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Abstract

The increasing growth of cyber threats has made malware detection an important challenge in cybersecurity. This
project proposes a machine learning-based multi-class malware detection system capable of identifying malware
types such as ransomware, adware, keyloggers, rootkits, and botnets. The system uses preprocessed and normalized
feature-based data to train models including Random Forest, XGBoost, and LSTM. Comparative analysis shows that
XGBoost provides the highest classification accuracy and reliability. A Flask-based web application is developed to
provide real-time malware prediction along with preventive measures. The proposed system demonstrates the
effectiveness of machine learning, especially ensemble techniques, in enhancing malware detection and cybersecurity

protection.
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Introduction

The rapid growth of digital technologies and internet
usage has increased the risk of malware attacks,
threatening data security and system integrity.
Traditional signature-based methods are often
ineffective against new and evolving malware
variants. To address this challenge, this project
develops a multi-class malware detection system using
machine learning techniques. The system classifies
various malware types based on extracted features
after data preprocessing and normalization. Models
such as Random Forest, XGBoost, and LSTM are
implemented and compared, with XGBoost achieving
the best performance due to its high accuracy and
scalability. The final model is integrated into a Flask-
based web application that provides real-time malware
prediction along with information and preventive
measures, offering a practical solution for modern
cybersecurity needs.

Literature Review

Recent research shows that machine learning is highly
effective for ransomware and malware detection.
Mehdi Roohi (2023) and Chengyu Song (2023)
demonstrated that API call sequences and behavioral

features can accurately identify ransomware, even
when the code is obfuscated. Abhishek Singh (2024)
showed that temporal features such as API call
intervals improve detection performance. Natalia
Zuba (2024) found that Random Forest provides high
accuracy with faster execution compared to deep
learning models. Hassan Al-Mohannadi (2023)
proposed a real-time API monitoring framework for
early ransomware detection. These studies confirm
that machine learning-based behavioral analysis is a
reliable approach for modern malware detection.

Methodology

Module Names

User Authentication Module

Data Preprocessing and Feature Extraction Module
Model Training and Prediction Module
Flask-Based Web Interface Module

Ransomware Prediction Module

Result Display Module

Module Description

User Authentication Module:

Handles user registration, login, session management,
and logout to ensure secure access to the system.
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Data Preprocessing and Feature Extraction
Module:

Cleans the dataset, handles missing values, and
applies feature scaling to prepare data for model
training and prediction.

Model Training and Prediction Module:
Trains machine learning models such as Random
Forest, XGBoost, and LSTM, selects the best model,
and performs predictions.

Flask-Based Web Interface Module:
Provides a wuser-friendly web interface for
registration, login, input submission, and result
viewing.

Ransomware Prediction Module:
Uses the trained model to classify whether the input
corresponds to ransomware or other malware types.
Result Display Module:
Displays the predicted malware type along with its
description, impact, and preventive measures.

2.2 METHODOLOGIES

MALWARE PREDICTIO

M| MODULE 1: USER AUTHENTICATION

* Functions: Registration, Login, Logout

B . Validates Username/Password
* Session Management
* Restrict Unauthorized Access

(221 MODULES USED

MODULE 2: DATA
PREPROCESSING & FEATURE
EXTRACTION

Flask Web Interface
[ * Malware/Ransomware
| Prediction
I » Result Display ¢ Input Values -> Structured
! Data

MODULE 1: USER AUTHENTICATION

. Functions: Registration, Login, Logout
o Validates Username/Password

* Session Management

+ Restrict Unauthorized Access

Implementation
Algorithm: XGBoost-Based Multi-Class Malware
Detection

DATA PIPELINE & CORE ANALYTICS

EDI

Technique Used or Algorithm Used

Existing Technique

Traditional malware detection methods include
signature-based and heuristic-based techniques.
Signature-based detection identifies known malware
by matching files with stored signatures, while
heuristic-based detection analyzes suspicious behavior
patterns. These methods are effective for known
threats but struggle to detect new and evolving
malware variants.

Proposed Technique

This project uses machine learning algorithms such as
Random Forest, XGBoost, and LSTM for malware
classification. Random Forest improves accuracy by
combining multiple decision trees, XGBoost enhances
performance through boosting, and LSTM captures
sequential patterns in data. Among these, XGBoost
achieved the highest accuracy and was selected as the
final model for the system.

* Front-End (Input Form/Results)
= | « Back-End Integration

E@]

* Handles Input Values
* Ensures Smooth Interaction

1. Mode! Training & Evaluation

Techniques Compared (Section 2.3)
* Random Forest

XGBOOST (CHOSEN MODEL)
* Highest Accuracy

* Complex Interactions

® Structured Datasets

e

Pickle:

Saved Model

[E=] Predicted

¢ (lassifiesinto Malware Type|

Malware Categorie

* Focus on
RANSOMWARE
Impact

Y Impact [
=4, Assessment ||

Prevention
Measures

4. Encode malware labels using LabelEncoder.
5. Normalize feature values using
MinMaxScaler.

Algorithm: Multi-Class Malware Detection Using 6. Split the dataset into training and testing
XGBoost sets.
Input: Malware dataset containing extracted features 7. Train three models: Random Forest,

and corresponding malware class labels.
Output: Predicted malware type with description
and preventive measures.

XGBoost, and LSTM.
8. Evaluate each model using Accuracy,
Precision, Recall, and F1-Score.

Training Phase 9. Select the model with the highest accuracy
1. Load the malware dataset. (XGBoost).

2. Handle missing values and clean the data. 10. Save the trained XGBoost model, scaler, and
3. Separate input features (X) and target labels label encoder.

(y)- Prediction Phase
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User logs into the Flask web application.
User enters feature values through the input

Load the saved model, scaler, and label

15. Predict the malware class using XGBoost.
16. Convert the predicted label to the original

malware name.

17. Display the malware type, description,

encoder. impact, and preventive measures.
14. Preprocess the input using the same scaler.
START
1. USER AUTHENTICATION MODULE
1
Enter Username Enter Username
and Password and Password
e Valid - No [ Access
~~._ Credentials? - Invalid Legin
Login Successful
{Access Granted)
1
¥ ’ ¥
2. DATA PREPROCESSING AND 4. FLASK-BASED WEB
FEATURE EXTRACTION MODULE INTERFACE MODULE
Load Dataset 7 User Dashboard /
- ¥
Handle Missing Values Inpui Faahire Valtes
and Outliers
{Through Web Form)
Encode Categorical ;
Features / Submit /
Feature Scaling = |
(Normalization/ l
Standardization)
5. RANSOMWARE
/ Processed Data / - e H EREDICTION A DULE
L I H HR > Load Saved Model,
l i Scaler and Encoder
)
3. MODEL TRAINING AND ! = 7 7
PREDICTION MODULE (TRAINING) / FEpIaress nRtl
/ (Scaling)
Split Data into 2
Training and Testing Sets Saved Model Predict Using
(-pki} = Trained Model
Train Models Scaler + 3
(Random Forest, XGBoost, LSTM) Label Encoder ) Get Predicted Malware
H Type
Evaluate Models A
(Accuracy, Precision, Recall, ' i
Fi-Score) :
4 6. RESULT DISPLAY MODULE
Select Best Model / 1 3
i T Display Result
/ (XG:aost) / (Malware Type) /
/ S e 9 F Show Description, Impact
and Preventive Measures
TESTING quality control to ensure that the system is bug-free

Software testing is performed to identify errors and
verify that the machine learning-based multi-class
malware detection system functions correctly. It
ensures that the application meets user requirements,
produces accurate predictions, and operates reliably
without failures.

Developing Methodologies

A structured testing plan was prepared to validate all
modules of the system, including data preprocessing,
model prediction, user authentication, and the Flask
web interface. Testing was conducted under strict

and meets the specified requirements.

Types of Tests

Unit Testing

Each module, such as preprocessing, model loading,
and prediction, was tested individually to verify that it
produces the expected output.

Functional Testing

This testing ensured that all functions, including login,
feature input, prediction, and result display, worked
according to the requirements.

System Testing
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The complete integrated system was tested to confirm Model Precision Comparison

that all components work together correctly and 100
provide accurate results.

Performance Testing 98.4%
The system was evaluated for prediction speed,
response time, and memory usage. The XGBoost
model provided fast and efficient predictions.
Integration Testing

This testing verified smooth interaction between the
machine learning model, Flask backend, and user
interface.

Acceptance Testing

End users tested the application to ensure that the
interface was easy to use and that the predictions were
understandable and reliable.

Build the Test Plan

A comprehensive test plan was developed by dividing
the project into individual modules and testing each
module separately before integrating them. This
approach helped identify and correct errors efficiently,

9%

96.5%

Precision (26)

ensuring that the final system operates accurately and Rardom Fores s Yot
reliably. Dynamic Ransomware Detection using time-based API calling
RESULTS

The Machine Learning-Based Multi-Class Malware

Detection System was successfully developed using
Python, Flask, and machine learning algorithms such
as Random Forest, XGBoost, and TensorFlow LSTM.
After preprocessing the dataset and training the
models, XGBoost achieved the highest accuracy and
was selected as the final model.

The model was integrated into a Flask web application
that allows users to log in, enter feature values, and
receive real-time malware predictions along with
descriptions and preventive measures. Testing
confirmed that the system provides accurate, fast, and
reliable results. Overall, the project demonstrates that
XGBoost is an effective and practical approach for
detecting ransomware and other malware types.

Model Accuracy Comparison

100

98.7%

981

96.8%

%1

94.5%

Accuracy (%)

944

924

90-
Random Forest LSTM XGBoost
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Malware Detection Result

Fanily Code: 3
Attack Type: Keyooger (gh Rit)

Descrption: Records keystokes tosteal passwords andsensive ifomafion. N
Prevention: Enableto-actor authenficaion and avod raning SMS permissins. | c s

Android Malware Detection e

android perission CAPTURE_AUDIO_OUTPUT 0 No Requesed v

android permission INSTALL_PACKAGES - Nol Reguested v

android permission INTERNET 10-NotReguested v

android permission ACCESS_WIFI_STATE 10- NotRequested v

androld intentaction CALL BUTTON - NotReguested v

android permission MANAGE _APP_TOKENS - NotRequested v

android pemission SYSTEM_ALERT WINDOW [0- Not Requesed

ndilpemision €T TSKS BT Conclusion

B This project successfully developed a machine

ndroid permission WRITE_SMS 0 pested v . . .

A — learning-based multi-class malware detection system

android intentaction SENDTO 10 NotReguested v, A . .

sl O WIRE e capable of identifying malware types such as

e L T ransomware, adware, keyloggers, rootkits, and

sl ORI e botnets. Multiple algorithms, including Random

android permission FORCE_STOP_PACKAGES [0 NotRequesed v .

‘android permission INTERNAL_SYSTEM_WINDOW 0 No Requesed v ForeSt7 XGBOOST” and LSTM’ Were lmplemented a’nd

p—— T compared, with XGBoost achieving the highest
Ly T : accuracy and best overall performance.

i LT POGES s The selected model was integrated into a Flask web

e application that provides real-time predictions along

AR FRE SOP ROCES | Wl with malware descriptions and preventive measures.

android permission NTERNAL SYSTEM WINDOW [0- ol Reesedv

The system is accurate, user-friendly, and scalable,
demonstrating the effectiveness of machine learning in
modern cybersecurity and providing a practical
solution for malware detection.

onSeniceConnected -k Requesed v
bindSenvice 0-NoReqesedv.
android permisson BIND_APPWIDGET 0-NotRequesiedv.
andoid permission SET WALLPAPER HINTS  [0- Mol Reesedv

andoid permissonMODIFY PHONE STATE ~[0- ol Repesiedv
Future Scope

b g i The proposed malware detection system can be
atu s BTERSITS O enhanced by incorporating real-time analysis of
alolgensInIRIE AL SETNGS il system logs, API calls, and network traffic to improve
idprisn ECEVE 00T COWRETD i detection accuracy. Advanced deep learning models
SO0 PR i such as LSTM and Transformer-based architectures
aloiprsoRERORISS s can be used to identify more complex and evolving
Bt et malware patterns. The system can also be deployed in
A EH Hte cloud environments for better scalability and
integrated with automated alert mechanisms to notify
users of potential threats.

Additional improvements include storing prediction
history in a database, providing interactive
dashboards, and supporting mobile access.
Continuous model retraining with updated datasets
and stronger security features such as encryption and
secure authentication will further improve the system.

android pemission ACCESS_NETWORK STATE [0- et Reqsiedv
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These enhancements will make the application more
robust, scalable, and suitable for real-world
cybersecurity deployment.
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