.

5.4.2 Ridge Regression

Ridge regression is a statistical technique categorized as a regularization
method. It addresses the issue of overfitting in machine learning models
by adding a penalty term to the cost function. This penalty term reduces
the magnitude of regression coefficients, ultimately preventing overfitting and
improving the model’s ability to generalize to unseen data [35].

The mathematical formula for ridge regression is:

Y =B+ 5iXs+ BoXo+ .+ B X0 + N|B]? + € (5.3)
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Y represents the predicted output (crime count), By through [, represent
the regression coefficients, X; through X,, represent the predictor variables,
A represents the regularization parameter, ||3||* represents the sum of the
squared coefficients, penalizing models with large coefficients and € represents
the error term.

The regularization parameter A controls the strength of the penalty im-
posed on the coefficients. A higher A\ value leads to a more substantial
penalty, shrinking the coefficients further and reducing the model’s com-
plexity. Finding the optimal value for A involves a process of model selection
and evaluation using techniques like cross-validation.

5.4.2.1 Strengths of Ridge Regression for Crime Prediction

e Overfitting Prevention: Ridge regression effectively addresses the
issue of overfitting by shrinking the regression coefficients. This is par-
ticularly beneficial for datasets with many features or when the training
data might not perfectly represent the real world.

e Improved Generalizability: By reducing model complexity, ridge
regression can enhance the model’s ability to perform well on unseen
data. This is crucial for real-world applications of crime prediction
models.

e Computational Efficiency: Similar to MLR, ridge regression is a
computationally efficient technique. This allows for faster model devel-
opment and evaluation, especially when dealing with large datasets.

5.4.3 Least Angle Regression Least Absolute Shrink-
age and Selection Operator (LARS-LASSO)

LARS (Least Angle Regression) and LASSO (Least Absolute Shrinkage and
Selection Operator) are closely connected techniques employed in linear re-
gression, particularly valuable for combating data overfitting and feature
selection. LASSO is known for its shrinkage capability, where it imposes an
L1 penalty to shrink some regression coefficients toward zero, effectively con-
ducting variable selection. On the other hand, LARS is an iterative algorithm
that efficiently computes the solution path for several regression methods in-
cluding LASSO, especially for high-dimensional data. It is particularly effi-
cient because it involves a stepwise process that moves the coefficients toward
their least squares values in a direction equiangular to each one’s correlations
with the residual. Both methods leverage the computational strategies of the
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least angle regression technique, making them practical for scenarios where
traditional regression models fail due to high dimensionality [36].

P

J=Bo+ Pras+ Pama+ -+ Byry + A IB| (5.4)
j=1

y is the predicted output, By, 51,82, -+, B, are the regression coefficients,

x1,T2, - ,T, are the predictor variables, A is the regularization parameter,

and Zle |5, is the sum of the absolute values of the coefficients, penalizing

large coefficients.

LASSO and LARS are powerful tools to extract valuable insights from
complex data. They can identify the factors influencing trends or risks,
providing valuable insights for informed decision-making. LASSO simplifies
models by selecting the most important features. By selecting informative
features, LASSO and LARS can help refine and improve the accuracy of the
results. This is valuable in areas where interpretability is critical.

5.4.4 Orthogonal Matching Pursuit (OMP)

Orthogonal Matching Pursuit (OMP) is a machine learning algorithm that
helps models efficiently learn and represent complex data using only the
most essential features. It works by carefully selecting the most correlated
input elements, one by one, to build a sparse representation that captures
the underlying patterns. The orthogonal property ensures these selected
features are independent and the residual error is minimized at each step,
making OMP an efficient way to approximate the data using a concise set of
critical components. By leveraging OMP, machine learning models can focus
on the truly relevant information, leading to more accurate, compact, and
interpretable representations - a valuable asset in real-world applications.

OMP is particularly valuable in scenarios with high-dimensional data
(many features). It excels at identifying the most informative features from
complex data. It helps avoid the curse of dimensionality. It iteratively selects
the feature that contributes most to reducing the residual error, leading to
a sparse representation with only the essential components. This sparse
representation makes it easier to understand which features drive the model’s
predictions, enhancing interpretability. This reduces computational cost and
model complexity.

OMP’s greedy selection process may not always find the absolute optimal
solution. This is because it assumes the features (dictionary) are nearly
incoherent, meaning they are not highly correlated with each other. If the
features are highly correlated, OMP might struggle to differentiate between
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them and could select redundant features [37]. However, it is computationally
efficient and often produces excellent results in practice.

The tuning parameters for the machine learning models used in the cur-
rent study are tabulated in Table 5.1.

Table 5.1: List of Machine Learning and Ensemble Models and their
Optimal Parameters

S.No. Model Tuning Parameters
1 MLR fit_intercept=True; n_jobs=-1; max_iter=1000; tol=0.0001
2 Ridge fit_intercept=True; max_iter=1000; tol=0.0001
3 LARS-LASSO method=lasso; intercept=True; standardize=True; use_gram="True
4 OMP fit_intercept=True; normalize=True; tol=1e-15

5.4.5 Proposed Ensemble Approach

The stacking ensemble method is a neat way to improve predictions by com-
bining the strengths of multiple individual models. The working of the pro-
posed stacking-based ensemble approach is as explained below:

Step 1: Create multiple individual models. We begin by defining and
training three base models My, My, and M3 on the training data.

Step 2: Train each model. Each base model is trained independently on
the same training dataset X.

Step 3: Generate meta-features. Once the base models are trained, they
are used to make predictions on the training data X. These predictions form
the meta-features for the meta-learner.

Xmeta = [M1 (), My(z), M3(z)] (5.5)

Step 4: Train the meta-learner. The meta-learner M, is trained using
these meta-features X 1o and the true labels y.

Step 5: Make the final prediction. The trained meta-learner combines
the predictions from the base models to make the final prediction.

?J - Mmeta<Xmeta) (56)

Combining all these steps, the stacking-based ensemble formula is:

§ = Mueta(My(2), My(x), Ms(x)) (5.7)

The algorithm of the proposed stacking ensemble approach is explained in
Table 5.2.
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Table 5.2: Algorithm for the Stacking Ensemble Approach

Input: | List of base models, X (training data), and y (true labels)
Output: Stacking Ensemble model that combines predictions from base model
" | using a meta-learner
Step 1: Define the "StackingEnsembleModel’ class:
" | Initialize the class by providing a list of base models and a meta-learner.

Step 2: Define a ’fit” method:

Train each base model using the training dataset X and the true labels y.

Inside the ’fit’ method, utilize each base model to make predictions on the
Step 3: | training data X.

Gather these predictions to create a new dataset of meta-features.
Step 4: Within the fit’ method, after generating the meta-features, train the meta-

" | learner using these meta-features and the true labels y.

Define a 'predict’ method:

Use the base models to make predictions on new data X.
Step 5: | Generate meta-features from these predictions.

Utilize the trained meta-learner to make the final prediction based on meta-

features.

Create an instance of the ’StackingknsembleModel” by providing the preferred
Step 6:

base models and meta-learner.

Use the ’fit” method of the ’StackingEnsembleModel’ instance to train the model
Step 7: ..

on the training data X and y.
Step 8: | Call the 'predict’ method, providing the new data X.

5.4.5.1 For District-wise Analysis

A stacking-based ensemble method that integrates multiple linear regression,
ridge regression, and orthogonal matching pursuit is proposed to improve
the accuracy of district-wise crime predictions. This approach leverages the
strengths of each model to build a more robust and precise prediction system.
Multiple linear regression is the baseline model, providing a straightforward
predictive framework. Ridge regression minimizes overfitting, ensuring the
model generalizes well to new data. Orthogonal matching pursuit is used
for its capability to select the most relevant features, enhancing the model’s
predictive power. By combining these three techniques, the aim is to achieve
superior performance in predicting district-wise crime [38].
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5.4.5.2 For State-wise Analysis

This technique combines the strengths of multiple linear regression, ridge re-
gression, and lasso least angle regression to create a robust model for state-
wise analysis. Each model is trained on the same dataset but with different
regularization parameters. The predictions from each model are then com-
bined using a weighted average, where the weights are determined by the
model’s performance on a validation set. This approach can improve the ac-
curacy and robustness of the predictions by leveraging the strengths of each
model [38].

5.4.5.3 For both District and State-wise Analysis

To enhance the overall analysis accuracy, a stacking-based ensemble method
integrates multiple linear regression, ridge regression, and lasso least angle
regression. This approach combines the strengths of each model to create a
robust and accurate prediction model. By using multiple linear regression
as a baseline, ridge regression to reduce overfitting, and lasso least angle
regression to select relevant features, the better predictive performance is
achieved in overall analysis [38].

Figure 5.3 demonstrates the working procedure of the proposed approach.
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Results and Discussions

The machine learning and ensemble techniques were applied to the NCRB
data of the year 2022 and the performance of the proposed approach was
evaluated using the various evaluation parameters discussed below.

1. R-Square (R?):
The R-square is widely used as a statistical metric to test the suitability
of a regression model. This measure evaluates how well the curve of the
regression model fits with the training data. It is given by the formula:

S5
S Stot

R =1 (6.1)
where 5.5, means the sum of squared residuals, merely a cumulative
summation of the squared difference between observed and predicted
values. At the same time, S5, represents the total sum of squares
deviation between observed values and mean. It should be noted that
R-squared can be negative, which means that in some cases, the regres-
sion curve performs worse than an average line. R-squared generally

ranges from 0 to 1, with higher values implying better-fitting regression
models [39].

2. Mean Squared Error (MSE):
MSE is a statistical tool that measures the performance of a model by
computing the average difference between foreseen and real values. It
is an error measurement function that estimates square errors, giving
a complete picture of the accuracy of models. Smaller MSE indicates
better performance of models because it indicates that data points are
concentrated in one place and have fewer errors [40]. The formula is

30
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given below:

1
MSE = n Z(yz —pi)° (6.2)
i=1
where:
y; is the 7" observed value.
p; is the corresponding predicted value for ;.
n is the number of observations.

3. Root Mean Squared Error (RMSE):

The Root Mean Squared Error (RMSE) is a popular metric used to
measure the average discrepancy of models by comparing estimated
and observed values. Squaring the residuals, averaging their sum, and
calculating the square root are involved in its computation. RMSE is
sensitive to outliers and overfitting, yet at the same time, it is easy
to interpret how well the model predicts the dependent variable. Con-
sequently, it has become an essential criterion for evaluation in fields
such as forecasting [41]. The formula is given below:

n

RMSE= |+ 3" (s — p)? (63)

i=1

where:

y; is the i observed value.

p; is the corresponding predicted value for ;.
n is the number of observations.

4. Mean Absolute Error (MAE):
Mean Absolute Error (MAE) assesses regression models’ performance.
It calculates the variance between predicted and real values. To com-
pute MAE, the variances between predictions and actual results are
added and then divided by the number of errors. This measure is re-
silient to values. It offers a simple way to gauge the typical size of
errors, which explains its widespread use [41].

1 n
= lyi—pi (6.4)

i=1

where:

y; is the 7" observed value.

p; is the corresponding predicted value for y;.
n is the number of observations.
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5. Pearson Correlation Coefficient:

The Pearson correlation coefficient is a tool that assesses how two con-
tinuous variables are related, determining the strength and direction
of their relationship. It can range from -1 to +1, with -1 indicating
a negative correlation, +1 showing a strong positive correlation, and
0 suggesting no correlation. This coefficient plays a role in regression
analysis and is widely utilized to examine variable relationships and
support decision-making processes [42].

n(Xry) — ) ) (6.5)
T (o] e~ (S

r =

where:

r is the Pearson correlation coefficient.

x and y are the values of the two variables.

n is the total number of values.

> x and )y are the sums of the values of x and y, respectively.
S~ 2% and > y? are the sums of the squares of x and y, respectively.
> xy is the sum of the products of = and y.

In this research, machine learning algorithms were utilized to analyze
crime data using a comprehensive three-tier analysis, encompassing district-
wise, state-wise, and combined district and state-wise assessments to ensure
a thorough understanding of the data patterns. Initially, the historical crime
data and state information were used to predict the aggregate number of
Indian Penal Code (IPC) crimes, analyzing the relationship between aggre-
gate crime statistics and state information. Additionally, by incorporating
district-level data along with crime-related variables, the study aimed to
improve forecast precision and gather detailed information impacting crime
trends. Using information from both state and district levels, a third analysis
was conducted that combined data from both, examining how crimes were
distributed across different districts and states. This approach allowed us to
capture variations at different geographical levels, enhancing the robustness
and reliability of the findings.

6.1 State-level Analysis

The state-level crime pattern was analyzed using 2022 data to compare differ-
ent regression models for predicting IPC crimes. Each model’s performance
was evaluated using metrics like r-squared, MSE, RMSE, MAE, and Pear-
son correlation coefficient. This thorough evaluation helps us understand
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which model best fits the crime patterns across states, and the results of this
comparison are presented in Table 6.1. Table 6.1 demonstrates that the pro-

Table 6.1: Comparison of Regression Models for State-level IPC Crime

Predictions
Regression R-square | MSE RMSE MAE Pearson
Models Coefficient
MLR 0.9984 3.82E-07 | 0.00062 | 0.00034 0.995
Ridge 0.9933 1.60E-06 | 0.00127 | 0.00061 0.9948
LARS-LASSO 0.9984 0.03847 | 0.19613 | 0.10847 0.9989
Proposed 1.0 2.03E-22 | 1.42E-11 | 1.40E-11 1.0

posed model outperforms other machine learning models in predicting crime
trends. Achieving an R-squared value of 1 signifies a perfect fit demonstrat-
ing the strong predictive power and reliability of the proposed model. This
is because the extensive training data used has led to robust training results,
consistently reflected in the testing phase.

As per the predictions of the proposed model, the top ten states of India
with the highest IPC crimes are detailed in Table 6.2. It is evident from

Table 6.2: Top 10 States of India with the Highest IPC Crimes in
Decreasing Order

S.No. State / UT | No. of IPC Crimes
1 Tamil Nadu 1382668
2 Maharashtra 1102319
3 Uttar Pradesh 1061714
4 Delhi 840571
5t Madhya Pradesh 834417
6 Gujarat 794408
7 Rajasthan 633137
8 Bihar 578639
9 Andhra Pradesh 487837
10 West Bengal 473168

Table 6.2 that states such as Tamil Nadu (1,382,668 IPC crimes), Maha-
rashtra (1,102,319 IPC crimes), and Uttar Pradesh (1,061,714 IPC crimes)
lead in the total number of IPC crimes, indicating areas where law enforce-
ment efforts and crime prevention strategies are crucial. By focusing on these
high-crime states, policymakers can prioritize resources effectively to address
crime trends and enhance public safety measures across these regions.
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6.2 District-Level Analysis

To identify the most effective model for predicting crime at the district level
in 2022, a comprehensive evaluation across various districts within each state
was performed. This involved comparing different regression models using
metrics like R-squared, MSE, RMSE, MAE, and Pearson correlation coeffi-
cient. The results in Table 6.3 detail this assessment, allowing us to pinpoint
the model that best captures crime trends specific to individual districts. The

Table 6.3: Comparison of Regression Models for District-level IPC Crime

Predictions
Regression | o vare| MSE | RMSE | MAE | . earson
Models Coefficient
MLR 0.985 3.60E-07 | 0.0006 0.0003 0.996
Ridge 0.992 1.87E-06 | 0.00137 | 0.00075 0.9975
OMP 0.9891 0.26106 | 0.51094 | 0.2326 0.9944
Proposed 1.0 3.60E-22 | 1.90E-11 | 1.86E-11 0.9999

results in Table 6.3 provide substantial evidence that the proposed model
outperforms other machine learning models in predicting crime trends. The
exceptionally low MSE of 3.60E-22 and RMSE of 1.90E-11 highlight the
high accuracy and precision of the proposed model. Additionally, the MAE
of 1.86E-11 indicates minimal deviation between the predicted and actual
crime figures, while the near-perfect Pearson correlation coefficient of 0.9999
underscores the strong linear relationship between the observed and predicted
values. These metrics collectively affirm the model’s robustness and reliabil-
ity in capturing intricate crime patterns. The extensive training dataset has
facilitated the development of a model that not only performs exceptionally
well during training but also maintains its accuracy during testing phases.
In addition to the quantitative analysis, Table 6.4 offers a valuable overview
of the top seven districts in India based on the number of IPC crimes pre-
dicted by the proposed model. Table 6.4 highlights critical areas that require
focused attention and strategic law enforcement efforts. The identification of
high-crime districts such as Palwal, Chhatarpur, and Ahmedabad underlines
the necessity for targeted policies and measures to combat crime effectively
in these regions.
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Table 6.4: Top Seven Districts with Highest IPC Crimes in Decreasing

Order
S.No. District No. of IPC Crimes
1 Palwal 154531
2 Chhatarpur 152573
3 Ahmedabad 100103
4 Vyara 88356
5 Upper Siang 73875
6 Viluppuram 71454
7 Bengaluru 68763

6.3 State and District-Wise Analysis

A combined state and district-wise analysis was also conducted to compare
different regression models for predicting total number of IPC crimes. The
performance of the models was assessed using metrics such as R-squared,
MSE, RMSE, MAE, and Pearson correlation coefficient. This detailed eval-
uation helps us understand which model best captures the crime patterns,
with the comparison results presented below in Table 6.5. The state and

Table 6.5: Comparison of Regression Models for State and District-level
IPC Crime Predictions

Riﬁi‘f;‘;’“ R-square | MSE | RMSE | MAE Ciig:f; .
MLR 0.9984 | 3.78E-07 | 0.00061 | 0.00034 0.996
Ridge 0.998 | 4.70E-07 | 0.00069 | 0.00041 0.9978

LARS-LASSO | 0.9982 | 0.04178 | 0.20441 | 0.11733 0.9945
Proposed 1.0 5.02E-23 | 7.09E-12 | 3.95E-12 1.0

district-wise analysis, detailed in Table 6.5, presents a thorough examination
of crime trends across various regions in India. By leveraging a combination
of state and district-level data, the proposed model achieves an exceptional
R-squared value of 1.0, MSE of 5.02E-23, RMSE of 7.09E-12, MAE of 3.95E-
12 and a Pearson Correlation Coefficient of 1.0. These low error metrics
and perfect correlation coefficient reinforce the robustness of the model and
highlight the effectiveness of the proposed approach in accurately analyzing
and forecasting crime patterns.

Table 6.6 highlights the top 12 states in India with the highest incidences
of IPC crimes, along with their corresponding top districts by crime rate.



CHAPTER 6. RESULTS AND DISCUSSIONS 36

As per the 2022 data, Haryana emerges as the leading state, with Palwal

Table 6.6: Crime Prone States with Districts having Highest IPC Crimes in
Decreasing Order

S.No. State District No. of IPC Crimes
1 Haryana Palwal 154531
Panchkula 48804
Chhatarpur 152573
2 Madhya Pradesh Bhopal 60426
Indore 55235
Ahmedabad 112905
3 Gujarat Vyara 100103
Rajkot 58470
Upper Sian 88356
4 Arunachal Pradesh UpppeI; Subanfiri 56GTE
) Tamil Nadu Viluppuram 71851
Nagpur 65340
6 Maharashtra Ahmegélll)nagar 64424
7 Andhra Pradesh Cuddapah 63720
. Jaipur 43353
8 Rajasthan Hanuml;ngarh 38194
9 Tripura Gomati 42224
10 Assam Goalpara 34718
11 Odisha Nabarangpur 28690
12 Bihar Rohtas 27908

recording the highest number of IPC crimes of 154,531, followed closely by
Chhatarpur with 152,573 crimes making Madhya Pradesh the second highest
crime-prone state. Gujarat ranks third with Ahmedabad and Vyara as its
highest crime districts with 112,905 and 100,103 IPC crimes, respectively.
Arunachal Pradesh, Tamil Nadu, and Maharashtra also feature prominently,
underscoring the regional variations in crime patterns across India.

6.4 Comparison with State of the Art

The current study outperforms the findings of more than ten other studies,
as demonstrated in Table 6.7. This highlights the effectiveness and accuracy
of the proposed approach in crime prediction analysis. This research offers a
compelling case for the power of ensemble methods in crime prediction. By
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Table 6.7: Comparison of the Proposed Model with the Existing Studies

S.No. | Author Name (Year) Metric Score
1 Shingleton et al. (2012) [43] R?: 0.7117
2 Agarwal et al. (2018) [44] R* 0.9
3 Hashim et al. (2019) [45] R*: 0.559
4 Sangani et al. (2019) [46] R% 0.90
5 Llaha et al. (2020) [47] R% 0.82
6 Silva et al. (2020) [48] | RMSE: 0.04811
7 Obagbuwa et al. (2021) [27] R% 0.84
8 Shukla et al. (2021) [22] | RMSE: 0.01101
9 David et al. (2023) [49] R* 0.94
10 Aziz et al. (2024) [50] R*: 0.96
11 Escobedo et al. (2024) [51] R% 0.77
12 Proposed Model 1% 1.0
RMSE: 7.09E-12

leveraging the combined strengths of various machine learning algorithms,
ensemble models have the potential to significantly enhance the accuracy and
generalizability of crime prediction efforts. This, in turn, can empower law
enforcement agencies to develop more effective crime prevention strategies
and resource allocation plans. Additionally, policymakers can utilize these
insights to design targeted interventions and social programs to address the

root causes of crime.

Ultimately, the findings presented in this research

illuminate a promising path forward in the ongoing fight against crime. We
can strive towards a safer and more secure future for all by continuously
refining and improving crime prediction methodologies.



Chapter 7

Conclusion and Future Scope

This research explored the effectiveness of machine learning and, more specif-
ically, ensemble techniques in predicting crime trends. The focus was on
Indian Penal Code (IPC) crimes within a designated geographical area, uti-
lizing data from the National Crime Records Bureau (NCRB) for 2019-2022
for a comprehensive analysis.

A cornerstone of this study involved the development of a novel stacking
ensemble model. This model combined the strengths of three distinct re-
gression algorithms: linear regression, ridge regression, and lasso least angle
regression. By harnessing the collective power of these individual models, the
ensemble approach outperformed them all in terms of predictive accuracy.

Evaluations employing a diverse set of metrics namely r-squared, MSE,
RMSE, MAE, and Pearson correlation coefficient consistently confirmed the
superiority of the ensemble model. It achieved a strong correlation between
predicted and actual crime counts, accompanied by significantly lower error
rates than individual models. This robust performance signifies the effective-
ness of the ensemble model in capturing the intricate relationships embedded
within crime data.

The analysis delved into crime patterns at two crucial geographical scales
including district-wise and state-wise. This two-pronged approach offered
valuable insights into the nuances of crime across varying levels of granularity.
The district-wise analysis confirmed the ability of the model to identify lo-
calized crime patterns, highlighting its potential for targeted interventions at
the local level. Furthermore, the state-wise analysis underscored the general-
izability of the model. The consistent performance of the proposed ensemble
model across broader geographical regions reinforces its potential for appli-
cation beyond specific districts. This scalability is a significant advantage for
crime prediction efforts aiming for a broader impact.

While achieving a perfect r-squared value signifies a strong correlation,

38
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it’s crucial to acknowledge that real-world crime prediction scenarios involve
inherent complexities. These complexities might limit the achievability of
such a score in all situations. However, the consistent improvements observed
across various evaluation metrics strongly support the effectiveness of the
ensemble model.

7.1 Future Scope

No research endeavor is without its limitations. This study acknowledges the
potential influence of data limitations, such as the use of data from a specific
region and timeframe. Additionally, the inherent interpretability challenges
associated with ensemble models compared to simpler models warrant further
investigation.

Future work holds immense potential for refining and enhancing the pro-
posed ensemble model. Expanding the data scope by incorporating infor-
mation from diverse geographical regions and more recent timeframes can
bolster the generalizability and robustness of the model. Additionally, ex-
ploring techniques like feature importance analysis or explainable artificial
intelligence can provide valuable insights into the factors driving the predic-
tions of the model, enhancing its transparency.

Furthermore, integrating additional data sources such as socio-economic
data, demographic factors or other relevant factors like the unemployment
rate could potentially unlock further improvements in prediction accuracy.
Investigating alternative ensemble methods like boosting or bagging also
presents an exciting avenue for exploration.
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