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Abstract— With the continuous rise in computer tech, 

programmers and hacking occurrences are expanding and require 

additional security requests. Malware has been an extraordinary 

torment for computer clients around the world. Big organizations 

have gone into gigantic misfortunes due to an escape clause in 

security. In the current world of technology, Machine learning is 

considered a long-standing time and the foremost capable concept 

in innovation. The point is to utilize the machine learning concept 

and construct a show using gathering calculations that can be 

prepared effectively to identify malware in a framework. This 

extension is around the comparative consideration of standard 

machine learning and crossbreed calculations to determine how 

much effect a crossbreed machine learning calculation can have in 

distinguishing malware from traditional machine learning 

algorithms. In this study, we employ different machine-learning 

algorithms to detect malware. Our results show that Random 

Forest outperformed other machine learning algorithms with 

accuracy and average precision of 98% and 92%, respectively. 

These outcomes are crucial as malware becomes more prevalent 

and advanced.  

Keywords— Malware detection, Machine Learning, Random 

Forest. 

I. INTRODUCTION 

Cybersecurity against threats such as malware encompasses 
a range of safeguards and procedures intended to thwart, 
identify, and alleviate the risks posed by harmful software 
(malware) such as viruses, worms, Trojans, ransomware, and 

spyware [1, 2]. Its objective is to prevent the unauthorized access 
and compromise of computer systems, networks, and data [3]. 
Cybersecurity involves using several tactics, including antivirus 
software, intrusion detection systems, firewalls, and user 
education, to protect digital assets and ensure information 
integrity, availability, and confidentiality [4, 5]. Cybersecurity 
is crucial in protecting against malware as it is a vital defence 
mechanism in our highly interconnected digital society. 
Cyberattacks can disrupt operations, compromise sensitive data, 
and cause significant financial and reputational harm to 
individuals, organizations, and governments [6]. It plays a 
crucial role in protecting digital ecosystems by preserving 
privacy, mitigating data breaches, and ensuring the 
uninterrupted operation of vital services, making it an essential 
component. Malware is any software meant to harm one 
computer, server, or network at a time. The attack environment 
has expanded and become a problem, threatening users' privacy, 
as the Internet has increased and heterogeneous devices have 
been connected over the network [7]. Signature-based detection 
cannot detect current malware since it is either polymorphic or 
metamorphic [8]. Detecting and eradicating malware has gotten 
increasingly challenging since it is so readily available on the 
Internet. Anti-detection methods are freely available, making it 
possible for anybody to launch an attack or malicious program 
without prior knowledge. They're adopting practices that allow 
them to quickly upgrade to a newer version so they don't get 
caught.[9]. Machine learning has had a significant and 
transformative effect on several industries, including 
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cybersecurity. Malware detection modules analyze the data they 
have gathered and been educated on to ascertain whether a 
particular program or network connection presents a security 
risk. The array contains the numbers 10 and 11. Imagine a 
machine learning system that can openly communicate the 
fundamental principles behind the patterns it has identified. 
Machine learning algorithms may enhance their predictive 
capability by receiving feedback on their performance in past 
tasks and adjusting appropriately. The number 12 is enclosed in 
square brackets. 

The demand for a new detection technology is very urgent. 
Machine learning approaches can significantly improve system 
safety. Machine learning algorithms can classify malware as 
infected or legitimate. 

As a result, machine learning algorithms such as Decision 
Tree, Random Forest, XG Boost, and CatBoost were proposed 
in this study for malware detection. 

The article is organized in the following sequence. Section 2 
elaborates on previous studies in malware detection using 
machine learning techniques. Section 3 delineates the materials 
and methodologies used, whereas Section 4 elucidates the 
results and conclusions derived. Furthermore, Section 5 
encompasses a thorough analysis of current models, followed by 
the formulation of findings and the presentation of suggestions 
for future research avenues. 

II. RELATED WORKS 

Various methods for detecting malware have been 
developed in response to the rise in malicious software activity. 
Scientists use various big data technologies and machine 
learning methods to identify dangerous code. Conventional 
machine-learning techniques for detecting malware take a 
significant amount of time to analyze, but they can accurately 
identify new and developing malware.  

Ji et al. [10] propose SigPID, a malware detection method 
that utilizes permission use analysis to address the growing 
prevalence of Android malware. SigPID employs machine 
learning algorithms to categorize various types of malware and 
harmless applications accurately. The findings demonstrated 
that a support vector machine classifier attained a precision, 
recall, accuracy, and F-measure of 90%.  

Dhalaria and Gandotra (2013) propose a hybrid approach to 
identify and categorize Android malware. The suggested 
methodology combines static and dynamic analysis approaches 
to detect malicious apps and organize them into distinct malware 
families. Machine learning models were built to identify 
malware and classify families by extracting information from 
Android applications' static and dynamic behaviours. The hybrid 
technique has been shown to be helpful in reliably identifying 
and classifying Android malware, making a valuable 
contribution to mobile security and helping to avoid harmful 
activity on Android devices.  

Akhtar & Feng [14] used machine learning methods to 
discern and detect malware. The authors demonstrated the 
feasibility of identifying unauthorized traffic on computer 
systems and enhancing network security by using the results of 

malware analysis and detection via machine learning techniques 
to calculate the variation in correlation symmetry integral.  

Guan & Li [15] provide an ensemble learning system that 
uses dangerous permissions as features to train a classifier to 
assess the presence of malware in a mobile application. The 
performance of the suggested model was evaluated for malware 
detection using a collection of real-world Android app datasets, 
including both harmful and benign applications. The outcomes 
of their methodology unequivocally demonstrate that the model 
can efficiently identify malware with a high level of precision.  

Chowdhury, Rahman & Islam [16] provide a complete 
framework that utilizes data mining and machine learning 
classification approaches to identify and categorize dangerous 
software. The purpose of this framework is to safeguard 
sensitive data from harmful attacks. The author utilizes a strong 
and effective method for classifying and detecting malware by 
examining signature and anomaly-based characteristics. 

In this paper, we focus on analyzing the performance of 
machine learning classifiers to achieve robust and accurate 
malware detection. 

III. MATERIALS AND METHODS 

This section presents the various processes and components 
for malware detection in a typical machine-learning workflow. 
The proposed research methodology of this study is given in 
Fig.1. 

 

Fig. 1. Proposed Framework. 

A. Data Collection and Processing 

The initial stage of the model training is the collection of 
large datasets, which were acquired from Kaggle. Machine 
learning models will perform poorly for severely imbalanced 
data if they are fed labelled data from a minority class. Synthetic 
minority over-sampling technique SMOTE was used to balance 
the dataset. 

B. Cross Validation 

 For machine learning models to perform correctly with 
actual data, they must be resilient. According to the process of 
determining whether numerical results characterizing 
hypothesized relationships between variables are acceptable as 
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descriptions, known as validation, the model must be free of bias 
and variation. Cross-validation is critical in developing a robust 
machine-learning model that can generalize to new datasets. We 
employed K-fold cross-validation to balance an imbalanced 
dataset and include all data points in the training phase rather 
than a random portion as in standard splitting methods. 

C. Performance Evaluation 

1. Accuracy: Accuracy measures the overall correctness 

of our model's predictions. It is the ratio of correctly 

classified instances to the total cases. 

 

Accuracy =   
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠
   × 100 

 

2. Precision: Precision quantifies the proportion of 

correctly predicted positive instances (phishing 

emails) out of all the cases indicated as positive. 

    

Precision = 
True Positives

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+False Positives
    × 100 

 

IV. RESULTS AND DISCUSSION 

The study is implemented using a Python programming 
language in the Jupiter Notebook environment. Four machine 
learning models were used in this study. The models are decision 
tree (DT), random forest (RF), XGBoost and CatBoost. After the 
experiment, the proposed models, DT, RF, XG Boost and 
CatBoost, achieved an impressive accuracy of 0.97, 0.98, 0.96 
and 0.96, respectively, as shown in Table 1. 

The ML models also demonstrated a high precision of 0.87, 
0.92, 0.86, and 0.89, indicating that they were highly likely to be 
correct when they predicted any malware. 

 

TABLE I.  Models Performance Evaluation 

Model Accuracy Precision PR Value 

DT 0.97 0.87 0.85 

RF 0.98 0.92 0.92 

XGBoost 0.96 0.86 0.98 

Catboost 0.96 0.89 0.90 

 

Table 1 compares four machine learning models - Decision 
Tree (DT), Random Forest (RF), XGBoost, and Catboost - 
concerning their performance metrics: accuracy, precision, and 
PR value. 

The Decision Tree (DT) model has a high level of accuracy, 
achieving a score of 0.97. It also exhibits strong precision, with 
a value of 0.87. However, the PR (Precision-Recall) value is 
somewhat lower at 0.85. This implies that while DT 
demonstrates reliability and inaccurate predictions, it may have 
some constraints in its ability to retain information. 

The Random Forest (RF) model has exceptional 
performance, achieving the most remarkable accuracy (0.98) 

and precision (0.92) compared to other models. It also performs 
a PR value of 0.92, which is consistent with the precision score. 
This suggests a robust equilibrium between accurately 
forecasting positive instances and the ratio of real positives. 

XGBoost has somewhat lesser accuracy (0.96) and precision 
(0.86) but distinguishes itself with the most outstanding PR 
value (0.98). The high PR score indicates exceptional accuracy 
in detecting positive occurrences among the real positive 
situations.  

Catboost demonstrates constant performance, achieving an 
accuracy of 0.96, a precision of 0.89, and a PR value of 0.90. 
This presents a reasonable approach in terms of both overall 
accuracy and precision in forecasts. 

The study results were also evaluated using precision-recall 
curves in Figures 2 to 5. 

 

 

(a) 

 

(b) 
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(c) 

 

 
(d) 

Fig. 2. Precision-recall Curve for the Models implemented. 

 

V. CONCLUSION 

In conclusion, this article comprehensively explores the 

development of a malware detection model using machine 

learning techniques. Amidst the escalating malware threats, the 

research delves into various machine learning algorithms – 

Decision Tree, Random Forest, XGBoost, and Catboost – to 

discern their effectiveness in identifying malware. The study 

stands out in its systematic approach, employing data 

collection, preprocessing, and cross-validation to enhance the 

model's robustness. The results reveal that Random Forest 

outshines others in accuracy and precision, underscoring its 

potential in cybersecurity applications. This work contributes 

significantly to malware detection and paves the way for future 

research in the domain, particularly in refining and advancing 

machine learning methodologies for cybersecurity. 
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