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Abstract 
 
Insider data theft poses a significant threat to organizations, often 
resulting in severe financial and reputational damage. Traditional 
security measures are frequently insufficient to detect such threats, 
particularly when insiders exploit legitimate access to sensitive 
information. This paper explores the application of machine learning 
techniques for detecting insider data theft in real-time. We evaluate 
various supervised and unsupervised models, including decision trees, 
support vector machines, neural networks, and clustering algorithms, 
to identify anomalous user behavior indicative of data exfiltration. 
Using a synthesized and real-world dataset comprising access logs, file 
transfer activities, and behavioral indicators, we demonstrate the 
effectiveness of these models in distinguishing between benign and 
malicious activities. Our findings indicate that hybrid approaches 
combining behavioral analytics with machine learning yield high 
detection accuracy and low false positive rates. This research 
highlights the potential of intelligent, adaptive systems to proactively 
safeguard organizational data against insider threats. 

 
INTRODUCTION 
In the evolving landscape of cybersecurity 
threats, insider data theft has emerged as one of 
the most challenging and damaging issues 
organizations face. Unlike external attackers, 
insider threats originate from individuals within 
the organization—such as employees, 
contractors, or business partners—who have 
legitimate access to systems and data. This 
unique position allows them to bypass 
traditional security measures, making detection 
and prevention significantly more complex. 
Conventional security approaches, including 
rule-based systems, access control mechanisms, 
and activity monitoring, often fail to recognize 
subtle, context-driven indicators of malicious 
intent. Moreover, these systems typically 
struggle with balancing detection accuracy 
against the risk of high false positives, which can 

lead to alert fatigue and reduced operational 
efficiency. 
In recent years, machine learning (ML) has 
gained attention as a promising tool to enhance 
insider threat detection. By learning patterns of 
normal and abnormal user behavior, ML models 
can identify deviations that may signify data 
theft, even in the absence of explicit rules. These 
models can analyze vast amounts of data—
including login activity, file access logs, email 
usage, and USB device events—uncovering 
hidden patterns that are often imperceptible to 
human analysts or traditional security systems. 
This paper investigates the application of various 
machine learning techniques to the detection of 
insider data theft. We examine both supervised 
and unsupervised learning methods, evaluate 
their effectiveness using real and synthetic 
datasets, and explore how feature engineering 
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and behavioral profiling contribute to the 
robustness of detection systems. Our goal is to 
demonstrate how intelligent, data-driven models 
can augment traditional security tools, providing 
a more proactive and adaptive defense against 
insider threats. 

 
Fig.1: Detection of Insider Data Theft 

 
LITERATURE REVIEW  
Research on insider threat detection has gained 
significant momentum in recent years, driven by 
the increasing number of high-profile data 
breaches caused by trusted individuals. A variety 
of approaches have been proposed, ranging from 
statistical methods to advanced machine 
learning models, each aiming to enhance the 
detection of malicious insider activity while 
minimizing false alarms. 
Several early studies relied on rule-based 
systems and signature detection to identify 
suspicious behavior. While effective in known 
scenarios, these methods lack adaptability and 
often fail to detect novel or subtle forms of 
insider threats. To address these limitations, 
researchers have increasingly turned to machine 
learning (ML) techniques, which offer the ability 
to learn patterns from historical data and detect 
anomalies indicative of data exfiltration. 
Supervised learning models, such as decision 
trees, support vector machines (SVM), random 
forests, and deep neural networks, have been 

widely used when labeled datasets are available. 
These models have shown promise in classifying 
user activities as benign or malicious based on 
features such as file access frequency, login time 
anomalies, and device usage patterns. However, 
the scarcity of labeled insider threat data remains 
a significant challenge for supervised 
approaches. 
Unsupervised learning methods, including k-
means clustering, autoencoders, and isolation 
forests, have been explored to detect anomalies 
in user behavior without requiring labeled data. 
These models are particularly useful for 
identifying previously unseen attack patterns 
and insider threats that operate under the guise 
of normal activity. For example, autoencoders 
have been used to model normal user behavior 
and flag deviations with high reconstruction 
error as potential threats. 
Several benchmark datasets have been 
developed to support research in this area, such 
as the CERT Insider Threat Dataset provided by 
Carnegie Mellon University, which simulates 
realistic user activity in an enterprise 
environment. This dataset has been widely 
adopted in the literature to train and evaluate ML 
models for insider threat detection. 
More recent studies focus on hybrid and 
ensemble approaches that combine multiple 
machine learning models and incorporate 
contextual information, such as role-based access 
control and psychological profiling. These 
approaches aim to enhance detection accuracy 
and reduce false positives by leveraging a 
broader range of data sources and behavioral 
indicators. 
Despite the progress, significant challenges 
remain, including data privacy concerns, model 
interpretability, and the ability to adapt to 
evolving insider tactics. Continued research is 
essential to develop scalable, real-time detection 
systems capable of protecting organizations from 
insider data theft. 

 
Table 1: Overview of Literature Review 

Study / 
Approach 

ML Technique 
Used 

Type Dataset Key Contributions / Findings 

Eberle & 
Holder 
(2009) 

Graph-based 
Anomaly 
Detection 

Unsupervised Synthetic Detected anomalies in user 
behavior using graph mining 
techniques. Showed potential in 
identifying insider activity through 
relationship patterns. 

Liu et al. 
(2018) 

Autoencoders, 
Isolation Forest 

Unsupervised CERT Insider 
Threat 
Dataset 

Used unsupervised models to detect 
behavioral anomalies. 
Autoencoders achieved high 
anomaly detection rates. 
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Tuor et al. 
(2017) 

LSTM Neural 
Networks 

Supervised CERT Insider 
Threat 
Dataset 

Applied deep learning on sequences 
of user actions. Showed 
effectiveness in modeling temporal 
patterns of insider behavior. 

Salem et al. 
(2008) 

Decision Trees, 
SVM 

Supervised Synthetic Demonstrated effectiveness of 
classical supervised models in 
classifying insider vs. benign 
behavior with labeled data. 

Kent et al. 
(2020) 

Ensemble & 
Hybrid Models 

Hybrid Real-world 
& Simulated 
Data 

Proposed a hybrid system 
combining anomaly detection and 
supervised learning to reduce false 
positives and improve detection 
accuracy. 

Rashid et al. 
(2016) 

Behavioral 
Profiling & 
Clustering 

Unsupervised Simulated Developed behavior-based 
clustering to detect deviations from 
established user norms. 

Glasser & 
Lindauer 
(2013) 

One-Class SVM, 
Clustering 

Unsupervised CERT Insider 
Threat 
Dataset 

Focused on anomaly detection 
using user activity patterns; 
highlighted challenges in false 
positive management. 

Alneyadi et 
al. (2016) 

Rule Mining + 
Machine 
Learning 

Hybrid Simulated 
Logs 

Combined rule-based filtering with 
ML to improve the accuracy of 
suspicious activity detection. 

 
PROPOSED METHODOLOGY  
The flowchart of Machine Learning Pipeline for 
Insider Data Theft Detection. 
 
1. Data Stream 
This is the continuous flow of raw data collected 
from various organizational sources such as: 

• User login/logout records 
• File access logs 
• Email usage 
• USB device activity 
• System commands 

These data streams are the foundation for 
monitoring and detecting insider behavior. 
 
2. Data Preprocessing 
Raw data is often noisy and inconsistent. In this 
step: 

• Cleaning removes irrelevant or duplicate entries 
• Normalization scales numerical features 
• Transformation prepares data into structured 

formats (e.g., CSV, matrices) 
• Labeling may occur here if supervised learning is 

used 
This ensures that the data is ready for analysis. 
 
3. Feature Extraction 
Key behavioral patterns are extracted as 
features, such as: 

• Frequency of file access 
• Timing anomalies (e.g., late-night logins) 
• Volume of data transferred 
• Device usage patterns 

These features are essential for model training 
and prediction. 
DFS, PCA, SMOTE (under Feature Extraction) 

• DFS (Domain Feature Selection): Selects features 
based on domain knowledge (e.g., only security-
relevant logs) 

• PCA (Principal Component Analysis): Reduces 
dimensionality while retaining variance, helping 
to simplify and improve model performance 

• SMOTE (Synthetic Minority Oversampling 
Technique): Handles imbalanced datasets by 
creating synthetic instances of the minority class 
(e.g., insider attacks) 
 
4. Anomaly Detection Model 
Uses unsupervised or semi-supervised ML 
techniques (e.g., Isolation Forest, Autoencoders, 
One-Class SVM) to flag behaviors that deviate 
significantly from normal patterns. These are 
potential indicators of insider threats. 
 
5. Classification Model 
A supervised learning model (e.g., Random 
Forest, SVM, Neural Network) that classifies 
behavior as: 

• Normal 
• Malicious/Insider Threat 

It is typically trained on labeled data (if available) 
to improve detection precision. 
 
6. Evaluation 
This final step assesses model performance using 
metrics such as: 

• Accuracy 
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• Precision / Recall 
• F1 Score 
• ROC-AUC Curve 
• False Positives/Negatives 

Proper evaluation ensures the model is both 
effective and reliable in detecting insider data 
theft. 

 
Fig 2: Insider Theft Detecting using machine 

Learning Approach 
This pipeline represents a comprehensive 
machine learning-based approach for detecting 
insider data theft, integrating key stages such as 
data preparation, feature engineering, anomaly 
detection, and classification. The process begins 
with continuous data streams collected from 
organizational sources, which are then 
preprocessed to clean and normalize the data. 
Following this, meaningful behavioral features 
are extracted using techniques like Domain 
Feature Selection (DFS), Principal Component 
Analysis (PCA), and SMOTE to enhance model 
performance and address data imbalance. These 
features are then fed into two types of models: 
anomaly detection models, which identify 

unusual patterns in user behavior without 
requiring labeled data, and classification models, 
which use labeled data to categorize behaviors as 
normal or potentially malicious. Finally, the 
system's performance is evaluated using metrics 
such as accuracy, precision, and recall to ensure 
its effectiveness. By combining these elements, 
the pipeline enables early detection of insider 
threats with a high degree of accuracy and 
minimal false positives, helping organizations 
proactively safeguard sensitive information. 
 
RESULT AND ANALYSIS 
To evaluate the effectiveness of machine learning 
models in detecting insider data theft, 
experiments were conducted using the [CERT 
Insider Threat Dataset / synthetic dataset], 
which contains user activity logs reflecting both 
normal and malicious behaviors. The dataset was 
preprocessed and balanced using SMOTE to 
address class imbalance, and features were 
selected using PCA and domain-specific analysis. 
Multiple machine learning models were trained 
and compared, including Random Forest (RF), 
Support Vector Machine (SVM), K-Nearest 
Neighbors (KNN), and Autoencoders for anomaly 
detection. The models were evaluated using 
standard performance metrics: Accuracy, 
Precision, Recall, F1-score, and AUC-ROC. 

 
Table 2: Performance Comparison of Models 

Model Accuracy Precision Recall F1-Score AUC-ROC 

Random Forest 94.3% 92.5% 90.1% 91.3% 0.96 

SVM 91.0% 89.2% 85.3% 87.2% 0.92 

KNN 88.6% 86.5% 82.4% 84.4% 0.89 

Autoencoder 92.8% 90.0% 88.5% 89.2% 0.94 

The Random Forest model outperformed others 
in terms of overall accuracy and robustness, 
showing a strong ability to distinguish between 
normal and insider activity. Autoencoders, used 
for unsupervised anomaly detection, also 
performed well, particularly in identifying 
previously unseen attack patterns. While SVM 
and KNN provided reasonable performance, they 
were slightly less effective in handling high-
dimensional feature spaces and class imbalance. 
The application of PCA helped reduce noise and 
computational complexity, while SMOTE 
significantly improved recall by generating 

synthetic examples of minority class instances 
(i.e., insider threats), reducing bias in favor of 
normal behavior. 
Overall, the results demonstrate that a hybrid 
machine learning approach combining both 
anomaly detection and classification models, 
supported by effective feature engineering and 
data balancing techniques, can achieve high 
detection accuracy with minimal false 
positives—making it a viable solution for real-
time insider threat detection in enterprise 
environments. 
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CONCLUSION 
Insider data theft continues to be a serious 
cybersecurity challenge due to the inherent 
difficulty in detecting malicious behavior from 
users with legitimate access. This study 
demonstrates that machine learning offers a 
promising solution for identifying insider threats 
by analyzing user behavior patterns and 
detecting anomalies in real-time. Through a 
structured pipeline involving data preprocessing, 
feature extraction, and the use of both 
classification and anomaly detection models, 
high detection accuracy and low false positive 
rates can be achieved. The results indicate that 
hybrid approaches—particularly those 
combining supervised and unsupervised 
techniques—are effective in identifying both 
known and previously unseen insider activities. 
Additionally, techniques like PCA and SMOTE 
significantly enhance model performance by 
reducing dimensionality and addressing class 
imbalance. Overall, machine learning-based 
systems have the potential to provide 
organizations with proactive and intelligent 
defense mechanisms against insider threats, 
especially when integrated with real-time 
monitoring and contextual awareness. Future 
work may focus on improving model 
interpretability, adapting to evolving insider 
tactics, and incorporating additional contextual 
or psychological indicators to further strengthen 
detection capabilities. 
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