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Abstract

Ransomware attacks are increasingly sophisticated,
evading traditional signature-based detection. This study
proposes a machine learning approach using API call data
to analyze dynamic program behavior. A Random Forest
classifier processes features from temporal intervals, API
call frequencies, and sequential patterns to distinguish
ransomware from benign software.

The model achieves over 95% accuracy by capturing
behavioral dynamics rather than static signatures, making
it resilient against obfuscation techniques. Integrated into
a Flask-based web application, it enables real-time,
interactive detection.

Key strengths include scalability, handling high-
dimensional data, and ensemble learning robustness. By
focusing on behavioral analysis, this approach effectively
identifies evolving ransomware variants, offering
cybersecurity professionals a practical, automated tool for

early threat detection and mitigation.

1.INTRODUCTION

Ransomware has emerged as a critical cybersecurity
threat,
encrypting data and demanding ransom. Advanced

targeting individuals and organizations by
variants employ polymorphism, encryption, and dynamic
execution to evade traditional signature-based detection,
necessitating smarter, behavior-driven approaches.
Dynamic analysis through API call monitoring offers a
promising detection foundation. API call patterns reveal
execution flows, exposing ransomware-characteristic
behaviors such as repetitive file encryption, registry
modifications, and abnormal process creation. However,
high dimensionality and temporal complexity make
analysis challenging.

This project proposes a Random Forest classifier trained
on temporal features extracted from API call sequences,
including time intervals, call frequencies, and sequential
patterns. This enables accurate differentiation between
benign and malicious software. The solution is deployed
as a Flask web application, allowing authenticated users

to input feature data and receive real-time classification
results.

By combining ensemble learning with behavioral
analysis, the system delivers a scalable, adaptive
framework for early ransomware detection, strengthening
cybersecurity resilience against continuously evolving
threats

2. LITERATURE REVIEW

Ransomware detection has increasingly shifted toward
behavioral and dynamic analysis approaches. Roohi
(2023) demonstrates that API call sequences and system
interactions effectively identify obfuscated and unknown
ransomware variants through machine learning classifiers
including Random Forest and Support Vector Machines.

Song (2023) reinforces this by showing that Windows
API call frequency and sequence patterns, processed
through Random Forest models, achieve high precision
even when code obfuscation is present. Singh (2024)
further advances this by incorporating temporal features
such as inter-call intervals and frequency distributions,
demonstrating that temporal

analysis significantly

improves ransomware classification accuracy.

Zuba (2024) compares Random Forest against deep
learning models, concluding that Random Forest offers
comparable accuracy with faster training and inference,
making it ideal for real-time deployment. Al-Mohannadi
(2023) validates real-time applicability, showing that
ensemble-based monitoring of temporal API patterns
enables early ransomware detection before significant
damage occurs.

Collectively, these studies confirm behavioral, temporal,
and ensemble-based approaches as robust foundations for
effective ransomware detection.
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3. System Architecture

The diagram illustrates the ensemble learning mechanism
of a Random Forest classifier, demonstrating how
multiple decision trees collaborate to produce accurate
predictions.

The process begins by splitting input data into training
and testing sets. The training set is divided into multiple
subsets — Training Data 1, Training Data 2, through
Training Data n — using bootstrapping techniques. Each
subset trains an independent Decision Tree, resulting in n
individual trees operating in parallel.

Both training and testing data feed into their respective
decision trees simultaneously. Each tree independently
analyzes the input features and generates its own
classification output. These individual predictions are
then forwarded to the Voting (Aggregating) stage, where
majority voting consolidates all tree outputs.

Finally, the aggregated result produces the Prediction,
representing the most frequently occurring class across all
trees. This ensemble approach significantly reduces
overfitting, improves generalization, and enhances
classification accuracy — making Random Forest
particularly effective for ransomware detection tasks.

Training
sct

Testing
sel

Voting
(Aggregating)

Prediction

i+

4. PROPOSED METHODOLOGY

The ransomware detection system is built around six well-
defined functional modules that work collaboratively to
deliver accurate, secure, and user-friendly ransomware
classification.

User authentication forms the foundation of the system,
managing registration, login, and logout through Flask-
Login and SQLite integration. Hashed passwords and
session management ensure only authorized users can
access prediction functionalities, maintaining strict
application security throughout.

Once authenticated, interact with the data
preprocessing and feature extraction component, which
converts raw API call logs into structured inputs.

users

Temporal characteristics including call sequences,
frequency distributions, and inter-call intervals are
carefully engineered to capture behavioral patterns
distinguishing ransomware from legitimate software.
These extracted features feed directly into the model
training component, where a Random Forest Classifier
learns to differentiate malicious from benign behavior.
The trained model is persistently saved, enabling
consistent and reliable predictions whenever new inputs
are submitted by users.

The Flask-based web interface ties everything together,
offering an intuitive front-end built with HTML templates.
Seamless navigation across registration, login, prediction,
and result pages is maintained through session-based
access control, ensuring both usability and security remain
uncompromised.

At the heart of the system lies the prediction component,
which receives user-submitted feature values, applies
consistent feature scaling matching the training process,
and invokes the pre-trained model to classify software
behavior as either ransomware or benign with high
confidence.

Finally, the result display component communicates
outcomes clearly and interpretably to users. Accompanied
by appropriate feedback messages and navigation options,
it ensures prediction results are immediately
understandable, allowing users to efficiently continue
their threat assessment workflows without confusion or
disruption.

5. RESULTS AND DISCUSSION

The proposed ransomware detection system, built upon a
Random Forest classifier trained on temporal API call
features, demonstrates strong and reliable performance.
The model achieves an accuracy exceeding 95% in
distinguishing ransomware from benign software,
validating the effectiveness of behavioral and temporal
feature extraction over traditional signature-based
methods.

The system successfully captures critical behavioral
indicators including API call frequencies, sequential
patterns, and inter-call time intervals, enabling accurate
classification even against obfuscated or previously
unseen ransomware variants. The ensemble nature of
Random Forest effectively reduces overfitting while
maintaining high generalization across diverse samples.
Integration into the Flask-based web application further
confirms practical applicability, enabling real-time
predictions through an authenticated, user-friendly

interface. Overall, results demonstrate that combining
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temporal dynamic analysis with ensemble machine
learning provides a scalable, efficient, and robust
framework for early ransomware detection and mitigation
in real-world cybersecurity environments.

Ransomware detection using API call analysis
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6. Quantitative Security Analysis

The Random Forest classifier achieved over 95%
accuracy in ransomware classification, with precision and
recall rates confirming minimal false positives and
negatives. The model processed high-dimensional API
call features across temporal intervals, demonstrating a
detection rate superior to traditional signature-based
methods. Ensemble learning across multiple decision
trees reduced misclassification errors, ensuring reliable
threat
metrics  validating  the
effectiveness.

identification with measurable performance

system's  cybersecurity

7.CONCLUSION

This project successfully demonstrates the effectiveness
of machine learning, specifically the Random Forest
algorithm, in classifying ransomware through temporal
API call pattern analysis. By extracting meaningful
behavioral features from API sequences, the system
achieves high accuracy in distinguishing ransomware
from benign applications, overcoming limitations of
traditional signature-based detection methods.

The Flask-based web interface enhances practical
usability, providing
researchers an interactive, authenticated environment for

security  professionals and
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real-time threat classification. The modular architecture
ensures scalability and efficient prediction workflows,
laying a strong foundation for future development.

Looking ahead, integrating deep learning models, real-
time threat monitoring, and enriched dynamic analysis
features will further strengthen detection capabilities.
Overall, this approach validates behavioral machine
learning as a powerful, adaptable strategy for proactive
ransomware detection, significantly contributing to
advancing intelligent and resilient cybersecurity defense
systems.

8. FUTURE SCOPE

In the future, This project develops a machine learning
system detecting ransomware through temporal API call
pattern analysis. A Random Forest classifier trained on
behavioral features distinguishes benign from malicious
software, including unknown variants and zero-day
attacks. Integrated into a secure Flask web application,
the system delivers real-time classification, scalable
architecture, and a foundation for future enhancements
including batch processing, real-time monitoring, and
threat intelligence integration.
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