
Journal of Science & Technology 
By The Science Brigade (Publishing) Group  182 
 

 
JOURNAL OF SCIENCE & TECHNOLOGY  

Volume 3 Issue 2 – ISSN 2582-6921 
Bi-Monthly Edition | Mar – Apr 2022 

This work is licensed under CC BY-NC-SA 4.0. View complete license here 

System Malware Detection Using Machine Learning for Cybersecurity 

Risk and Management 

Iqra Naseer 

Cyber Security IT Consultant, Doha, Qatar 

 

Abstract 

In the context of the relentless increase in the velocities and complexities of cyberattacks, 

malware remains one of the major cybersecurity threats that organizations, individuals, and 

governments are facing. Traditional signature-based detection systems can’t keep up with 

evolving zero-day threats. The focus of malware detection in this study is to enhance it using 

machine learning algorithms. With machine learning models, automatically analyzing vast 

volumes of data can pick malicious patterns and allow the evolution of such in real-time by 

matching the pace with emerging threats. The work contributes to showing that machine 

learning-based malware detection systems enhance both the accuracy of detection and 

resistance to new malware variants. These adjuncts reduce cybersecurity risks. The challenges 

of reducing false positives are also discussed in the work, with suggestions for optimized 

feature extraction methods that enhance the performance and scalability of the system. 
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Feature extraction 

Introduction 

Most of the cyberattacks are now turning out to be genuinely sophisticated, where malware 

is considered one of the most nagging threats for digital infrastructures. Traditional methods 

of malware detection, like signature-based systems, have become inadequate for the detection 

of modern malware variants that change at high speed (Akhtar & Feng, 2022; Handa, Sharma, 

& Shukla, 2019). ML provides a solution for the analysis of the big datasets in real time to 

identify malicious patterns. This paper reviews the use of Machine Learning algorithms to 
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detect previously unknown malware strains and their implication on cybersecurity risk 

management. 

Problem Statement 

It is getting tougher as malware attacks keep outpacing most of the traditional mechanisms 

of detection. Signature-based malware detection systems are becoming somewhat weaker in 

their attempt to try and keep novel malware at bay, especially zero-day exploits. Additionally, 

the increasing volume of data being exchanged online makes real-time detection of malware 

quite challenging (Jakka, Yathiraju, & Ansari, 2022). It is for this reason that machine learning-

based detection systems offer an adaptive approach to cybersecurity threats, enabling the 

detection of certain patterns or anomalies which in another way may remain unnoticed in 

traditional methodologies. This research reviews the importance of embedding ML 

algorithms in malware detection systems as a means of improving cybersecurity resilience. 

Literature Review 

The increasing sophistication of cyber-attacks has driven significant interest in machine 

learning-based approaches to malware detection. More traditional signature-based systems 

for detection rely on predefined rules and known malware signatures; these have failed to 

keep pace with modern threats, especially zero-day vulnerabilities (Shaikh et al., 2024). 

However, it is here that the most striking alternative can be provided by machine learning, 

which grants the possibility of operating with huge volumes of data and detecting yet-

unknown strains of malware by detecting suspicious patterns and behaviors in real time. 

Many different studies have been conducted on the use of ML for cybersecurity, especially in 

malware detection. Apruzzese et al. (2023) observe that since ML algorithms are adaptable, 

such systems can also detect new malware variants. This remains one of the crucial 

requirements because malware is evolving rapidly. Their work has also focused on feature 

engineering, whereby main features like byte sequences, execution behaviors, and code 

patterns get extracted from the dataset to enhance machine learning model performance. 

Similarly, the model has been found to curb false positives, which is the biggest challenge in 

malware detection systems. 

https://thesciencebrigade.com/?utm_source=ArticleHeader&utm_medium=PDF
https://thesciencebrigade.com/jst/?utm_source=ArticleFooter&utm_medium=PDF
https://jadr.thelawbrigade.com/policy/creative-commons-license-policy/


Journal of Science & Technology 
By The Science Brigade (Publishing) Group  184 
 

 
JOURNAL OF SCIENCE & TECHNOLOGY  

Volume 3 Issue 2 – ISSN 2582-6921 
Bi-Monthly Edition | Mar – Apr 2022 

This work is licensed under CC BY-NC-SA 4.0. View complete license here 

Different machine learning models have been tested for efficiency in malware detection, such 

as random forests and support vector machines (Bharatiya, 2023). Even though these models 

performed well in earlier tests, recent studies show that deep learning models, especially 

DNNs, give better accuracy in the detection of zero-day threats (Muneer et al., 2023). 

However, this comes with considerable computational costs, and most of the critics argue that 

deep learning lacks interpretability feature apt in providing insights into how the decisions 

have been made. Despite the different advances that machine learning has achieved in 

malware detection, there are still a set of challenges that need to be overcome, such as quality 

datasets, frequent retraining of the models, and high computational costs (Kaushik et al., 

2022). Integrating new technologies, for example, blockchain and explainable AI will further 

improve the trade-off between performance and transparency in the future. Generally 

speaking, ML offers a dynamic, scalable approach toward tackling modern malware threats 

and improving cybersecurity resilience. 

Methodology 

The research employs a systematic approach that includes data collection, feature 

engineering, choosing a model, validation, training, and assessment. 

Data Collection: Publicly available malware datasets, such as Malware Bazaar, Virus Share, 

and the Malware Capture Facility Project, were utilized to collect both malware samples and 

benign files for training (Akhtar & Feng, 2022). These datasets provide a diverse collection of 

malware strains, enabling the training of robust ML models. 

Feature Engineering: Malware detection accuracy. The features extracted from the datasets 

include byte patterns, execution behavior, and code structures (Apruzzese et al., 2023). This 

approach ensures that the machine learning models are trained on the most relevant data to 

enhance detection precision. 

Model Selection: These included different decision trees, machines, random forests, support 

vector and even deep neural networks. Each model, however, needed training with the 

malware sets to provide results on how effective they could be in malware variant detection, 

specifically on zero-day vulnerabilities. 
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Evaluation Metrics: Evaluated the models for performance metrics such as accuracy, 

precision, recall, F1-score, and false positive rate. For the entire system's reliability, special 

emphasis has to be given to detecting zero-day malware along with reducing false positives. 

 

Figure 1: Malware Detection Methodology 

Results and Discussion 

These machine-learning models improved the accuracy of malware detection beyond that 

achieved by traditional signature-based systems. Among these, deep neural networks and 

random forests showed particular effectiveness in zero-day vulnerability detection. Feature 

engineering played an important role, as it was a means of reducing false positives, one of the 

biggest problems in most malware detection approaches. 

Model Performance Comparison 

In context to to provide a clear representation of the results, we present a summary of the 

performance metrics for different machine learning models, recall, and F1-score, including 

accuracy, precision, and false positive rate. The following table summarizes the key findings: 
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Table 1: Performance comparison 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Decision Tree 89.5 87.4 88.0 2.1 

Random Forest 94.2 92.7 93.1 1.6 

Support Vector Machine 90.8 89.3 89.6 2.4 

Deep Neural Network 96.3 95.1 95.4 1.2 

 

Analysis of Results 

As seen in Table 1, the random forest model achieves 94.2% accuracy, while the deep neural 

network (DNN) model leads the chart with 96.3%. They outperform the traditional machine 

learning models of decision trees and support vector machines in terms of accuracy and F1 

score. The deep neural network (DNN) algorithm that most effectively demonstrates its 

capacity to correctly categorize files as benign or hazardous has the lowest false positive rate 

(1.2%).  In terms of accuracy and F1 score, both perform better than the conventional machine 

learning models of decision trees and support vector machines. The DNN model with the 

lowest false positive rate (1.2%), best illustrates its ability to accurately classify files as benign 

or harmful. 

However, this is still at the mercy of available computational resources, since deep learning 

models’ training normally requires a great urge in computational powers. Apart from that, 

interpretability is still an open issue in this context, with” black-box” models like deep neural 

networks being far less transparent compared to more interpretable models such as decision 

trees. The results notwithstanding, these challenges imply that machine learning can enable 

malware detection systems to iteratively get more adaptive and scalable solutions, especially 

in zero-day vulnerability detection. Further works may continue enhancing the 

interpretability of deep learning models and computational efficiency (Shaikh et al., 2024). 
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Challenges and Limitations 

Poor or available datasets are considered to be some of the major challenges in this work. 

Machine learning algorithms have high requirements regarding data volume and quality, 

whereas small datasets bring about a reduction in model performance. Deep learning 

algorithms are usually black-box models; hence, interpretation is hard about how decisions 

are derived. This is because cyber threats are continuously changing, and thus a need for 

continuous retraining. The last one would be the high computational costs of training and 

deployment, which probably confine the applicability of deep learning models only to large 

organizations. 

Conclusion 

The current study indicates the effectiveness of machine learning procedures to further 

improve malware detection-especially zero-day vulnerabilities. The incorporation of machine 

learning into security structures improves resilience and flexibility in detecting malware 

systems. Improvement in the interpretability of models with reduced computational 

overhead, while training deep learning models is left for future work. The research also 

explains how feature engineering is key to minimizing false positives, so the systems can be 

reliable in real-life applications. 

Future Work 

The integration of blockchain technology, cloud computing, and big data analytics with 

machine learning-based malware detection to enhance performance and security is a possible 

direction for further research. This may be followed by the use of explainable AI techniques 

to enhance interpretability in deep learning models. 
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