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Abstract: Ransomware attacks have emerged as one of the most
devastating cyber threats facing organizations worldwide, with
global damages exceeding $20 billion annually and attack
frequencies increasing by over 150% in recent years. Traditional
signature-based detection methods have proven insufficient against
the evolving sophistication of ransomware variants, which now
employ advanced encryption algorithms, polymorphic code, and
fileless attack techniques. This research paper investigates the
application of machine learning (ML) and artificial intelligence
(Al) techniques for ransomware detection and prevention in
enterprise network environments. The study examines various ML
approaches including supervised learning algorithms such as
Random Forest, Support Vector Machines, and Deep Neural
Networks, as well as unsupervised methods like clustering and
anomaly detection. Through comprehensive analysis of behavioral
patterns, file system activities, network traffic, and API call
sequences, this research identifies key indicators of compromise
that enable early ransomware detection before encryption occurs.
The findings demonstrate that ensemble machine learning
approaches achieve detection rates exceeding 98% with false
positive rates below 2%, significantly outperforming traditional
signature-based methods. This research contributes to the
cybersecurity field by providing a comprehensive framework for
implementing Al-driven ransomware defense mechanisms.
Keywords — Ransomware, Machine Learning, Artificial
Intelligence, Cybersecurity, Intrusion Detection, Deep Learning,
Behavioral Analysis, Endpoint Security, Threat Detection,
Network Security.
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I. INTRODUCTION

Ransomware represents a class of malicious
software designed to deny access to computer
systems or data by encrypting files and demanding
payment for decryption keys. The first known
ransomware, the AIDS Trojan, appeared in 1989,
but the threat has evolved dramatically over the past
three decades. Modern ransomware operations have
transformed from isolated criminal activities into
sophisticated, organized cybercrime enterprises
with business models resembling legitimate
software-as-a-service operations. Ransomware-as-
a-Service (RaaS) platforms have lowered the barrier
to entry for cybercriminals, enabling even
technically unskilled attackers to launch devastating
campaigns.

According to recent cybersecurity reports,
ransomware attacks increased by 105% in 2024
compared to the previous year, with the average
ransom demand exceeding $1.5 million. High-
profile attacks have targeted critical infrastructure,
healthcare systems, educational institutions, and
government  agencies, causing  widespread
disruption and significant economic losses. The
Colonial Pipeline attack in 2021 demonstrated the
potential for ransomware to affect essential services
and national security.

Traditional ransomware detection methods
primarily rely on signature-based approaches that
identify known malware patterns. However, these
methods face significant limitations against modern
ransomware variants. Cybercriminals increasingly
employ polymorphic and metamorphic techniques

that alter code structures while maintaining
functionality, effectively evading  signature
detection. ~Machine learning and artificial

intelligence have emerged as promising approaches
for addressing these limitations. ML-based systems
can identify ransomware through behavioral
analysis rather than relying on static signatures,
enabling detection of previously unknown variants.

A. Research Problem

Despite the potential of machine learning for
ransomware detection, several critical challenges
remain unresolved. Current ML-based detection
systems face difficulties in achieving the optimal
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balance between detection accuracy and false
positive rates. The dynamic nature of ransomware
presents ongoing challenges for machine learning
models, as developers continuously adapt their
techniques to evade detection. The research
problem encompasses three primary dimensions:
identifying the most effective ML algorithms and
feature sets; developing strategies for minimizing
false positives while maintaining high detection
rates; and establishing practical frameworks for
integrating Al-powered detection into enterprise
security architectures.

B. Research Objectives

The primary objective of this research is to
develop and evaluate a comprehensive machine
learning framework for ransomware detection and
prevention. Specific objectives include: (1)
analyzing and comparing the effectiveness of
various ML algorithms including Random Forest,
SVM, Neural Networks, and ensemble methods; (2)
identifying optimal feature sets from behavioral
analysis, file system monitoring, and API call
sequences; (3) evaluating ML-based detection using
comprehensive metrics including detection rate,
false positive rate, precision, recall, Fl-score, and
processing latency; (4) developing strategies for
integrating Al-powered detection with existing
SIEM and EDR infrastructure; and (5) assessing
ML model resilience against adversarial attacks.

I1. BACKGROUND AND LITERATURE REVIEW

C. Evolution of Ransomware Threats

Young and Yung [1] trace the historical
development of ransomware from early proof-of-
concept implementations to modern cryptographic
attacks, identifying three distinct generations: first-
generation scareware relying on social engineering

without actual encryption; second-generation
crypto-ransomware employing symmetric
encryption; and third-generation ransomware

utilizing advanced asymmetric encryption and
command-and-control infrastructure. Kharraz et al.
[2] conducted one of the first comprehensive
analyses of ransomware behavior through dynamic
analysis of 1,359 malware samples, establishing the
basis for behavioral-based detection approaches.
O’Kane, Sezer, and McLaughlin [3] examined the
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operational characteristics of major ransomware
families including CryptoLocker, WannaCry, and
Petya, revealing increasingly sophisticated evasion
techniques.

D. Machine Learning in Cybersecurity

Buczak and Guven [4] provided a comprehensive
survey of ML and data mining methods applied to
cyber intrusion detection, concluding that ensemble
methods combining multiple algorithms typically
achieve superior performance. Ucci, Kaan, and
Durante [5] conducted a systematic review of ML
approaches for malware detection, revealing that
API call sequences, opcode sequences, and
behavioral features consistently demonstrate high
predictive value. Vinayakumar et al. [6] evaluated
deep learning architectures for cybersecurity,
demonstrating that LSTM networks achieve
superior performance for sequential data such as
system call traces and network traffic patterns.

E. Behavioral Analysis and Deep Learning

Continella et al. [7] developed ShieldFS, a
ransomware-aware filesystem monitoring /O
operations to detect encryption activities in real-
time, achieving 100% detection rate with zero false
positives. Scaife et al. [8] proposed CryptoDrop, an
early-warning system based on monitoring file
system changes that detected ransomware within
seconds of execution. Rhode, Burnap, and Jones [9]
developed an LSTM network for -early-stage
ransomware detection using system API calls,
achieving 92% detection accuracy with an average
detection time of 8.4 seconds. Zhang et al. [10]
developed a hybrid CNN-LSTM architecture
achieving 99.1% accuracy with a false positive rate
of 0.8%, representing state-of-the-art performance.

I11.

F. Datasets

MATERIALS AND METHODS

This research utilizes multiple publicly available
datasets. The CICAndMal2017 Dataset contains
426 ransomware samples and 5,000 benign
applications representing major families including
Locky, Cerber, WannaCry, and Petya. The Malicia

Project Dataset contains 11,960 Windows
executable files, including 2,600 ransomware
samples with detailed behavioral logs. A
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supplementary  VirusTotal dataset of 3,500
ransomware  samples  representing  variants
identified between 2022 and 2024 ensures

evaluation of modern evasion techniques. The NSL-
KDD dataset with 125,973 training records is used
for evaluating network-based detection approaches.

G. Study Design and Feature Extraction

This research employs an experimental study
design with a quantitative approach. The
methodology follows a systematic pipeline
comprising data collection and preprocessing,
feature extraction, model training and validation,
performance evaluation, and comparative analysis.
A stratified 10-fold cross-validation approach was
employed to ensure robust evaluation. Static
features (2,996 features including PE header, API
imports, string patterns, and opcode N-grams) and
dynamic features (1,150 features including API call
sequences, file system activity, network activity,
and registry operations) were extracted. Feature
selection using mutual information scoring yielded
a final set of 500 features, reducing processing
latency by 35% while maintaining 99.2% of full-set
accuracy.

H. Machine Learning Algorithms

Six algorithms were implemented and evaluated.
Random Forest (RF) used 200 estimators with
maximum depth 20. Support Vector Machine (SVM)
used an RBF kernel with C=1.0. Gradient Boosting
(XGBoost) used 150 estimators with learning rate
0.1. A Convolutional Neural Network (CNN)
consisted of three convolutional layers (64, 128,
256 filters) with dropout regularization. A Long
Short-Term Memory (LSTM) network used two
stacked LSTM layers (128 and 64 units). The
Hybrid CNN-LSTM combined both architectures,
processing static features through CNN and API
call sequences through LSTM, with outputs
concatenated through shared dense layers for final
classification.

IVv.

I Overall Model Performance

Table [ presents comprehensive performance
metrics for all six models. The Hybrid CNN-LSTM
achieved the highest accuracy at 98.7%, followed

RESULTS
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by XGBoost at 97.8% and Random Forest at 96.4%.
The Hybrid CNN-LSTM also recorded the highest
precision (98.9%) and recall (98.5%), with the
lowest false positive rate at 1.2%. SVM exhibited
the highest false positive rate at 5.2%, reflecting
greater difficulty in  distinguishing benign
applications from certain ransomware variants.
AUC-ROC scores ranged from 0.942 (SVM) to
0.995 (Hybrid CNN-LSTM).

TABLE I

PERFORMANCE METRICS FOR MACHINE LEARNING MODELS

Model Acc. Prec. Recall FPR AUC-

(%) (%) (%) (%) ROC

RF 96.4 97.1 95.8 2.5 0.982

SVM 93.5 94.2 92.8 5.2 0.942

XGBoost 97.8 98.2 97.5 1.8 0.988

CNN 95.2 96.3 94.5 3.6 0.972

LSTM 94.8 95.5 94.1 3.8 0.968

Hybrid 98.7 98.9 98.5 1.2 0.995

J. Feature Importance Analysis

Feature 1rnp0rtance analy51s con51stent1y

identified dynamic behavioral indicators as the
most predictive features. WriteFile API frequency
ranked as the most important feature (8.42%
average importance), followed by RegSetValueEx
API count (7.85%) and CryptEncrypt API calls
(7.21%). Static features including PE section
entropy (5.72%) and import table size (4.91%) also
contributed significantly, though generally below
dynamic behavioral indicators. The top five features
all derived from runtime behavioral analysis,
validating the behavioral analysis paradigm over
static signature inspection.

K. Processing Latency and Adversarial Robustness

The SVM demonstrated the lowest processing
latency at 12 ms per sample, while the Hybrid
CNN-LSTM required 245 ms. Under adversarial
attack conditions, Random Forest demonstrated the
highest robustness with only 5.5% average accuracy
degradation, compared to 12.9% for CNN models.
Detection time analysis revealed a critical insight:
the Hybrid CNN-LSTM’s 4.2-second average
detection time prevented encryption of 95% of
protected files, while models requiring 10+ seconds
allowed 15-25% file encryption before intervention.

V. DISCUSSION

L. Interpretation of Findings

https://ijctjournal.org/

The superior performance of the Hybrid CNN-
LSTM model (98.7% accuracy, 1.2% FPR)
validates the hypothesis that combining static and
dynamic feature analysis through complementary
deep learning architectures achieves state-of-the-art
detection. The strong performance of ensemble
methods, particularly XGBoost (97.8%) and
Random Forest (96.4%), supports prior research
regarding the effectiveness of ensemble approaches
for cybersecurity applications [4][5]. The superior
adversarial robustness of tree-based methods can be
attributed to their decision boundary characteristics,
which are less susceptible to gradient-based
perturbations than the smooth boundaries learned
by neural networks.

M. Practical Implications

For cybersecurity practitioners, the comparative
analysis provides evidence-based guidance for
technology selection. Organizations requiring
maximum detection accuracy should consider
hybrid deep learning architectures, while those
deploying endpoint protection across large
resource-constrained ~ environments may  find
ensemble methods (XGBoost, Random Forest)
more practical. Integration testing confirmed that all
top-performing models can be deployed within
existing SIEM and EDR infrastructures with alert
generation accuracy of 96.2-98.8% and minimal
impact on network bandwidth. The dominance of
behavioral features strongly supports the industry
shift toward Zero Trust Architecture and continuous
behavioral monitoring.

N. Limitations

Several limitations must be acknowledged.
Datasets were primarily collected from public
research repositories and may not fully represent
the sophistication of nation-state actor ransomware.
The sandboxed execution environment may not
fully replicate production enterprise complexity,
and anti-sandbox techniques in advanced samples
could produce incomplete behavioral profiles. The
experimental scope was limited to Windows
executable files, restricting generalizability to
cross-platform variants. The adversarial robustness
evaluation addressed only two attack scenarios and
assumed white-box model access. Performance
measurements on high-specification hardware may
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not directly translate to resource-constrained

enterprise endpoints.

VI

This research investigated the application of
machine learning and artificial intelligence for
ransomware detection and prevention in enterprise
network environments. The Hybrid CNN-LSTM
model achieved the highest overall performance
with 98.7% accuracy, 98.9% precision, 98.5%
recall, and a false positive rate of only 1.2%,
substantially outperforming traditional signature-
based methods. Ensemble methods (XGBoost:
97.8%, Random Forest: 96.4%) provided strong
practical alternatives offering superior adversarial
robustness and lower computational overhead.

The critical finding that detection latency directly
determines protection outcomes — with sub-5-
second detection preventing 95% of file encryption
— has immediate practical implications for security
system design. The dominance of dynamic
behavioral features, particularly API call sequences
related to file operations and cryptographic
functions, reinforces the paradigm shift from static
signature-based security to continuous behavioral
monitoring. Future research should investigate
continuously adaptive ML models, multi-modal
detection architectures fusing additional data
sources, explainable Al techniques for security
transparency, and federated learning for privacy-
preserving collaborative defense.

CONCLUSION
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