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Abstract: This study aims to explore the application of machine learning (ML) in enhancing cybersecurity 
measures, focusing specifically on intrusion detection, malware detection, fraud detection, and anomaly 
detection systems. A systematic review of 743 scholarly papers was conducted, from which 115 were 
selected for in-depth analysis. The review process involved evaluating advancements in ML techniques 
within the context of cybersecurity. The findings reveal that ML-driven systems significantly enhance 
the automation of security processes, improve the recognition of novel threats, and reduce human error 
in cyber threat management. However, challenges such as adversarial attacks and the need for high-
quality model training pose significant barriers to the broader adoption of ML in cybersecurity. The study 
discusses the implications of these findings, emphasizing the necessity for developing robust and adaptive 
ML models that can withstand adversarial threats while improving integration across various 
cybersecurity applications. The insights gained from this research provide a comprehensive overview of 
the potential benefits and challenges of implementing ML in cybersecurity, highlighting the need for 
continuous innovation in threat detection mechanisms. This review acknowledges limitations such as the 
predominance of literature from Western contexts, potentially overlooking insights from other regions. 
Furthermore, the complexity of implementing ML systems in dynamic cyber environments remains a 
critical challenge. Future research should concentrate on refining ML algorithms to enhance resilience 
against adversarial threats, exploring the integration of emerging technologies for improved 
cybersecurity, and addressing gaps in the existing literature regarding the life cycle of ML models in real-
world applications. 
Keywords: Cyber threat detection, Cybersecurity, Data security, Information security, Machine learning, Malware detection, 
Systematic review. 

 
1. Introduction  

According to Niknami & Wu (2024), ML is a part of Artificial Intelligence (AI), it is a system to 
learn from huge amount of data, detect the threats and take an intelligent decision. ML has become 
progressively popular and at present used in various field like computer vision, social media platform, 
mobile networks and cybersecurity and it provides a promising solution in information security (Anzum 
et al., 2024). The research gap of this topic is that lack focus on predictive behaviors in evaluations of ML 
model and also no study has considered all ML software and hardware life cycle stages. Another gap is 
that detection of phishing website attacks in information security solving by ml (Dasari & Samanta, 2024). 

According to Jo (2020), ML algorithms are gradually more effective in certain scheme. Machine 
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learning (ML) algorithms can be considered into four types: supervised, unsupervised, semi- supervised 
and reinforcement learning. Supervised learning algorithms use labeled training data to make predict 
outcomes or make decisions. In information security, supervised learning is especially valuable as it can be 
trained to identify patterns linked to both legitimate and malicious activities (Liu et al., 2024). 
Unsupervised learning algorithms aim to uncover hidden patterns or inherent structures in data without 
using predefined labels. In information security, unsupervised learning is particularly valuable for anomaly 
detection where the aim is to identify unusual patterns that might indicate malicious activity or other 
security incidents. Semi- supervised learning algorithms leverage both labeled and unlabeled data to 
improve learning precision, allowing models to use a small amount of labeled data along with a larger pool 
of unlabeled data to enhance the learning process (Lyubchyk, & Yamkovyi, 2022). 

Bhuiyan et al., (2024) stated that Machine Learning (ML) is now widely available and accessible to 
organizations of all sizes. ML applications serve purposes that were unimaginable just a few years ago. 
From the perspectives of system security, privacy and public safety, ml introduces both opportunities and 
challenges for various applications. This review paper mainly focuses on the study of data security using 
machine learning technologies. We are also describing how ml algorithms can be applied in information 
security and ml techniques and challenges also addressed (Nanath, & Rahman, 2022). 

Kaigorodtsev & Kaigorodtseva (2020) In the digitalization era, technology became essential across all 
sectors, offering numerous conveniences and accessibilities. However, it also introduced several problems, 
such as privacy concern, security vulnerabilities, and the potential for misuse. Balancing these benefits and 
challenges is crucial for the responsible use of technology. Ensuring the security was very robust for the 
systems developer because the attackers were developing progressively. Every digital process and social 
platform engendered gigantic data. Attack strategies are rapidly evolving to bypass generic signature-
based defenses, similar to advancements in web and mobile technologies (Hossain et al., 2024). ML 
techniques offered promising solutions due to their ability to adapt quickly to new and unknown situations, 
making them suitable for addressing these complex challenges. A variety of securities issues were being 
used in ML techniques (Gupta et al., 2023). 

According to Rahman et al. (2024), An excessively limited focus on assessing ML models based only 
on decontextualized predictive behaviors, ignoring other essential model properties, was one of the major 
research gaps in the field of machine learning. Furthermore, there needed to be a stronger focus on finding 
zero-hour or freshly created phishing website attacks, which necessitated more study and implementation 
of machine learning and deep learning methods (Bhuiyan et al., 2023). Furthermore, a comprehensive 
overview of the variables influencing the greenhouse gas (GHG) emissions generated by ML models was 
lacking, as were the decisions made regarding hardware and software design (Park & Kim, 2023). Milon 
et al. (2024) stated that there was a lack of research on machine learning's unintended effects on user 
autonomy and hardware lifetime (Bhuiyan et al., 2024). The different actors in ML Ops also frequently 
communicated with one another too late in the solution design process and lacked synchronization. The 
communication gap between domain experts and AI experts was a frequent problem (Meng, 2024). 

Again, Meng (2024) in terms of challenges, researchers had typically talked about them to inspire more 
research as opposed to providing concrete answers. While some difficulties were unique to particular sites 
or datasets, others showed up during model implementation. Only a few of the typical difficulties were 
discussed (Kostaki & Karayianni, 2021). Zhou & Zou (2023) even in the absence of complete explain ability, 
transparency in the model development and validation processes including the clear reporting of model 
uncertainties were essential to creating trustworthiness (Bhuiyan, 2023). Furthermore, substantial 
resources were frequently needed for training, internet access, software, and other computational and 
technical necessities, as well as for collecting and using big data and machine learning. Nevertheless, this 
was primarily accurate in a limited number of worldwide locations. To support comparable research efforts, 
other regions needed better infrastructure and better access to resources, as indicated by the fact that most 
of the studies in this review were from Western Europe and China (Chi et al., 2023). Based on the research 
gaps, the following research objectives are given below: 

RO1: To define our study's scope by researching a machine learning-based, dynamically enhanced, 
automated, and advanced security system. 

RO2: To offer a thorough understanding of machine learning algorithms that are helpful for intelligent 
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data automation and analysis in cybersecurity. 
RO3: To examine the barriers that must be overcome to fully apply machine learning techniques for 

increasing security and efficiency. 
 
2. Literature Review 

Faraji et al. (2024) conducted this literature review, which studied the existing research, theories, 
and thesis papers on machine learning (ML) in information security. this paper represented how ML 
was used for security, the applications of algorithms in machines, and discussed the advantages and ideas 
related to these applications. 
 
2.1. Machine Learning 
 

 
Figure 1. 
ML in cybersecurity. 

 
According to Bhuiyan et al. (2024), The scheme of ML formed a conclusive model which indicated 

the data. the algorithms of ML inquired in many enclosures, functioning as fraud detection, credit 
assessment, speech and image recognition, and neural networks. It Generated a significant advancement, 
extension buried of healthcare, finance, transportation and more unlocked up to date for research and 
innovation alongside ML. machine learning (ML) has numerous robust and statistical tactics for 
predictive motives, algorithms in general were supervised and unsupervised learning (Wang et al., 
2023). Cracking unremarkable current troubles, network security was an altering sphere. Cyberattacks 
alluded to abusive ventures that quarried electronic information systems, networks and skeletons. their 
intension was to thieve, revise, destroy information.  

ML engineers operated exploratory data analysis in order to extract meaningful insights from their 
data (Niknami & Wu, 2024). They could use it to develop models that appropriately reflected their data 
and made well informed judgments (Pasrija et al., 2024). about it. ML techniques played a vital role in 
intrusion detection systems, malware detection, phishing detection, decision trees, Bayesian approaches, 
artificial neural networks were the grouping of ML algorithms. The information security in ML was 
mostly disposable for the industrial sector, networking systems, and electronic transactions (Niknami & 
Wu, 2024). ML became more accessible, leading to its use in various new applications. Machine learning 
(ML) presents both opportunities and challenges in the realms of cybersecurity, privacy and public 
safety. While it can improve privacy and security measures, it also brings risks such as opaque decision 
making, biased algorithms and safety vulnerabilities, which complicate traditional privacy protection 
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methods. (Bertino et al., 2023). 
 
2.2. ML in Information Security 

According to Milon et al. (2024), ML in information security employed algorithms and models that 
acquire knowledge from data from to detect, examine, and counteract cyber threats. Information security 
was essential as it safeguarded sensitive data, systems and networks from unauthorized access, breaches 
and various threats. Automation has become more crucial for security teams as cyber threats grow in 
complexity prevalence. common hazards included malware, phishing, ransomware, Dos, and zero-day 
attacks. Traditional defense measures were often flawed, and many detection methods still depend on 
manual analysis, making it difficult to identify advanced threats (Padole et al., 2024). However, ML, ml 
surpassed human capabilities in recognizing patterns and making security decisions. As a result, 
intelligent decision-making using ML for automation has become a viable solution to meet the security 
demands of dynamic network systems (A & P M, 2023). 
 
2.3. Intrusion Detection Systems 

Niknami & Wu (2024) stated that in computer security systems, intrusion detection systems were 
a verified clarification for monitoring events. They used machine learning (ML) to expose the latest 
types of attacks and abnormalities, with the model using a tree-based approach alongside these crucial 
attributes. Adversarial ML, where attackers manipulated ML models, was a major concern, requiring 
ongoing research and innovation to keep ML based security solutions robust against evolving cyber 
threats. Data persistence was crucial for software systems, with data privacy being vital throughout the 
lifecycle of modern systems. Security needed to both cover hardware and software aspects, but ML 
introduced unique challenges, particularly in managing data quality due to model uncertainty. Ensuring 
data quality was essential for protecting ML based systems from data-oriented attacks, both during 
design and runtime (Singhal, 2024). 
 
2.4. Threat detection 

In designing the information security, cyber defense mechanisms encompassed a variety of 
strategies, technologies and practices (Islam & Bhuiyan, 2022). Advanced threat detection was one of 
them. With the rapid advancement of technology and the increasing reliance on digital systems, 
advanced threat detection and defense mechanisms became necessary to identify, mitigate, and respond 
to these evolving threats effectively. through this, vulnerabilities were discovered (Rose et al., 2022). 
The evolution of security mechanisms, particularly in the context of threat detection, progressed. 
Initially, threat detection machines relied on manually defined rules and elements. However, with 
advancement in data analytics, these systems increasingly have adopted ML techniques (Pasrija et al., 
2024). 
 
2.5. Malware detection 

Hossain et al. (2024) it was shown that machine learning is highly efficient in detecting cyber 
security threats, allowing systems to process extensive datasets, recognize patterns, and identify 
anomalies that indicated possible risks. By examining the traits of existing malware, machine learning 
algorithms were capable of recognizing recurring patterns and developing models to detect new, 
unfamiliar malware based on these resemblances. A deep learning-based malware detection approach 
consisted of three main stages: first, gathering and analyzing malware samples with dynamic analysis 
tools to capture execution traces. Second, using these traces to define malware behaviors and extract 
relevant features and finally employing a deep learning model to differentiate between benign and 
malicious software. ML techniques were effective in identifying polymorphic and new attacks, 
potentially surpassing conventional detection methods in the future.it emphasized the importance of 
cost- effective training methods for malware detection and the need for malware analysts to achieve an 
expert level understanding of ml- based detection techniques (Mihalache et al., 2024). Mihalache et al. 
(2024) further explained that malware detection involved two types of analysis: static and dynamic. 
static analysis detected malware by examining a file without executing it, while dynamic analysis 
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observed the behavior of software during execution, typically in a controlled environment. 
 
2.6. Anomaly Detection 

According to Parhizkari (2024), Anomaly detection had been a long - standing research topic, with 
various techniques developed over the years. the main challenge was identifying patterns in data that 
deviated from expected behavior. Anomaly detection was used in multiple applications, including cyber 
security, network intrusion detection, unusual video activity, fraud detection, streaming and 
hyperspectral imaging (Molla et al., 2023). While traditional statistical methods for anomaly detection 
had lost popularity, ML has become increasingly chosen for this purpose (Bhuiyan et al., 2023). ML 
models could identify deviations from normal behavior and continuously monitor network traffic and 
system logs, comparing incoming data against the learned patterns (Fung et al., 2024). 
 
2.7. ML in Fraud Detection 

From the perspective of Garai et al. (2023), ML has emerged as a powerful tool on fraud detection, 
offered various advantages that significantly enhanced an organizations ability to combat fraudulent 
activities.  
 

 
Figure 2. 
ML in fraud detection. 

 
ML models can swiftly and accurately process large volumes of data, detecting pattern and 

anomalies that may signal fraudulent behavior (Bhuiyan & Akter, 2024). They functioned in real time, 
enabling the instant detection and prevention of deceitful transaction. This was particularly valuable in 
financial transactions, where quick response times were crucial. Fraudsters constantly developed new 
tactics and adapted to countermeasures, but ML models were effective in combating this by learning 
from historical data and quickly adjusted their detection strategies. This enabled them to identify new 
fraud patterns and adapt without manual intervention, keeping organizations ahead of fraudsters 
(Boulsane & Afdel, 2024). 

ML was the science of developing and applying algorithms capable of learning from historical data. 
It proved to be an ideal solution for information security. According to the authorized access order, ml 
could use its model to estimate the unauthorized access and reject it. the traditional fraud detection 
model was based on a static rule-based system, but ml worked as a dynamic model. The ml model was 
effective for decision making and also secured the information systems (Abitova & Abalkanov, 2024). 
3. Methodology 

Watanabe et al. (2023) aimed to outline the researchers’ goal and objectives of the review papers, 
with the suitable title of the paper being “machine learning in information security”. the study’s focus 
was on the different kinds of machine learning like as, how they connect to information security systems 
and how to detect fraud. With the recent developments of information security systems, the author 
included the systematic review process how ml coped with information security. In the literature review 
the author additionally expressed the applications of the ml such as intrusion detection systems, threat 
detection, malware detection, anomaly detection (Niknami & Wu, 2024). The primary goals of this paper 
were to identify gaps in the literature and weed out research that weren’t relevant.  

The screening procedures utilized in the preceding stage and systematic literature review are the 
same in order to guarantee coherence and consistency. To conduct bibliometric analyses, authors 
retrieved papers from databases such as Scopus, Web of Science (WOS), and Google Scholar (Robledo 
et al., 2021). Through the use of bibliometric methodologies, which developed the conceptual and 
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intellectual framework that enabled authors to deduce meanings through co-word, co-citation, and co-
authorship analysis, the extracted documents from any of the aforementioned sources are examined. The 
research impact of the published papers was determined using a variety of bibliometric indices, including 
citation counts by paper, author and institution and nation (Rahman et al., 2024). 

According to Yeldho et al. (2024), The study on machine learning in the context of information 
security emerged in the research area, nearly every item being released between 2020 to 2024. Because 
of this, the screening procedure focused on quality as opposed to quantity. The Scopus, Web of Science, 
Google Scholar and other searches comprised the following keywords: “machine learning “, “machine 
learning algorithms”, “information security”, “threat detection”, fraud detection. The only works 
considered were Peer-reviewed studies in the fields of artificial intelligence, machine learning, and data 
science. (Sundaram Nanhay Singh, 2023). The search yielded titles, keywords, citations, abstracts, and 
all other relevant research information. The authors located 2441 papers using the given keywords, of 
these, they determined 743 papers that meet the study’s eligibility requirements (Pearson, 2024). the 
topic matter was restricted to data science, information security, machine learning, artificial intelligence, 
and machine learning techniques and applications, bringing the total to 743 publications. Thus, review-
based qualitative research was not included in the study (Divya et al., 2023). 115 studies remained finally 
after 228 were eliminated. Following the processes of data inclusion, exclusion, and segmentation, the 
author read through the literature on threat detection, machine learning and information security (Milon 
et al., 2024). 

From the perspective of Haddaway, (2022), The author conducted a manual search for the document. 
The author started by conducting a google scholar search using two or more keywords related to the 
body of current literature. Second, the writers reviewed the included articles reference list. For the 
articles included in the third stage, the author used a citation tracking system. Citation tracking systems 
were typically accessible through indexing services like the Scopus and the web of science. When an 
article was manually searched, the research engines returned appropriate results based on the user's 
search query title (Faraji et al., 2024). Following data collection, the author creates themes and cultures 
using a variety of bibliometric research methods that were based on machine - generated algorithms. 
Selecting the proper ml applications for specific problems was challenging and also related to the proper 
techniques. Nevertheless, the use of ml in preventative defence systems in cybersecurity (Dhibar & Maji, 
2023).  

Ml contributed to a more intelligent, adaptive and efficient defence posture. The purpose, benefits, 
and limitations of machine learning in information security are discussed in this article along with its 
current applications (Kumari et al., 2023). Real time data analysts used ml for quicker threat detection 
and response. the primary research gap in the field of machine learning was the absence of evaluation in 
real world settings, design and development with specific use cases and well stated explain ability goals 
in mind. Based on the research gap, the authors analyzed how can ml approaches be fully implemented 
to improve security and efficiency (Raj & Saundharya Thejaswini, 2022). 
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Figure 3. 
Methodology. 

 
Rai et al. (2024) subsequently declared that in order to safeguards their networks and data, individual 

and organizations needed to give priority to their security systems. This meant investing in cutting edge 
technologies like artificial intelligence and machine learning as well as putting robust security and 
protections in place. This study served as a guide for the researchers as they highlighted the role, 
methods and significance of ml in information security space (Bhuiyan et al., 2024). This approach 
guaranteed that the review paper is detailed, transparent, and repeatable, offering insightful information 
about machine learning in information security. 
 
4. Discussion 
4.1. Introduction to Machine Learning 

Azoff (2024) the capability of a machine to mimic human intelligence is the definition of machine 
learning, an area of artificial intelligence. AI systems are used to complete difficult tasks in a method 
that is similar to how people would solve issues. Supervised, unsupervised, and reinforcement learning 
are the three subcategories of machine learning. Results from using machine learning (ML) for trust 
assessment can be very accurate, particularly when processing large datasets (Islam et al., 2024). The 
rich data sources that big data provides are the source of this accuracy (Hooda, 2024). However, because 
of the complexity of the data structures and the large amounts of data involved, traditional methods for 
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evaluating trust in social networks and other large-scale networking environments frequently yield 
inaccurate results. However, using machine learning (ML) as the main method for managing and 
interpreting large amounts of data has several benefits (Ammannamma & Vandana, 2023). The 
researchers have identified three functions that a machine learning system can perform: descriptively, 
which involves using data to explain past events; predictively, which involves forecasting future 
outcomes based on data; and prescriptively, which suggests the best course of action based on the data 
(Son et al., 2022). 
 
4.2. How Does Machine Learning Work? 

According to Abu Dabous et al. (2024), A training dataset is utilized by machine learning algorithms 
to construct a model. Applying the constructed model, the trained algorithm makes predictions when it 
is given fresh input data. 
 

 
Figure 4. 
Working process of machine learning. 

 
4.3. Application of ML 

Machine learning is being used by businesses to improve decision-making, increase productivity, 
identify illnesses, forecast the weather, and do a host of other tasks. The exponential growth of 
technology demands that we not only prepare for the data we will encounter in the future but also 
develop more sophisticated tools for analyzing the data we currently have (Reed & Macalla, 2022). We 
need to create intelligent machines in order to accomplish this goal. While simple tasks can be 
programmed into machines, it is frequently difficult to directly integrate intelligence into them. 
Developing a system that lets machines learn on their own is the most efficient course of action. When 
a machine is capable of learning from input, it takes care of our difficult jobs (Ringel, 2023). Figure 5 
demonstrates how machine learning is revolutionizing network security in a major way. These cutting-
edge systems make use of complex algorithms to track network activity, quickly spot anomalies, and 
instantly identify possible threats in real-time (Amin et al., 2024). 
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Figure 5. 
Network security application of machine learning. 

 
By analyzing historical data, machine learning models can adapt to the constantly changing 

landscape of cyber threats, which increases the efficiency of intrusion detection and prevention 
(Gonaygunta, 2023). It's interesting to note that the difficulties in identifying false information in mobile 
health texts are similar to those in adversarial machine learning for network security (Uddin et al., 2024).  

Machine learning-based security systems may benefit from new approaches to thwarting adversarial 
attacks, such as those outlined in the discussion of a self-reconfigurable system for misinformation 
detection in (Paya, 2024). Moreover, these programs are especially good at identifying patterns linked 
to malicious activity, enabling preventative defenses. Machine learning makes network security 
infrastructures more resilient and adaptable by detecting anomalous network traffic and possible 
vulnerabilities. Incorporating machine learning into network security not only strengthens defenses 
against cyberattacks but also provides a scalable and intelligent approach to safeguarding digital assets 
(Joshi & Oza, 2024). 
 
4.4. Types of Machine Learning 

From the perspective of Mire et al. (2021), the field of cybersecurity involves extensive use of machine 
learning (ML) techniques. These techniques include probabilistic models, decision trees, dimensionality 
reduction algorithms, regression, boosting, and bagging, as well as distance-based learning (Figure 6). 
These machine-learning techniques are essential for assessing data breaches and pinpointing weak points 
in computer networks and systems. The primary advantage of these methods is their ability to swiftly 
analyze enormous quantity of data and adjust without the assistance of subject matter experts (Sabarmathi 
& Chinnaiyan, 2021). To further improve network performance and significantly improve threat detection 
accuracy, machine learning techniques utilize heuristic approaches. Identifying malware, spam, fraud, 
anomalies, Distributed Denial of Service (DDoS) attacks, and vulnerabilities are just a few of the digital 
domains where machine learning techniques are put to use (Varma et al., 2024). The four main categories 
into which machine learning techniques can be classified are supervised, unsupervised, semi-supervised, 
and reinforcement learning (Figure 6). Every category has a distinct function in tackling cybersecurity 
issues (Bhuiyan et al., 2024). For instance, unsupervised algorithms are used to cluster unlabeled data and 
lower feature dimensionality, while supervised learning is used to grow datasets and generate predictions 
based on them. Semi-supervised learning approaches incorporate aspects of both unsupervised and 
supervised learning. Finally, reinforcement learning teaches machine learning models to interact with 
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their surroundings to learn and improve various skills (Jo, 2020). 
 

 
Figure 6. 
An overview of machine learning techniques used in cybersecurity. 

 
4.5. Challenges and Opportunities of Machine Learning 

According to Hossain et al. 2024, These days, machine learning is having a big impact on a lot of 
different industries thanks to its many applications. It influences various activities and processes and is 
involved in many aspects of our daily lives. 
 

Table 1. 
Prospective opportunities of machine learning usages. 

Opportunities Description References 
Medical diagnosis 
and treatment 

Prognostic and diagnostic problems in medicine and 
healthcare are addressed by machine learning. Disease 
detection, patient monitoring and management, medical data 
analysis, and handling of erroneous medical data are just a few 
of the areas in which it finds application. These are but a few 
instances of the uses of artificial intelligence in the medical 
field. 

(Daphin
 
Lilda
 
& 
Jayaparvathy
, 2023) 

Compute forecasts By using algorithms to find the most efficient routes with the 
least amount of traffic, estimate arrival times, identify pick-up 
locations, and find the quickest routes to destinations, machine 
learning improves platforms that use maps and routing. This 
ensures that users arrive on time. 

(Abdul et al., 
2023) 

Public security By assisting in the better prevention, reduction, and handling 
of criminal activity, machine learning can improve community 

(Özaşçılar
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safety. et
 
al., 2024) 

Intelligent helpers Smart assistants, like Siri, Alexa, and Google Assistant, are 
widely used in daily life to carry out different tasks 

(Yang et al., 
2021) 

Internet Safety Applications that monitor transactions and differentiate 
between authentic and fraudulent activity, such as PayPal and 
GPay, use machine learning. By assisting in the prevention of 
online financial fraud, this application of machine learning 
strengthens cybersecurity. 

(Milon, 2024; 
Pan, 2024) 

Industry
 
and policymaking 
in the government 

With the aid of machine learning, authorities can more 
effectively manage and evaluate the vast volumes of data 
generated by public monitoring devices.  
Law enforcement organizations can find missing children and 
capture criminals more quickly when they can analyze 
anomalies and potential threats in real time. 

(Pinsky
 
& 
Piranavakuma
r, 2024) 

 
4.6. Challenges of Machine Learning 

Indeed, data-driven decision-making enabled by machine learning (ML) has revolutionized several 
industries (Bhuiyan et al., 2024). Still, it's critical to acknowledge the real-world obstacles that 
professionals face when learning machine learning and creating applications from the ground up. This 
study will examine typical problems in the field of ML while giving a balanced, realistic view of these 
difficulties (Liu, 2023). 
 

Table 2. 
Prospective challenges of using machine learning. 

Challenges Description Reference 
Low data quality Since noisy, erroneous, and incomplete data can seriously 

impair classification accuracy and overall results, data 
quality is an ongoing challenge. 

(Qin, 2024) 

Unrepresentativ
e training 
information 

A major factor influencing how well machine learning 
models can generalize is how representative the training 
data is. A model may produce predictions that are less 
accurate and show bias against specific classes or groups if 
the training data does not include all relevant scenarios. 
Prediction accuracy is increased and biases are lessened 
when representative data is used in training. 

(Mani, 2024; 
Hocking, 2023) 

Surveillance
 
and upkeep 

To keep ML models effective, regular maintenance and 
monitoring are essential. Code modifications and resource 
updates might be necessary when data or user expectations 
change, underscoring the significance of constant 
watchfulness. 

(Kilpatrick, 
2024) 

Receiving 
unsatisfactory 
advice 

Due to data drift, machine learning models that are used in 
a particular context may occasionally provide 
recommendations that are out of date or unrelated. To solve 
this problem and make sure that recommendations stay in 
line with what users are expecting today, regular data 
updates and monitoring are imperative. 

(Rashed et al., 
2024: Jain, 2022) 

Insufficient
 expert 
resources 

One of the main problems facing the machine learning 
industry is the shortage of qualified experts with in-depth 
knowledge of science, technology, and mathematics. To 
close this gap and create a workforce equipped to handle the 

(Sah &
 Abulaish, 
2024) 
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intricacies of machine learning, training, and education 
investments are imperative. 

Machine 
learning process 
complexity 

For engineers and data scientists, the 
intricacy of the machine learning process, 
which is marked by experimental phases 
and ongoing modifications, presents a 
challenge. Errors are more likely due to 
ML's evolving nature and the many 
experiments conducted, making the 
process difficult and time-consuming. 

(Kale et al., 
2024) 

 
4.7. Implication 

Askhatuly et al. (2024) ML has a significant tool which is enhancing security defenses for attackers, 
it can be analyze the vast amount of data for secured the information systems. This study exploring how 
information systems dynamically improved and automated up- to- date the security systems using 
machine learning technologies. Consequently, protecting the information systems, particularly one 
connected to the internet, from cyber threats, attacks, damage or unauthorized access is a crucial issue 
that needs urgent attention (Poli, 2024). Systems security research has used a comprehensive toolkit of 
security best practices to reduce the likelihood of the vulnerabilities to traditional software (Aslan et al., 
2023). Based on practical experience with large - scale ml systems can contribute two functional 
principles to guide machine learning in information security research (Bhuiyan, 2024). These principles 
are intended to enhance the focus and effectiveness of this research in addressing security challenges 
(Jaiswal & N, 2024). Threat modeling in security systems, threat modeling is crucial for understanding 
potential adversarial actions, predicting attack vectors, and ensuring the robustness of the systems. Threat 
modeling identifying and understanding potential security threats, anticipating how attackers might be 
exploit the systems (Rahman et al., 2024). In information security of threat modeling has no specific 
approach but the process often involves carefully thinking through who might want abuse the system, 
what capabilities they have, how they might be able to do it and what the overall risk for exploit it. machine 
learning driven data analytics have transformed the information security systems and financial 
management. In security, detection and monitoring systems now process vast amounts of data to extract 
actionable insights, enabling analyses that were previously unattainable (Åkerlund & Große, 2020). 
 
5. Conclusion 

The application of machine learning in the domain of information security has significantly 
transformed the way cyber security threats are managed. ML techniques have shown exceptional 
effectiveness in detecting, preventing and responding to various cyberattacks such as malware, phishing 
and system intrusions, which continue to evolve in complexity (Xiao, 2023). Algorithms from supervised 
and supervised semi supervised and reinforcement learning categories are being applied to identify 
malicious patterns, automate the detection process and strengthen security systems. Nevertheless, 
several challenges persist. These include improving data quality, ensuring real time adaptability and 
addressing concerns related to the transparency and clarify capacity of ML models (Ghanbari et al., 
2024). Parfenov et al. (2023) adversarial attacks on ML systems End the environmental impact 
associated with training large scale models also present ongoing issues. Furthermore, there is a need for 
more comprehensive studies covering the entire ML life cycle from model development to deployment, 
highlighting gaps in existing research (Hossen et al., 2025). According to Shanmugam et al. (2023), 
Future results should focus on building more resilient ML models to counter adversarial threats, 
refining approaches to detect emerging threats like newly developed phishing sites and enhancing 
collaboration between AI experts and industry professionals (Bhuiyan et al., 2024). Advancement in deep 
learning privacy preserving techniques and scalable ML applications are expected to drive further 
progress in securing information systems. 
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5.1. Limitations 
According to Faraji et al. (2024), Though it still has some disadvantages, machine learning has 

advanced significantly in recent years. Because of these drawbacks, utilizing these technologies 
thoughtfully is crucial because they can have major impacts on real-world applications. A true 
understanding is often lacking in machine learning models, which instead provide predictions based only 
on statistical patterns. Machine learning models lack true awareness or understanding, even though 
they can recognize correlations and patterns in data (König & Vellido, 2024). Artificial intelligence (AI) 
systems cannot generate truly original ideas, nor can they understand irony, sarcasm, or humor. As 
such, AI might not be able to carry out tasks requiring creativity or intuition as well as humans. 
Furthermore, it may be challenging to interpret machine learning algorithms applied to highly 
unstructured data due to intricate and difficult-to-understand relationships and patterns (Kosaraju & 
Buddiga, 2024). Gao et al. (2023) Furthermore, finding relevant characteristics that precisely capture 
the underlying patterns in such data can be difficult, making feature engineering a tedious and complex 
process. Preprocessing methods like data cleaning and normalization are frequently required to lessen 
the impact of noise and ambiguity in the data. Furthermore, machine learning algorithms might not 
function well in situations where the data is continuously changing or evolving (Milon et al., 2024). 
 
5.2. Future Research 
From the perspective of Abdel-Basset et al. (2024), many types of machine learning models will be applied 
for cloud security in the future. Nonetheless, scientists are investigating the effectiveness of different 
feature extraction and preprocessing methods to enhance the data quality for these algorithms. New 
ensemble learning strategies should be the focus of future research to improve the accuracy and robustness 
of machine learning models used to analyze unstructured data (Liu, 2023). The main objective of future 
research should be to create novel privacy-preserving methods that protect sensitive data and allow 
for efficient machine-learning analysis (Liu, 2023). To maximize necessary capabilities and reap the 
planned benefits, a comprehensive assessment of overhead should also be carried out before implementing 
innovations, like virtualization. Unavoidable attacks must be detected to respond thoroughly and 
effectively. Evaluate the dependability, accuracy, and practicality of machine learning in security-critical 
domains like cyber defense, monetary recognition systems, medical imaging, and diagnostics (Slathia et 
al., 2024). This is a major and ongoing research challenge. Examining the real-world practical uses of 
theoretical adversarial attacks on machine learning is another important area of research (Dayanand & 
Klinsega, 2024). Numerous research studies and surveys concentrate on these attacks in a theoretical 
setting, frequently as "white-box" attacks, which may not be as applicable in real-life scenarios. To gain a 
deeper understanding of these attacks' practical ramifications, it is still necessary to investigate the impact 
of these attacks in real-world situations and the efficacy of responses (Choi, 2024).  
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