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Machine Learning, an essential element of artificial intelligence, plays a vital role in fortifying
network security. Despite its global acceptance, mastering the utilization of machine learning for
network security requires substantial investment of time. Nonetheless, machine learning equips us
with indispensable abilities to detect sophisticated hacker attacks proactively, often evading
traditional human detection methods. Incorporating machine learning models has quickened the
advancement of decision support systems in network security, boosting their speed, precision, and
overall effectiveness. However, the efficacy of machine learning in this realm faces significant
obstacles due to the increased susceptibility to adversarial attacks, particularly in crucial areas such
as malware detection, intrusion detection, and spam filtering. The inherently adversarial nature of
these applications perpetuates an ongoing battle between attackers and defenders. Recent
advancements in machine learning have showcased its effectiveness in addressing complex issues,
frequently rivalling or even surpassing human capabilities. Nonetheless, research indicates that
machine learning models are susceptible to various attacks, posing a significant risk to both the
models themselves and the systems they safeguard. Critically, these attacks operate covertly,
exploiting the inherent opacity of deep learning models. While machine learning presents promising
avenues for enhancing network security, it also introduces new challenges and threats that demand
continuous research and innovation to counter evolving adversarial tactics.
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1. Introduction

Machine Learning serves as the cornerstone of artificial intelligence (Al), enabling systems to
accumulate knowledge and evolve independently from data without explicit programming. In
essence, the primary goal is to develop computer programs with the capability to access data
and autonomously improve their comprehension through self-directed learning. This process
starts with exposure to data, whether through specific experiences or instructions, enabling the
identification of patterns within the data. Ultimately, this leads to making informed decisions
guided by predefined criteria.. The ultimate objective is to empower computers to learn and
act autonomously, without human intervention, adapting actions as necessary
(Expertsystem.com, 2017). In the domain of computer networks, significant emphasis is
placed on network security. While humans traditionally oversee security protocols, their
susceptibility to errors highlights the importance of training machines to strengthen and
improve network safety. Although the journey toward fully integrating machine-driven
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network security may span decades, investing in research and development within this
technological domain is crucial to bolstering network security by Rahul [2].

Application of Machine Learning in Network Security

Harnessing Machine Learning for security network requires extensive research, and the
transition from traditional security measures may take longer than initially anticipated.
Nevertheless, the current landscape showcases numerous instances of machine learning
applications in network discovery, as outlined below [3].

Network security is of paramount importance for organizations, encompassing both
corporate entities and governmental bodies. Ensuring robust cybersecurity is crucial for
safeguarding sensitive data against potential breaches or leaks. With the growing prominence
of Al and ML, these technologies have become indispensable assets in the realm of
cybersecurity. ML offers a broad spectrum of applications in cybersecurity, spanning from
threat identification to enhancing existing antivirus systems and combating Al-driven cyber
threats [4].

Fig. 1. delineates five primary applications of Machine Learning in Cybersecurity,
providing companies with tools to bolster their security measures. The process can initiate by
integrating Al into current cybersecurity protocols and gradually transitioning to specialized
Al and ML cybersecurity solutions. This may involve employing predictive analytics for threat
detection, leveraging natural language processing to augment security measures, and refining
biometric-based authentication techniques [5];

1. Cyber Threat Identification

Given the potential catastrophic consequences of a system breach, cybersecurity stands as
a vital cornerstone for all companies. A significant challenge in this field is distinguishing
between legitimate connection requests and potentially suspicious activities, such as large-
scale data transfers. This differentiation between genuine company operations and cyber
threats poses a formidable obstacle for cybersecurity professionals, particularly within large
corporations where the sheer volume of requests can overwhelm human oversight. This is
where the integration of machine learning becomes invaluable, offering substantial support to
professionals. An Al and ML-driven cyber threat identification system plays a crucial role in
monitoring both incoming and outgoing communications, as well as system requests,
effectively identifying and flagging suspicious activities. For example, companies like Versive
offer cybersecurity software that utilizes artificial intelligence to bolster defense mechanisms
against potential threats.

2. Al-based Antivirus Software

Installing antivirus software before using any system is highly recommended. This is
because antivirus programs protect your system by carefully examining new files on the
network to confirm if they match known virus or malware signatures. However, traditional
antivirus software requires frequent updates to stay synchronized with the constantly evolving
landscape of new viruses and malware. This is where machine learning can provide significant
assistance. Antivirus software integrated with machine learning is tailored to detect viruses or
malware based on their abnormal behavior rather than solely relying on signatures. This
method enables it to effectively combat both known threats and newly emerging viruses or
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malware. For example, Cylance, a software company, has developed an intelligent antivirus
that learns to identify viruses or malware from scratch, thereby reducing the reliance on
signature identification alone.

3. User Behavior Modeling

Certain cyber threats target specific companies by illicitly obtaining the login credentials
of their users in an attempt to gain unauthorized access to the network. When user credentials
are legitimate, traditional antivirus software may face difficulty in detecting such attacks,
potentially allowing cyberattacks to slip under the radar. In such scenarios, machine learning
algorithms play a crucial role in modeling user behavior. These algorithms are trained to
understand the behavior of individual users, including their patterns of logging in and out. If a
user deviates from their typical behavior, the machine learning algorithm detects it and notifies
the cybersecurity team for further investigation. While some alterations in user behavior may
be normal, this approach enhances the identification of cyber threats compared to conventional
methods. For instance, Darktrace offers cybersecurity software employing machine learning
to scrutinize network traffic data and establish the typical behavioral patterns of all users
within a system. This capability enables the system to detect deviations in behavior, potentially
indicating cyber threats.

4. Fighting Al Threats

With the progression of technology, many hackers are harnessing machine learning to
exploit security vulnerabilities and breach systems. Hence, it is crucial for companies to
address such threats by incorporating machine learning into their cybersecurity strategies. This
tactic may soon become widespread for defending against increasingly sophisticated cyber-
attacks. Consider the notable example of the NotPetya attack, which exploited EternalBlue, a
software vulnerability in Microsoft's Windows OS. Such attacks might escalate in their
severity in the future, leveraging artificial intelligence and machine learning unless
cybersecurity software integrates similar technologies. Crowdstrike, a cybersecurity
technology company, provides a prime example of this proactive approach by employing the
Falcon Platform, a security software enriched with artificial intelligence, to combat various
cyber threats.

5. Email Monitoring

It's crucial to closely monitor official email accounts to combat cybersecurity attacks like
phishing. Companies often prioritize educating their employees about the associated risks.
Phishing attacks typically involve sending deceptive emails to employees, aiming to extract
sensitive information such as job-related data, banking details, credit card information, and
company passwords. Employing cybersecurity software integrated with machine learning can
aid in thwarting these phishing attempts by monitoring employees' professional emails for
signs of potential threats. Additionally, utilizing natural language processing techniques allows
for the analysis of emails to detect suspicious patterns and phrases indicative of phishing
attempts. For instance, Tessian, a reputable software company, provides email monitoring
software specifically designed to identify phishing attempts and potential data breaches. This
software employs natural language processing and anomaly detection technologies to detect
and address potential threats.
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Fig. 1. Applications of ML in Cyber Security

2. Future of Machine Learning and Cybersecurity

Despite machine learning being relatively new in the domain of cybersecurity, the five
applications mentioned above demonstrate significant advancements in the field. Emphasizing
the importance of minimizing false positives with machine learning algorithms is crucial, as
they have the potential to misclassify actions as malicious or indicative of a cyber-attack.
Companies ought to collaborate closely with their cybersecurity specialists to bolster the
detection and mitigation of diverse cyber threats with heightened accuracy by leveraging
machine learning technologies [6].

Algorithms of ML in Security
Machine Learning Algorithms Commonly Used in Security [7]:

e Support Vector Machines (SVMs): The Support Vector Machine (SVM) is a supervised
learning algorithm frequently utilized in classification tasks like malware analysis or fraud
detection. SVMs operate by segregating internal data points into two categories and then
determining the optimal boundary between these categories.

e Decision Trees: Decision trees, which are supervised learning algorithms, are used in tasks
such as classifying network intrusions. They function by dividing data into smaller subsets
based on specific criteria and then making decisions based on the attributes of each subset.

e Neural Networks: Neural networks, categorized as deep learning algorithms, are
extensively used by data scientists. In the realm of security, they are especially crucial for tasks
like malware detection and user behavior analysis.

When choosing the right machine learning algorithm for a given security task, there are several
factors to consider:
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e Data type: Various machine learning algorithms are crafted to Customizing for specific
data types is essential in machine learning. The characteristics of the analyzed data
significantly influence prediction accuracy and performance. Choosing the suitable machine
learning algorithm for a given data type is vital for comprehensive analysis and precise
predictions. For instance, Support Vector Machines (SVMs) demonstrate superior
performance with text data, while neural networks are better suited for processing image and
speech data.

e Data size: Some machine learning algorithms are crafted to handle large datasets
efficiently, while others are better suited for smaller ones. Larger datasets often require
sophisticated algorithms like neural networks, which can effectively manage the increased
volume of data. Conversely, simpler algorithms such as decision trees or logistic regression
may be preferable for smaller datasets, where algorithm complexity is less critical compared
to the priority of achieving accurate predictions.

e Task Complexity: The complexity of a task is a critical consideration when selecting the
appropriate machine learning algorithm for a security task, as certain algorithms surpass others
in handling complex tasks. Variables such as the number of features, the degree of data
interdependence, and the desired output type impact task complexity. For instance, neural
networks excel in addressing intricate tasks like malware detection, whereas decision trees are
better suited for simpler tasks such as identifying the type of network intrusion.

e Accuracy requirements: The necessary level of accuracy varies depending on the specific
security threat and the impact of false positives or false negatives. Machine learning algorithms
exhibit diverse levels of accuracy, with some being better suited for tasks requiring high
precision. For example, SVMs are highly esteemed for their accuracy and are frequently used
in tasks such as identifying fraudulent transactions. Integrating machine learning into security
systems requires meticulous planning, including essential steps such as model selection,
training, testing, and deployment of the machine learning models.

e Model Selection: Selecting the appropriate algorithm is the initial step in deploying a
machine learning model. This process entails choosing an algorithm that aligns with the type
of data, the complexity of the task, and the desired level of accuracy.

e Training: Once the model is selected, it must undergo training using a substantial dataset
of labeled data to identify patterns and relationships between inputs and outputs. The accuracy
of the model can be significantly affected by both the quality and quantity of the training data.

e Testing: To guarantee the model's correct and consistent operation, it should undergo
testing on a distinct dataset after training. This process helps reveal any potential issues or
biases in the model. Deployment entails integrating the trained and evaluated model into the
security system. This integration involves incorporating it into existing infrastructure, such as
a security information and event management (SIEM) system, to deliver real-time warnings
and insights.

3. Related work

In the realm of network monitoring, data stream machine learning is rapidly gaining
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momentum as large amounts of data generated by end-user terminals and network devices
exceed the memory capacity of conventional monitoring apparatus. Fast and continuous
techniques for online data stream analysis are needed for primary network monitoring
applications encompass identifying anomalies, network intrusions, and attacks. This section
will include earlier research conducted between 2018 and 2023:

The researchers explored flow-based machine learning methods for network security and
anomaly detection. They developed and evaluated several machine learning algorithms for
analyzing dynamic network data flows. The ongoing enhancement of data flow analysis
algorithms originated from data flow mining, together with the multitude of evaluation
methods employed to evaluate these algorithms, make choosing the appropriate machine
learning model difficult. Determining which strategy best represents the algorithm's
performance is crucial, since multiple approaches may provide results that differ significantly.
Following this, they performed an extensive comparison of results employing advanced
evaluation methods for on-chain data. They employed common batch-based machine learning
algorithms along with their flow-based extensions to address the particular challenge of online
network security and anomaly detection. Their findings demonstrated that through ongoing
retraining during drift detection periods, adaptive random forests and random gradient descent
models were able to maintain remarkable accuracy, even in the presence of significant
conceptual shifts in the underlying network data streams [8].

To begin, we will introduce a taxonomy encompassing machine learning tasks, techniques,
and depth, providing an overview of how machine learning is classified in network security
applications. Subsequently, we will delve into various adversarial machine learning attacks
within the domain of network security and suggest two methodologies for categorizing
adversarial assaults. Initially, we will categorize adversarial risks in network security using a
taxonomy based on applications. Second, use a dimensional classification approach that splits
adversarial attacks into issue space and feature space to categorize them in network security.
Next, look at the many ways that network security apps based on machine learning might
prevent adversarial assaults. In conclusion, we offer a grid map of adversarial risks and
Evaluate multiple adversarial attacks aimed at machine learning within the present landscape
of network security, also pinpoint the location of each attack categorization on the hostile risk
grid map [9].

They provided a thorough analysis of the security difficulties associated with machine
learning, with a focus on existing attacks on these systems, associated defenses or secure
learning techniques, and security assessment methodology. Instead of focusing on a particular
stage or kind of attack, take into account all aspect of machine learning security, from testing
to training. The machine learning model is first demonstrated adversarial, and then possible
attack routes are examined. Next, training set poisoning, training group back doors, frequent
hostile attacks, model theft, and retrieving private training data are the five categories used to
group machine learning security challenges. Next, do a thorough analysis of threat models,
attack tactics, and defense systems. To show that these risks are an actual concern in the real
world [10].

Operators are looking to machine learning (ML) to automate network management and
diagnostics in order to operate complex optical communications networks at a fair cost. To
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allow for cognitive and autonomous control of optical network security, more capacity is
required. Furdek et al. addressed the difficulties in integrating machine learning-based
techniques for optical layer attack localization and detection with conventional network
management systems (NMSs), as well as the efficacy of those techniques. Their proposed
cognitive security diagnostics framework integrates an attack detection module that utilizes
supervised learning (SL), semi-supervised learning (SSL), and unsupervised learning (UL)
techniques. Additionally, it features an attack localization module aimed at identifying
compromised links or malicious connections. The innovative window-based attack detection
(WAD) method effectively addresses concerns regarding false positives and false negatives.
Moreover, they have assembled the most extensive experimental dataset for optical layer
security to date and provided valuable guidance for implementing the framework into a
network management system (NMS). The effectiveness of the framework was also assessed
in a tested experimental network that was vulnerable to intrusions [11].

Security is essential for a network to be as truly independent as feasible, that is, to be able to
recognize and prevent attacks. Management of optical network security is grounded on three
fundamental pillars: attack reaction, attack prevention, and attack detection. Attack prevention
encompasses diverse activities like risk modeling, vulnerability assessment, and minimizing
attack surfaces through network design and operation, all while considering potential threats.
Detailed analyses of physical-layer vulnerabilities in dynamic optical networks and the attack
methods that exploit these weaknesses to disrupt service delivery are discussed in references
[12],[13]. In optical network design, connection routing was initially used to create physical-
layer security [14]. Techniques for attack-aware spectrum allocation and routing have been
proposed for three categories of traffic: dynamic, static, and periodic [15],[16],[17]. The main
focus of this initiative is attack detection, which involves identifying the source of the attack,
accurately attributing observed degradation to a security breach, and continuously monitoring
the performance of optical channels. By tracking associated power decreases or surges,
specific attack methods such as tapping or high-power jamming can be detected. Reference
[18] provides a detailed description of a method for identifying intrusion-triggered power
losses in passive optical networks.

The algorithms described in [19],[20] identify anomalies in connections by detecting power
spikes and comparing power levels at the input and output of each node. This procedure aids
in pinpointing the source of high-power jamming attacks. Optical spectrum analyzers (OSAs)
play a crucial role in various Optical Power Monitoring (OPM) techniques, as summarized in
[21]. Additionally, [22] elaborates on an OSA-based approach for detecting intrusion signals.
Because OSAs are so expensive, they are often only deployed at a small number of network
locations. Now that coherent transceivers have advanced due to Digital Signal Processing
(DSP), the NMS may acquire an extensive OPM dataset. When paired with data processing
tools, this dataset may be utilized for security diagnostics without the need for expensive
monitoring equipment. Binary concepts called Attack Syndromes (AttSyns) were created to
solve the problem of recognizing assaults that do not always lead to changes in power levels
[23]. These terms represent the degree of destructive connections. From the subset of affected
connections, it is feasible to determine which damaged connection started the attack if AttSyns
are distinct for every attack scenarioln the absence of AttSyn disambiguation, additional
security monitors or monitoring probes are required to provide it. A resource-minimizing
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architecture for these monitors was proposed in [24]. Attack mitigation involves both promptly
restoring impacted services and modifying the network to decrease vulnerability to future
attacks. Reference [25] suggested rapid frequency hopping over the fewest-shared-link multi-
paths as a potential defense against jamming and eavesdropping threats.

To coordinate defensive resources against jamming assaults, the approach outlined in [26]
entails determining overlaps in the attack ranges of the working and backup channels for each
link. In order to defend optical networks with quantum key distribution (QKD) from physical-
layer assaults aimed at lowering key-rates, the authors of [27] present experimental support.
In the field of network analytics, machine learning-based Attack Detection and Identification
(ADI) services have just lately become popular. Artificial Neural Networks (ANN) were
employed in [28] to recognize high-power jamming and provide useful attack mitigation
techniques. Experimental Optical Power Monitoring (OPM) data from a coherent receiver was
analyzed in [29] to identify in-band, out-of-band, and polarization scrambling assaults on an
optical connection using a variety of supervised learning methods. In [30], it was initially
shown how to include attack detection and localization with optical network management.

In [31], a brand-new ensemble-based machine learning technique for intrusion detection is
presented. Several publicly accessible datasets and multi-clustering methods, including
Random Forest, Gradient Boosting, Adaboost, Gradient XGBoost, Bagging, and Simple
Stacking, were used to evaluate the efficacy of the proposed method. The most crucial aspects
for intrusion detection are identified using three methods: mutual information, correlation
analysis, and principal components analysis. Through our study with multiple ensemble
approaches, we demonstrate that the Random Forest methodology-based proposed strategy
outperforms the existing approaches, frequently outperforming them by more than 99% in
terms of accuracy and FPR, including precision, recall, F1 score, balanced precision, Cohen's
Kappa, etc. The defenses of computer networks and systems against new attacks can be
reinforced by utilizing this technique.

4. Conclusion

The world is evolving to the point where systems and networks are present in all sizes of
enterprises. Our lives are made simpler by these networks, but the businesses that rely on
them for security are constantly seeking methods to make their services better. It appears that
machine learning is a difficult, although maybe negotiable, long-term answer to the expanding
network security issue. But human-built computers are hardly the most intelligent things ever
envisaged at this point in time. Robots won't be able to manage network security in the near
future since it will take a lot of work to make them intelligent and competent to control
security. Machine learning has made significant progress in identifying many sorts of network
assaults, including as DDoS attacks, frauds, irrigation pit attacks, and other attacks.
Nevertheless, we are unable to rely only on machine learning for network security at this time
due to its low cost. Therefore, further research is needed in the area of machine learning course
summarization, which has a lot of potential to enhance network security. Learning
technologies are not yet developed enough to fully replace security specialists in the human
network, even if they are being used.
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5. Future work

Future networks will be increasingly intricate, which will increase their susceptibility to
intrusions. As a result, users will find it more difficult to protect their networks against
infiltration. However, machines can perform many more tasks and are faster and more precise
than people [32]. Therefore, if people have a rudimentary understanding of future engines, they
might be able to protect themselves against threats that are difficult for humans to understand
but easy for engines to identify. Consider the Internet of Things (10T) as an example. More
people than ever before are using 10T services, and 10T usage patterns are growing. 0T devices
are connected via networks, and these systems are completely safe as usual. As a result,
networking equipment and Internet of Things services are becoming more sophisticated. But
we can protect networks in the future by obtaining cutting-edge 0T service security solutions.
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