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Abstract: The rapid evolution of cyber threats 

in the digital era necessitates advanced, data-

driven cybersecurity solutions. This review 

explores the transformative role of Artificial 

Intelligence (AI) in data science for enhancing 

cybersecurity analytics, predictive threat 

assessment, and advanced risk management 

strategies. By leveraging machine learning, 

deep learning, and natural language 

processing, AI enables real-time anomaly 

detection, accurate threat prediction, and 

automated risk prioritization, shifting 

cybersecurity from reactive to proactive 

paradigms. The integration of AI with threat 

intelligence platforms and robust data science 

practices, such as clustering and feature 

engineering, empowers organizations to 

process vast, heterogeneous datasets, detect 

sophisticated threats like advanced persistent 

threats (APTs) and ransomware, and mitigate 

risks efficiently. However, challenges including 

data quality issues, false positives, adversarial 

AI, and ethical concerns such as bias and 

privacy must be addressed. Emerging trends 

like explainable AI (XAI) and federated 

learning offer promising solutions for 

improving model transparency and data 

privacy. This paper underscores the strategic 

importance of AI in building resilient, adaptive 

cybersecurity frameworks and advocates for 

ongoing research to overcome limitations and 

ensure ethical AI adoption in safeguarding 

digital ecosystems. 
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1.0 Introduction 

Machine Learning (ML) and Artificial 

Intelligence (AI) are revolutionizing 

interdisciplinary domains by enabling precise 

data analysis, predictive modelling, and 

autonomous functionality (Ademilua, 2021; 

Ukpe et al., 2023). AI and ML redefine 

automation, analytical precision, and the 

architecture of intelligent systems (Omefe et 

al., 2021: Aboagye et al., 2022). Cyber threats 

evolve rapidly nowadays owing to digitization 

and demand more mature models for raising 

security standards. AI, in this regard, has 

emerged as a potential game-changer in 

mailto:okolojoy2704@gmail.com
mailto:Ife4lv@gmail.com
mailto:em-adim@wiu.edu
mailto:Sa-adeniji@wiu.edu


Applied Sciences, Computing and Energy, 2024, 1(1), 206-230 207 
 

      

enhancing data-driven defense mechanisms 

(Jimmy, 2021). With increasing reliance on 

interconnected technological enormities, there 

has been increasing complexity and 

sophistication of gross cyberattacks, thus 

undermining the security paradigms. 

Cybersecurity has been transformed by data 

science techniques using AI in threat detection, 

predictive analysis, and risk control, says the 

conceptual paper An Extensive Review of 

Artificial Intelligence Utilisation in Data 

Science for Strengthened Cybersecurity 

Analytics, Predictive Threat Assessment, and 

Advanced Risk Management Strategies. 

Cybersecurity professionals could analyze the 

extensive data to find trends, forecast 

vulnerabilities, and mitigate threats with 

utmost accuracy by leveraging machine 

learning, deep learning, and other artificial 

intelligence techniques. Since in light of this, 

this introduction accentuates the important role 

of artificial intelligence (AI) in solving present-

day cybersecurity problems and is thus the 

basis for an elaborate discussion of the benefits, 

uses, and prospects of AI for the future.  

Therefore, AI, if integrated in cybersecurity 

analytics, may bring about a paradigm shift 

from reactive to proactive defensive measures, 

(Tanikonda, et al. 2022; Onwuegbuchi et al., 

2023). Such systems do predominantly apply 

conventional measures for cybersecurity rule-

based operations through human intervention 

thereby failing to respond dynamically in an 

environment where no cyber threat remains 

constant. Such threats include, but are not 

limited to, zero-day exploits and advanced 

persistent threats (APTs) (Ademilua, 2021). 

Real-time processing and analysis of massive 

heterogeneous datasets thus offer organizations 

the ability to detect anomalous behavior 

through artificial intelligence (AI), perform 

intrusion detection and preempt potential 

threats long before the latter can manifest 

evidence. According to Joshua et al., "anomaly 

detection, natural language processing (NLP), 

and neural networks" approaches have a 

capability of catching subtle hints from patterns 

of activity within data that may indicate 

possible malicious or disruptive behavior.   

Indeed, AI builds on data science to fine-tune 

the precision of threat analysis, minimize false 

positives, and speed up the detection and 

response (Dalal, 2018; Okolo, 2023). The 

article will present in-depth accounts of these 

AI-driven analytics tools that transform the 

cybersecurity domain where organizations can 

most optimally keep ahead of their adversaries 

(Adeyemi, 2023-2024). However, the future 

has kept evolving, and it will definitely be 

highly improved by predictive modeling of AI, 

which enhances modern security in cyber ways 

that would be most expected for predictive 

threat assessments (Raimi & Mutiu, 2020). AI 

algorithms trace patterns through the analysis 

of historical and real-time data to determine 

probable attack vectors, monitor newly 

emerging risks, and rank vulnerabilities by the 

likelihood and impact. Onyekpeze et al. (2021) 

expressed that Machine learning models, like 

decision trees, random forests, and recurrent 

neural networks, enable cybersecurity systems 

to learn from past incidents and adapt to 

evolving threat patterns (Lawal et al., 2021). 

These capacities are helpful in predicting high-

level attacks like ransomware or phishing 

campaigns that prey on human and systemic 

weaknesses. AI-powered predictive analytics 

allow for enhanced threat anticipation and 

proactive response to these attacks, thereby 

strengthening an organization's defense before 

the occurrence of any assault (Molokomme et 

al., 2022). According to Paleti (2022), AI 

should also be employed to assist risk 

management strategies by providing data-

driven insights for decision-making and threat 

analytics and assessment. These tools ascertain 

the risk profile of systems, networks, and 

applications by aggregating data from diverse 

sources, including threat intelligence feeds, 

user behavior analytics, and system logs 

(Omefe et al., 2021). This enables 

organizations to prioritize budgeting, resource 
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allocation, and specific security measures 

(Wagner et al., 2019).   Moreover, AI supports 

an incident response automation mechanism, 

minimizing time and effort required for the 

mitigation of threats. In doing so, Li, et. al., 

(2019) claims that through this marrying of risk 

assessment with automated remediation, 

organizations would be placed in a better 

position security-wise. As a result, the study 

provides an analysis of the frameworks and 

methodologies supporting AI-governed risk 

management strategies, considering their 

effects on operational effectiveness and 

organisational security (Victoria & 

Omosunlade, 2020; Omosunlade, 2024).  

 As a result, this article attempts to provide a 

comprehensive study of AI applications in data 

sciences for cybersecurity, with a primary 

focus on its use in analytics, risk management, 

and threat assessment.  To provide a 

comprehensive picture of how AI is 

transforming cybersecurity practice, the review 

incorporates case studies, recent research, and 

emerging trends.  The development of these 

frameworks is threatened by obstacles faced by 

AI applications in the cybersecurity space, 

including data privacy, ethical concerns, and 

aggressive AI.  In this discourse, this paper 

seeks to participate in some of the academic 

debating on AI as a facilitator towards safer, 

more adaptive, and resilient cybersecurity 

frameworks. In the end, this work will present 

the argument that AI is transforming how we 

protect digital ecosystems from the dynamic 

nature of cyber threats. 
 

2.0 Literature Review  

2.1 Overview of AI in Data Science  
 

Artificial Intelligence (AI) and data science 

build an amalgamated front that propels 

forward the cause of cybersecurity, using all 

kinds of computational methods to work upon 

data processing, analyzing inferences, drawing 

conclusions, and providing the blueprint for 

further action. While AI couples machine 

learning (ML), deep learning (DL) and other 

algorithmic bases to assist systems to learn on 

their own from data, identify recurring patterns, 

and make data-driven decisions with decreased 

human interference (Sarker, 2021). Data 

science is a field that is multidisciplinary and 

would intergrate statistical analysis, data 

mining, and predictive modeling to shine in 

uncovering pertinent matter from both 

structured and unstructured data (Delen, 2020). 

Their coming forth and interrelationship in the 

field of cybersecurity does nothing but multiply 

the latter's strengths by dealing with the 

mounting-callenges of complex threats; They 

afford aid in anomaly detection, threat 

prediction, and finally optimization defense 

and security actions. Morales and Escalante 

(2022) pointed out how methodologies such as 

supervised learning, unsupervised learning, 

and reinforcement learning are used in the 

study of monitoring network traffic, user 

behavior, and system logs to determine the 

presence of probable vulnerabilities and 

threats. 

Machine learning, one of the various AI 

subtypes, greatly contributes to cybersecurity 

applications through its ability to model 

complex data relationships (Pantserev, 2022). 

The algorithms for supervised learning, like 

decision trees and support vector machines, are 

set back for detecting preventive and risk 

activities, and they detect computers' malicious 

activities based on previously labeled sets of 

activities, like identifying phishing emails or 

malware signatures.Reddy has pointed out that 

unsupervised learning is useful for the different 

K-means clustering and detection of anomalies 

for identifying previously unknown threats by 

detecting the abnormal behavior in an account 

of network traffic or user activities.  For 

instance, it could flag login patterns that are 

awfully different from a user's regular login 

history and hence might indicate a brute-force 

attack. According to Katya (2023), these ML 

techniques fit within the context of data 

preprocessing, feature engineering, and model 

training governing on standardized data 
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science principles to boost the efficiency and 

scalability for cyber incidents in the real world.  

Ghillani in their work (Ghillani, 2022), said 

that deep learning, a more complex approach to 

machine learning, extends deep learning in the 

area of cybersecurity analytics by using higher-

dimensional, unstructured data types, such as 

images, text, and raw network packets. Beds of 

deep neural networks (DNNs), convolutional 

neural networks (CNNs), and recurrent neural 

networks (RNNs) can be used for performing 

things like NLP for analyzing phishing emails 

of sequence modeling for detecting multi-stage 

attacks (Li, 2018). An example would be RNNs 

that study time-series data of logs to anticipate 

if a cyberattack is likely, considering previous 

situations. Adediran, et. al., (2022) then 

declared early that higher computationally 

based resources were prerequisite for 

deployment in deep learning models; hence, 

extensive large datasets are needed for training, 

proving data science to be golden in managing 

data pipelines that ensure data quality and 

performance tuning of deep learning for 

cybersecurity scenarios.  

Tools developed in data analytics, out of and 

into data science, also compliment AI in setting 

up a framework for processing and interpreting 

cyber data (Ojolo, 2020). Descriptive analytics 

seizes upon and ciphers historical data looking 

for trends, such as instances of singular types 

of attacks, while predictive analytics, with the 

use of AIs, commodifies models to predict 

potential threats. Darke gave the center stage of 

prescriptive analytics, which is all about 

prescribing landings, say, firewall rules rather 

than kneading nothing and leaving any chance 

to it, without much muscle twitching to google-

fire-of this model. Apache Spark is a cudgel 

used to wield a heavy onslaught on great bulk 

of data in cybersecurity, at whole of real-time 

industries with the most significant to date 

offering full integration of AI and data science 

in building cyber systems big enough to deal 

effectively not only with threat-detection and -

response but also well-adapted to tackle new-

fashioned attack vectors for a greatly boosted 

proactive and resilient defensive stance. 
 

2.2 Cybersecurity Challenges  
 

The urgency for AI-driven transformation is 

underscored by the prominent challenges 

reported by cybersecurity professionals. Fig. 1: 

Biggest cyber security challenges, Infographic, 

(Research HQ. 2020) visually presents the key 

operational and strategic difficulties that hinder 

effective defense mechanisms. The data shows 

that the top challenge is an understaffed 

cybersecurity team (31%), a problem that AI 

and automation can directly alleviate by 

handling routine tasks and augmenting the 

capabilities of existing personnel. Closely 

following are the issues of insufficient 

cybersecurity training for non-technical 

employees (28%) and the over-reliance on 

manual and/or informal processes (28%), both 

of which increase risk and security incidents. 

The infographic also reveals strategic deficits, 

with a lack of cybersecurity knowledge, 

oversight, and commitment by executive 

management (23%) impeding the necessary 

investment and policy support. Furthermore, 

on the technical side, the complexity of too 

many disconnected point tools for 

cybersecurity (23%) creates silos and reduces 

the efficiency of threat detection and response. 

This fragmented toolset is exactly where the 

integration of robust data science practices and 

AI can provide a unified, intelligent framework 

for analysis and action. Understanding these 

core human, process, and technical challenges 

is critical for strategically deploying AI to build 

the resilient, adaptive cybersecurity 

frameworks discussed throughout this review. 

According to Mehta et al. (2019), the 

cybersecurity environment is become 

increasingly complicated, with modern threats 

increasing in size and sophistication and posing 

serious hazards to businesses worldwide.  

Advanced Persistent Threats (APTs), which are 

defined by extremely covert, highly targeted, 

and protracted operations mostly carried out by 

well-funded adversaries such as nation-state 
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actors or organised cybercrime organisations, 

are among the most significant of these 

concerns (Mphatheni & Maluleke, 2022). 

 

 
Fig: 1: Biggest cyber security challenges, Infographic, (Research HQ. 2020) 

Similar to other high-profile attacks and 

breaches, such as the notorious SolarWinds 

saga, APTs capitalize on vulnerabilities for 

long periods of time, intruding into the 

networks, extracting sensitive information, and 

disrupting business operations. Since APTs 

utilize zero-day exploits and a low-and-slow 

methodology, common signature-based 

detection would completely fail. This has been 

further corroborated by Ogu et al. (2019). This 

points to the importance of AI-based solutions 

capable of sifting through immense datasets, 

pinpointing minute anomalies, and correlating 

unrelated events to expose sophisticated attack 

technologies.  

According to Amos (2021), ransomware 

lawsuits have become yet another major 

cybersecurity threat.   Once critical data and/or 

systems are encrypted, the attackers demand 

ransoms from their victims for the decrypting 

keys. As a result, Ransomware-as-a-Service 

(RaaS), the new innovation in - hack - attack 

platforms, has enabled an increase in attacks on 

corporations, governments, and healthcare 

facilities. Such incidents include those of the 

Colonial Pipeline ransomware attack 

categorically discussed by Ugbe (2021), which 

goes further to show the kinds of devastating 

operational disruptions and financial losses that 

they can cause. Defense against ransomware is 

not complete without mentioning artificial 

intelligence (AI) solutions since attack vectors 

can be predicted using machine-learning-based 

models by examining attack patterns in 

phishing emails, malicious domains, or 

anomalous network activity. AI-based 

behavioral analytics allow businesses to spot 

early signs of ransom activity based on 

irregular file access patterns before encryption 

occurs to have room to mitigate before the 

damage is done (Ngwenya, 2021).  

Insider threats, whether malicious or 

unintentional, pose huge security challenges 

for organizations, where employees or trusted 

partners may leverage their privileged access to 

bring compromise to the systems or data 

(Adane, 2020). Most inadvertent insiders 

expose vulnerabilities through phishing or 

unsafe security procedures; malicious insiders 

would benefit from the theft of confidential 
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data. According to Yuan and Wu (2021), robust 

access and credentials of insiders normally 

make identification of insider threats difficult, 

as the insiders can conceal any malevolent or 

illegal activity. This is resolved by AI-driven 

user and entity behaviour analytics (UEBA) 

through creation of baselines of typical 

behaviour and identification of departures from 

such, including odd log-in times or data 

downloads. Data science and machine learning 

would be used by organizations to differentiate 

between suspicious and harmless activities and 

accelerate procedures for early reactiveness to 

system penetration or data breaches (Evans et 

al., 2019; Sanni, 2024).   

In an always-surpassing threat environment 

such as the current one for Advanced Persistent 

Threats (APTs), ransomware, and insider 

threats, defense mechanisms must be adaptive, 

proactive, and intelligent (Mohammed, 2022). 

AI technologies build machine learning, deep 

learning, and data analytics by analyzing a 

huge volume of data when compromised by a 

provocative threat and executing automated 

real-time responses. Owolabi (2022) noted that 

AI can be used to enhance the intelligence on 

threats from the correlation of very relevant 

data from different sources, ranging from 

network logs to external threat feeds, to infer 

attacks. These challenges, including 

adversarial AI by which attackers compromise 

the models to evade detection, and those 

relating to the need for quality and diverse 

datasets, compel a strong AI framework. Such 

analysis places a strong emphasis on AI as an 

important buffer in confronting modern 

cybersecurity threats, with organization-wide 

actions remaining a step ahead of adversaries 

in the much-changing digital landscape (Odoh, 

2021).  

2.3 AI Applications in Cybersecurity 
 

Multiple scientific publications exist in the 

terrain of cybersecurity discussing the impacts 

of artificial intelligence on targeting advanced 

cyber attacks. Artificial Intelligence (AI)-based 

anomaly-detection mechanisms exploit 

machine learning (ML) to detect any deviation 

from normal performance of either a system or 

a user and to flag potential intrusions or 

malware (Mustapha, et. al., 2022). 

Nonetheless, supervised and unsupervised 

learning techniques come into play here, for 

example, employing support vector machines 

and autoencoders or clustering techniques with 

respect to network traffic, system logs, or user 

activities. It can be observed in some scholarly 

work that some anomaly-detection systems are 

able to notify an abrupt change in activities 

such as those associated with new and 

unrecorded exploits by some sort of zero-days 

and unveiled within footprinting of audiences 

with reasonable suspicion (Santosh & Gaur, 

2022). Such systems make use of data science 

techniques to outdo their performances with 

respect to almost real-time processing of big 

data of different formats for reducing false 

positives and improving the overall accuracy of 

threat detection beyond the concepts of 

traditional rule-based methodologies. 

Natural Language Processing (NLP) is also 

another vital pursuit in AI that helps in threat 

intelligence by analyzing unstructured text data 

from multiple sources like security reports, 

dark web forums, and phishing emails (Opara, 

et. al., 2018). An animated view of NLP 

techniques-edge sentiment analysis, topic 

modeling, and named entity recognition-is post 

most of the times in extracting actionable 

information from colossal textual material. 

Rockey (2022) also highlights awareness of 

NLP in the process of identifying new threats 

by tracking communications carried on by 

hackers on underground forums or detecting 

potential phishing attempts by semantic 

analysis of email messages. The advent of 

transformer-based models like BERT has 

enabled fine-grain classification of threatening 

communications with high precision.ng (#) 

(Useng & Abdulrahman, 2022). Integration of 

NLP with threat intelligence platforms stars to 

pave the way for better simulating known 

vulnerabilities within the system and even the 
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threat. This ultimately helps in predictive 

mitigation when detected trends become 

vectors of attack.  

Reinforcement Learning (RL), a major trench 

in cybersecurity research, equips an adaptive 

mechanism that customizes the ways of a 

system in learning its optimal responses 

through interactions with changing 

environments in competition with very many 

other options whereby it learns through trial 

and error (Kalejaiye, 2022). Research reports 

and further explorations of Q-learning and deep 

Q networks for real-world scenarios of 

intrusion response and network security 

optimization. Halliday (2020) exemplifies RL 

for reconfiguring firewall rules or for choosing 

to apply patches first in response to changing 

threats. A number of perspectives demonstrate 

that RL can function as training platforms to 

expose defenders to the kinds of adversarial 

activities likely to be used against them (Chio 

& Freeman, 2018; Paul, 2019). This 

adaptability ensures efficient working against 

APTs, where attackers can innovate constantly. 

In reality, RL has hit the ground running: it 

promises to establish and automate 

cybersecurity defenses with the ability to 

optimize decisions in real time.  

The literature has established that these types 

of AI toolkits-the anomaly detection, NLP, and 

reinforcement learning-are linked, but 

frequently labor as a team to create a complete 

system for cybersecurity. Ali and Rasool 

(2020) comments on how integrating the 

anomaly-detection systems to provide NLP-

based threat-intelligence systems advantages 

RL-driven action strategies. Challenges on the 

running forefront of the cutting-edge, such as 

the computational complexity of these 

problems, quality of labeled data, and 

possibilities of adversarial attacks where 

malicious hackers encrypt carpet tools to skew 

the workings of AI, come through every 

research. Invasive—yet invaluable for the field 

of AI fortresses against the dangers of the 

cybersphere._Offsetting the adversities, AI 

partially is making cybersecurity research 

partners through Data analysis towards fighting 

problems of simple detection and analysis to 

manage and react to impending threats with 

unprecedented speed and precision. This very 

review underscores the strategic importance of 

AI in efficiently constructing resilient, adapting 

to the changing condition defense-yielding 

strategies for combating cyberspace threats. 

3. 0 AI in Cybersecurity Analytics  

3.1 Data Processing and Feature 

Engineering  

Aurora, meanwhile, defined data preprocessing 

and feature engineering as two functions that 

transform a raw, complicated data set into 

structured and useful input to machine learning 

models from an AI's perspective. Those 

propositions proved true in the context of 

security in cyberspace as fruitful but more 

difficult examples of datasets at high volume. 

Such varied types include network traffic logs, 

system event records, or user behavior data, 

which by nature are noisy and unstructured in 

cybersecurity applications. The performance of 

threat detection and predictive models is 

enhanced by some AI techniques, such as 

clustering and dimensionality reduction, which 

preprocess data, identify trends, and reduce 

noise and superfluous features (Maamar and 

Benahmed, 2019).  For instance, clustering 

allows analysts to identify unusual behaviours 

that would normally indicate risks like malware 

or intrusions by grouping similar data points, 

such as network packets or user actions, based 

on shared features (Oyelade et al., 2019).  

These techniques thus make sure that data 

going in and out of the models, represented 

through AI, is high-quality and meaningful 

data, thus improving accuracy and 

computational efficiency. 

As mentioned by Fuchs and Höpken (2022), 

clustering methods, such as k-means, 

hierarchical clustering, and DBSCAN, are 

employed in cybersecurity for preprocessing 

data and also to unearth hidden patterns. For 

instance, k-means clustering may be used for 
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segregating network traffic into clusters of 

normal and suspicious activities, wherein 

"outliers" can be detected that may indicate a 

distributed denial-of-service (DDoS) attack or 

unauthorized access attempts. DBSCAN can be 

effectively employed to isolate irregular 

behaviors from systems logs without 

predefining their amounts, especially when 

dealing with a noisy dataset (Diaz-Papkovich, 

et. al., 2019). Research shows that clustering 

enables better anomaly detection by 

minimizing false positives and focusing the 

analytics efforts on high-risk data subsets 

(Gunay & Shi, 2020; Pillai, 2022). Ingenious 

data science methods are required to deal with 

volume and complexity of cybersecurity data 

and empower AI models to effectually assay 

huge datasets in short time.  

Dimensionality reduction techniques such as 

Principal Component Analysis (PCA) and t-

SNE thus are important feature engineering 

tools for reducing complexity in the high-

dimensional cyber security datasets while 

appropriately retaining all vital information 

(Arowolo et al., 2021). Features in high 

dimensions, such as packet characteristics for 

network packets or user behavior metrics, can 

act as a distraction to the machine learning 

models, leading them into overfitting or 

cramping the computational capacity.  PCA 

converts the correlated features into a lower 

dimension of uncorrelated components and 

retains all the variance while simplifying the 

dataset (Aigbokhan et al., 2022). For instance, 

traffic dimension reduction can be caused by 

reducing the dimensions from packet size and 

type to focus on those which are more 

predictive of malicious acts. Efficiency and 

accuracy of model training exhibit that 

dimensionality reduction aids tremendously in 

such applications as intrusion detection, where 

pattern distinguishing between benign and 

malicious is critical (Otiko, 2020; Sunyoto, 

2022).  

Very thorough data processing and feature 

engineering works towards the AI model's 

performance in cybersecurity include 

normalization, feature selection, and data 

augmentation (Uddin et al., 2018).  A good 

example of normalization is how byte counts or 

session durations should be consistently scaled, 

to avoid bias in model training. Jeon and Oh 

(2020) asserted that feature selection methods 

such as mutual information or recursive feature 

elimination single out useful attributes like IP 

addresses or timestamps to guide threat 

detection. Furthermore, data augmentation 

techniques, such as synthetically generated 

data, will deal with imbalanced datasets, 

another issue common with cybersecurity 

(Gao, 2020). Through clustering, 

dimensionality reduction, and other data 

science methods, data could efficiently be 

processed and valuably interpreted to be 

applied for AI-driven cybersecurity analytics. 
 

3.2 Anomaly Detection and Intrusion 

Detection Systems  
 

The provided Table 1: Comparison of Anomaly 

Detection and Intrusion Detection Systems is a 

detailed breakdown of the two primary 

methodologies used in AI-driven cybersecurity 

to identify threats. The table effectively 

contrasts their features, approaches, strengths, 

and weaknesses, which is crucial for 

understanding how AI is applied in the context 

of Cybersecurity Analytics. 

Nowadays, anomaly detection and intrusion 

detection systems (IDSs) can be regarded as 

one of the exemplary tools for modern cyber 

defence mechanisms; among the many 

techniques for detecting unusual patterns and 

possible intrusions in network traffic, 

supervised and unsupervised learning are very 

important (Ahmadi-Assalemi, 2022). 

Anomaly detection defines threats such as  

malware, unauthorized access, or distributed 

denial-of-service (DDoS) attacks as deviations 

from established baselines of normal behavior.

Table 1: Comparison of Anomaly Detection and Intrusion Detection Systems 
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Feature Anomaly Detection Intrusion Detection Systems (IDS) 

Primary Purpose Identify deviations from 

normal behavior or patterns 

Detect malicious activities, policy 

violations, or security threats 

Detection 

Approach 

Statistical, ML-based, or 

behavioral analysis 

Signature-based (misuse), anomaly-

based, or hybrid 

Baseline 

Requirement 

Requires a model of 

"normal" behavior 

Signature-based: Requires patterns. 

Anomaly-based: Requires behavior 

model. Known: Requires known attack 

normal. 

Known Threats May miss known threats if 

they appear "normal" 

Signature-based: Excellent at detecting 

known threats. Anomaly-based: May 

detect known threats if anomalous. 

Unknown 

Threats (Zero-

Day) 

Better at detecting 

novel/unknown attacks 

Signature-based: Cannot detect unknown 

threats. Anomaly-based: Can detect 

unknown threats. 

False Positives Typically higher (due to 

legitimate but unusual 

activity) 

Signature-based: Low. Anomaly-based: 

Higher. 

False Negatives May occur if attack mimics 

normal behavior 

Signature-based: High for unknown 

attacks. Anomaly-based: Lower for novel 

attacks. 

Common 

Techniques 

Clustering, autoencoders, 

statistical thresholds 

PCA, Signature matching, protocol 

analysis, heuristic rules, ML. 

Deployment 

Context 

Network traffic, system logs, 

user behavior, IoT devices 

Network (NIDS), Host (HIDS), or Hybrid 

(e.g., firewalls, endpoints) 

Adaptability High (can learn evolving 

normal behavior) 

Signature-based: Low (requires updates). 

Anomaly-based: High. 

Examples Unusual login times, 

abnormal data transfers, 

outlier transactions 

Snort (signature-based), Suricata, OSSEC 

(HIDS), Zeek (anomaly-capable) 

Dridi (2021) believed that supervised learning 

techniques such as decision trees, random 

forests, and support vector machines are 

trained on datasets tagged with positive or 

negative examples of network activity. 

According to Efefiong (2021), autogenerated 

models using historical data from signatures of 

known attacks can devise fairly accurate 

specific intrusion detections, such as SQL 

injections. These techniques would work well 

in an environment where threat patterns are 

defined, not needing historical data because of 

the dynamic nature of cyber threats. However, 

maintaining comprehensive labeled datasets 

becomes a challenge because they can attest to 

fighting an evolving threat landscape. 

Anomaly detection can be described as the 

unsupervised learning which defines the 

identification of new or unknown threats that 

need no labelled data. Ogunwale (2022) states 

that the methods which study network traffic to 

present normal behaviour profiles and 

consequently identify anomalies include 

isolation forests, autoencoders, and k-means 

clustering. An autoencoder identifies abnormal 

behaviour by reconstructing network packet 

data and is particularly sensitive to 

reconstruction errors that are much higher than 

the normal range; these may point towards an 
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advanced persistent threat (APT) or a zero-day 

exploit. This kind of study suggests that 

unsupervised methods are very appropriate for 

discovering entirely new attacks that do not 

assist in the creation of pre-defined attack 

signatures (Igbekele, 2021; Vincent & Prince, 

2021). Thus, unsupervised learning enhances 

the capability of intrusion detection systems by 

processing large at-scale data on real-time 

networks and offering the opportunity for 

organizations to outmatch sophisticated 

adversaries present in dynamic threat 

landscapes. 

Supervised and unsupervised simultaneously 

employed approaches improve robustness and 

adaptability in IDS (McCarthy, et. al., 2022). A 

hybrid approach, such as semi-supervised 

learning, utilizes a small labeled sample for 

directing anomaly detection in an unlabeled 

dataset. Idhammad, et. al., (2018) stated that 

the semi-supervised model may include a small 

number of labeled malicious traffic samples to 

improve clustering, thereby enhancing 

detection for new types of attacks. It has been 

shown through studies that hybrid systems 

perform better than purely supervised systems 

with reduced false positives and also 

demonstrate improvements in detection rates 

against intricate threats such as botnets or 

insider attacks (Igbekele, 2021; Hossain & 

Islam, 2022). Furthermore, deep learning 

techniques such as convolutional neural 

networks (CNNs) and recurrent neural 

networks (RNNs) have gained popularity in 

temporal and spatial patterns in network traffic. 

These enhanced IDS can easily recognize 

complex multi-stage attacks with high 

accuracy. 

The challenges with anomaly/intrusion 

detection systems can be summarized as high 

computational requirements, susceptibility to 

adversarial attacks, in which AI models are 

forced to behave contrary to their training, and 

the need for continuous retraining to 

accommodate changes in a threat landscape 

(Fan, et. al., 2021). Critical to model 

performance improvement and noise 

abatement is feature engineering, which 

involves choosing relevant network features 

such as packet size, protocol type, and 

connection frequency. Data sciences 

techniques include preprocessing data in real 

time and reducing dimensions to ensure that 

IDS handles networks traffic volume and 

velocity (Joshi & Patel, 2021). By way of 

learning by both supervised and unsupervised 

methods, modern IDS indeed deliver proactive 

defense, giving organizations higher 

confidence and speed in possible intrusion 

detection and reaction as the threat landscape 

evolves. 

4. 0 Predictive Threat Assessment  

4.1 Predictive Modeling Techniques  
 

Predictive modeling using A.I. is an emerging 

paradigm in cybersecurity-forecasting threats 

and how those may have been predicted from 

historical and real-time data (Sunkara, 2021). 

The models characterize by complex 

algorithms such as the time-series model and 

neural network, which predict aspects that 

inform an attacker vector, vulnerabilities, and 

defense prioritization.  Choi et al. (2021) 

mentioned an example of time-series analysis, 

widely used to model time-based behavior in 

network traffic, system logs, or user behavior, 

which would help to predict a future possible 

threat, such as a distributed denial of service 

(DDoS) attack or the spread of malware. 

Techniques like the Autoregressive Integrated 

Moving Average (ARIMA) and Long Short-

Term Memory (LSTM) networks have the 

capacity to grasp sequential dependency and 

would help in identifying trends or anomalies 

that might herald an attack (Dalal, 2018). 

Streaming real-time feeds of information from 

multi-sources undergoes a detailed analysis 

process involving these models, which results 

in valuable insights that can be used to mitigate 

threats. 

Deep learning models - neural networks have 

brought predictiveness in modeling for 

cybersecurity because of handling highly 
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complex and non-linear relationships in high-

dimensional data (Dixit & Silakari, 2021).  

RNNs, along with their forms such as LSTMs 

and GRUs, work well with time-series data, 

such as packets and user online activities, to 

predict multi-step attacks like advanced 

persistent threats (APTs). CNN models are also 

used to extract spatial attributes from structured 

data, like packet headers, to predict different 

attacks, such as phishing and ransomware. 

According to these studies, neural networks 

outperformed any of the traditional models in 

terms of large, rapidly changing data sets 

(Abiodun, et. al., 2018; Ibor, et. al., 2022). 

Attack scenarios are modelled by analyzing 

former attack data and present threat 

intelligence to predict attacks as a likelihood or 

outcome. Decision trees, random forests, and 

gradient boosting machines-the other AI-

driven predictive modeling techniques-widely 

used in cybersecurity, according to Onyekpeze, 

et. al., (2021).  Otokiti, et. al., (2022) stated that 

gradient boosting algorithms will predict 

phishing campaigns because of patterns 

observed in the email metadata and how users 

click. Combining models-sometimes called 

ensemble methods-improves accuracy further 

by reducing overfitting and broadening 

generalization in various attacks. Studies 

indicate that those techniques focus on 

vulnerability prioritization and would help 

companies distribute their resources to tackle 

high-risk potential threats even before they 

form (Udie, et. al., 2018; Ozkaya, 2019).  

The predictive modeling for cybersecurity is 

directly dependent on strong data 

preprocessing and feature engineering that is 

presently rooted in data science (Ahsan, et. al., 

2021). The normalization techniques, along 

with temporal feature extractions, such as the 

feature selection, ensure quality input for the 

models, including timestamps, packet 

frequencies, or patterns of user access, though 

the data imbalance problem, where malicious 

events are significantly rarer than the benign 

ones, as well as the need for continuous model 

retraining to adapt to a changing threat 

environment, remain the challenge (Pan, et. al., 

2021). The opposite situation is that of an 

adversarial attack, in which an attacker's aim is 

to manipulate inputs of some kind for the 

evasion of detection, thus compromising model 

reliability. AI prediction modeling using time-

series analysis, driving neural networks, and 

falsifying methods is about organizations being 

able to predict and deter cyber-treats with an 

unprecedented degree of sophistication, thus 

establishing a more proactive and resilient 

cyber posture (Gao, et. al., 2018). 
 

4.2  Threat Intelligence Integration  
 

Following the analysis of the challenges and 

core technologies in cybersecurity, Fig. 2 

presents a high-level conceptual framework 

showing how threat intelligence, security data, 

and analytics operate as a continuous and 

adaptive system. The framework demonstrates 

that effective AI-enabled defence depends on 

the integration of these components into a 

proactive feedback cycle. It begins with the 

gathering of threat intelligence, where external 

information on adversaries is collected and 

analysed before being integrated into the 

workflow to strengthen predictive and risk-

based strategies. It then moves to the 

aggregation of security data, in which the 

environment is scoped, raw logs and events are 

collected and stored, normal behaviour is 

baselined, and policies are defined to support 

both anomaly and misuse detection. The 

security analytics stage serves as the analytical 

core where AI models examine the processed 

data, correlate it with integrated intelligence, 

generate alerts, assign priorities, and initiate 

deeper data collection when required. The 

action phase closes the loop as analysts validate 

alerts, escalate confirmed threats, and feed the 

outcomes back into the system to refine 

intelligence processes and tune detection 

policies. This continuous cycle embodies the 

organisational and technical structure needed 

to deploy resilient, adaptive cybersecurity 



Applied Sciences, Computing and Energy, 2024, 1(1), 206-230 217 
 

      

systems that rely on AI to handle the growing 

complexity of data and threats. 

 

 
Fig. 2:  Threat intelligence integration (Malware News. 2020) 

 

The integration of AI and threat intelligence 

platforms improves cybersecurity for 

organisations by utilising AI's capacity to 

accurately identify, evaluate, and promptly 

address vulnerabilities (Jimmy, 2021).  Threat 

intelligence platforms collect information from 

different networks; logging, security reports, 

open-source intelligence (OSINT) sources, 

dark web forums, etc.; analyse this information 

and present actionable insights into new and 

emerging threats. As stated by Egbuhuzor et al. 

(2022), the machine-learning-and-natural-

language-processing (ML-and-NLP) 

mechanism of artificial intelligence gives these 

platforms the facility to process huge amounts 

of structured and unstructured data in real-time, 

so as to identify patterns or correlations beyond 

the purview of human analysts.   According to 

Nwaimo, et. al., (2019), NLP techniques like 

sentiment analysis and named entity 

recognition can extract vital information from 

hacker communications or phishing e-mails, 

enabling the tracking of new attack vectors or 

campaigns. Such an integration helps 

organizations to address threats such as 

ransomware or advanced persistent threats 

(APTs) proactively, and in due times, before 

major incidents happen.  

AI-Enhanced integration of threat intelligence 

therefore has an upper hand in the risk 

prioritization by a reasonable assessment of 

threat probability and impact. Decision trees or 

gradient boosting algorithms are examples of 

machine learning models that correlate 

historical or real-time data with risk scores to 

assign them to vulnerabilities or attack 

indicators (Jun, 2021). For example, an AI 

model might prioritize a zero-day exploit 

according to how prevalent it was in threat 

intelligence feeds, along with how relevant it 
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was to an organization's infrastructure. The 

further achievements of risk prioritization 

include Bayesian networks and 

probabilabilistic models such as these that 

include uncertainties into such platforms to 

evaluate additional factors like the attacker's 

intention or criticality of systems."  Research 

shows AI-enabled platforms can automate 

correlating threat data from various sources, 

thus shortening response times and allowing 

security teams to concentrate on higher risks 

for better resource allocation (Veluru, 2021; 

Reddy, 2022). 

Deep learning techniques like recurrent neural 

networks (RNNs) and transformer-based 

models strengthen threat intelligence by 

studying temporal and contextual patterns in 

data. Jimoh (2021) said the RNN has the ability 

to process time series data from detected 

behaviors in network logs and feed to predict 

the advancement of multi-stage attacks like 

lateral movement inside a network. The BERT 

transformer model was used to process 

unstructured text from threat reports to extract 

actionable insights on malware or phishing 

trends (Olukanmi, et. al., 2021). With the help 

of these models, the threat intelligence 

platforms became capable of forecasting 

modification in attack methodology, thus 

issuing early alerts for incidents to come. 

Research indicates such AI driven methods 

offer enhancement to accuracy in forecasting 

threats with considerable sophistication not 

traceable through traditional detection.  

Above all the good, however, adopting AI for 

threat intelligence platforms is not without its 

difficulties. A strong requirement for datasets 

with quality and diversity stands as one of these 

challenges, the other is adversarial AI; here, the 

attackers corrupt data to mislead such models 

(Saleem Khan, 2021).  The importance of 

ensuring that the AI models are fed with 

relevant and valid inputs such as IP addresses, 

domain names, or behavioral indicators cannot 

be overstated and falls under data science 

processes in normalization and feature 

engineering. There remains the need to retrain 

the models with respect to the incoming threat 

landscape. According to Ahmad and Abbas 

(2021), with deployment of AI and threat 

intelligence together, organizations can 

practically achieve a proactive posture towards 

cybersecurity where anticipation of risks 

ahead, prioritization of responses, and 

precision in mitigation of threats becomes a 

norm within a rather complex digital 

environment. 
 

4.3 Limitations and Challenges  
 

With regards to the AI-driven prediction 

models in cybersecurity, while these are 

transformative, they also come with serious 

caveats limiting their effectiveness, one of 

which is data quality. In fact, diverse and high-

quality samples are needed to form good 

representations for modeling, but this hardly 

applies to cybersecurity data, which, by virtue 

of the low occurrence of malevolent events as 

from benign events, is almost incomplete, 

noisy, or imbalanced (McCarthy, et. al., 2022). 

For example, incomplete network logs or 

mislabeling of attack data can bias the models 

developed for them leading to poor 

generalization of such models to novel threats. 

Moreover, cyber threats are highly dynamic, 

which may also require the data to be 

constantly captured; however, collecting real-

time, labeled data from newly discovered 

attacks, such as zero-day exploits, often proves 

impractical. According to research, poor data 

quality can cause machine learning models 

such as neural networks or even decision trees 

to perform worse, which can result in missing 

threats or inaccurate predictions (Ewuzie et al., 

2021; Ekubo & Esiefarienrhe, 2022). 

With so many noise issues related to predictive 

models of cybersecurity, the most striking 

review is between anomaly detection and 

intrusion detection systems (Goswami, 2022). 

False positive includes benign activities that 

are flagged as malicious, overwhelming 

security teams and resulting in alert fatigue. An 

unsupervised learning model can use 
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autoencoders, and might misinterpret the 

legitimate user behavior with ids marked by 

unusual times of login as a possible insider 

threat (Patel, 2019). High false-positive rates, 

this study shows, tend to kill trust in AI systems 

and misdirect resources toward non threats 

(James, 2020; Blauth, et. al., 2022). Although 

feature engineering and threshold adjustment 

methods could reduce false alarms, sensitivity 

and specificity balance has never been a 

straightforward undertaking, especially for a 

complex network with diversified traffic 

patterns.  

Adversarial AI attacks would be a growing 

future constraint, as cybercriminals have been 

more and more taking advantage from [used] 

weaknesses in predicting models (Kreinbrink, 

2019). The attackers employ data poisoning by 

dumping bad data into training sets, and 

capture evasion by carefully formulating inputs 

to avoid detections by the trained machine 

learning models. Kaloudi and Li (2020) 

indicates that adversary perturbations in 

network traffic data would deceive deep 

learning models like convolutional neural 

networks into misclassifying malicious packets 

as benign. Rigorous research shows that 

adversarial AI calls for stringent 

countermeasures, such as adversarial training 

or model ensembling, but these add to the 

overhead and complexity of computing 

resource requirements (Babatunde, et. al., 

2020; Machado, et. al., 2021; Adeusi et al., 

2024). The above challenges justify the need to 

continue validating and adapting the models 

against emerging sophisticated adversaries. 

The age of computational complexity, and 

many ethical issues serve to complicate further 

the deployment of predictive models 

(Mühlhoff, 2021). Training complex models 

such as deep neural networks consumes vast 

computational resources, which may be way 

above the threshold of many small 

organizations. Ethical considerations would 

arise from data privacy as analyzing user 

behavior or network data encompasses 

sensitive information (Awad, et. al., 2022). 

Overreliance on automated AI systems might 

even create limited human oversight and 

possibly leave some errors or biases 

unaddressed. According to Coussement and 

Benoit, 2021, best practices in data science 

relative to these problems include but are not 

limited to anonymization of data, and model 

interpretability methods. Somehow, however, 

ongoing advancements in AI and data science 

will grow the robustness of models while 

lowering false positives and improving 

adaptability, thus qualifying predictive models 

as one of the best-maintained methods of cyber 

security. 

5. 0 Advanced Risk Management 

Strategies  

5.1 AI-Driven Risk Assessment 

Frameworks  
 

Artificial intelligence-implemented risk 

assessment frameworks leverage advanced 

techniques like probabilistic modeling and 

decision trees for the enhanced quantification 

and prioritization of cybersecurity risks to 

provide businesses opportunities to optimally 

allocate resources for the improvement of their 

defense capabilities (Trawinski, 2022). For 

probabilistic modeling, we need Bayesian 

networks and Markov models and risks are 

quantified by estimating the likelihood and 

impact of potential threats based on historical 

and real-time data. As such, Bayesian 

networks, as Adebayo, et. al., (2022) put it, 

synthesize threat intelligence, system 

vulnerabilities and attack patterns to predict the 

likelihood of a ransomware attack targeting a 

particular asset. These models accommodate 

uncertainties to create risk profiles dynamically 

in complex and evolving environments for the 

organization. In marrying probabilistic 

approaches to data science, AI frameworks 

help identify areas of confrontation in high-risk 

scenarios to predict their likely outcomes (Fan 

et al. 2020). 

Decision trees, along with their many 

variations like random forests and gradient 
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boosting machines, are vital in risk 

prioritization by shaping paths of decision-

making and peer-rating differing outcomes 

(Syam & Kaul, 2021). Where risk factors-

whether they may be network vulnerabilities, 

user behavior anomalies or external threat 

indicators-are broken down, decision trees 

represent these hierarchical nodes, effectively 

allowing for a ranking of mitigation tactics. In 

other words, McCoy, in 2022, argues, if a 

decision tree favors the above example, 

patching a known critical vulnerability on a 

server, opposed to a low-risk vulnerability of 

an unknown endpoint due to exploitation by 

threat. An ensemble method is always a remedy 

to overfitting, Random forests outperform 

more complicated models in optimizing 

decreasing priority in the risk factors to focus 

on and handle substantial information 

effectively, such as network logs and threat 

feeds gathered: This model shifts the focus on 

the biggest potential threats concerning asset 

compromise in order for organizations to 

allocate resources accordingly.  

AI-driven frameworks enhance risk assessment 

by aggregating risk from different data sources, 

including threat intelligence platforms, system 

logs, policy violations, and user behavior 

analytics, thereby creating comprehensive risk 

profiles; these are then analyzed by machine 

learning algorithms to detect risk scores and 

assign higher weights to risky ones. Machine 

learning techniques usually provide 

frameworks with insights into categorical 

gradient tree boosting of procurers of 

criticality, such as supervised algorithms for 

high-risk levels (Akhtar & Feng, 2021). 

Esoteric as it may be, an AI technology in a 

framework applying a feature-selection model 

may save whoever adopts it from severe risks. 

Hypothetically, converting users susceptible to 

documenting their idea will certainly carry 

language-specific meaning and attribution of 

risk in patchy situations: Furthermore, the 

system generates a bias in the estimated risk 

assessment through the biases inadvertently 

created through the preceding data. Internally 

oriented AI-supported cloud risk mediation is 

necessary for cloud adoption among the firms; 

added to this is the significant growth potential 

of AI technologies supporting organizational 

decision-making. 
 

5.2  Automated Response Mechanisms  
 

The AI lets one build an alteration feature that 

will automates the incident response along with 

the mitigation strategies in the scenario of an 

abrupt incident, which could be a cyber 

incident, perhaps just to minimize the damage. 

Lewis, et. al., (2019), said when rapid and 

effective responses to cyber incidents on an 

automatic basis are possible, damage can be 

minimized and very fast response are possible 

to the incident. The real-time detection of 

threats, evaluation of their intensity, and 

execution of response actions may take place as 

pre-defined or as a new course performed 

without human interference due to machine 

learning (ML), and deep learning and data 

science techniques. Amadi, Karim and Abbas 

(2022) have recommended that AI models 

could include automatically quarantining a 

compromised system, blocking malicious IP 

addresses, or patching when it discovers 

intrusions like ransomware or distributed 

denial-of-service (DDoS) attacks. Studies 

pointed out that automated processes have very 

little time of response compared to manual 

processes, providing the organizations time to 

contain threats before escalation. For example, 

in some cases where AI driven firewalls 

undertake such attacks, they have managed to 

mitigate them within seconds (Ochuba et al. 

2021; Odoh 2021). 

Central in automating the incident response 

improves prioritization and execution of 

mitigation strategies by machine learning 

algorithms such as decision trees and 

reinforcement learning (RL). Decision trees 

provide an outline of the response path 

according to the key attacks that they expect in 

case of an attack or according to the criticality 

of the attacked system, thereby enabling 
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systems to take the best action, like 

quarantining a device or terminating a 

suspicious process (Chockalingam, 2021). RL 

makes adaptive responses possible since it 

learns from past events and optimizes actions 

in ever-changing situations. Trujillo (2021) 

suggests that, based on recurrent assault 

patterns, an RL-based system could adjust 

firewall rules in a dynamic manner. AI methods 

have been shown to enhance response precision 

and scalability, particularly in massive 

networks, where human intervention becomes 

unfeasible (Olusanya et al., 2022; Otaigbe, 

2022). By converging threat intelligence 

platforms and security orchestration, 

automation, and response (SOAR) systems, AI 

augments automated response mechanisms 

(Kinyua & Awuah, 2021).   Ingested by 

information crowdsourced from real-time 

threat feeds, user behavior, and system logs, the 

AI models correlate the information 

accordingly to enact the conditional responses: 

for example, revoking user credentials that has 

been compromised or rerouting malicious 

intra-traffic. Young, Luz, and Lone (2019) 

further add that Natural language processing 

(NLP) furthers this automation as it extracts 

actionable insights from unstructured incident 

reports and makes it possible for systems to 

update their response protocols automatically. 

An NLP reflection, for instance, analyzes the 

metrics associated with phishing emails and 

automatically updates email filters. As AI-

based SOAR platforms mechanize many 

repetitive tasks, the mean time to respond 

continues reducing, thus allowing security 

professionals to put their efforts into 

counteracting more complex threats (Felix & 

Claudia, 2021; Hammed & Sheriffdeen, 2022). 

Automated response mechanisms can be 

equally good at disadvantages with respect to 

every good effect. Nagar (2018) pinpoints the 

fact that false positives will give rise to 

unnecessary responses like blocking legitimate 

users and over-relying on automation creates 

blind spots due to decreased human monitoring 

misses& nuances in threats. Have you heard 

what the AI-based SOAR platforms are 

chomping at? It is churning repetitive manual 

mean times to respond, facilitating security 

professionals to focus more on the 

counteractions on more complex threats (Felix 

& Claudia, 2021; Hammed & Sheriffdeen, 

2022).  

Automated response mechanism equally 

exhibits well in disadvantages. Nagar (2018) 

emphasizes the fact that false positives would 

activate unnecessary shots like barring 

legitimate users, while overreliant automation 

clouds the human monitoring aspect to let other 

dimensions go missing regarding threats.  

Then, of course, there are the threats in 

adversarial AIs where attackers use the models 

to escape detection. Data science techniques 

such as strong feature engineering and re-

training models continuously are essential for 

accurate inputs and adjustments to new threats 

(Punmiya & Choe, 2019). Such challenges 

addressed would leave the automated response 

mechanisms driven by AI ready to empower 

organizations to manage cyber incidents faster 

and more efficiently and respond better to the 

increasingly dynamic threat landscape. 
 

5.3 Ethical and Privacy Considerations  
 

These ethical and privacy issues that IT raises 

in the field of cybersecurity through artificial 

intelligence (AI) develop serious issues of 

ethics on privacy bias concerning AI models 

along with extensive data collection (Timmers, 

2019). Bias in AI models arises due to a skewed 

or unrepresentative training dataset, which 

leads to judgments that are incorrect or unfair. 

Akinje and Fuad (2021) stated that "If a 

machine learning model used for anomaly 

detection is trained with data that doesn't 

account for all behavioral differences of 

possible users, then the model may wrongly 

identify valid activity as suspicious, impacting 

certain groups disproportionately." Practical 

bias can cause distrust in cybersecurity 

systems, and increase vulnerabilities through 

misallocation of resources (Makanto & Eze, 
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2021; Stephens, 2022). Ethical threat 

identification and response across various 

network contexts will be ensured by strong data 

science practices that address prejudice 

through diversified dataset curation and 

fairness-aware algorithms.  

Privacy implications are also a critical concern 

with the high volume of data needed for AI 

analytics in security (Owobu, et. al., 2022; 

Akinsanya et al., 2022-2023). Typically, they 

rely on sensitive data associated with user 

behavior logs and network traffic, as well as 

personal identifiers, to detect possible attacks 

like internal attacks, phishing, and so forth. 

Unfortunately, this kind of monitoring further 

impinges upon individual privacy, as well as on 

ethical considerations arising out of consent 

and use. According to Hakonen (2022), user-

behavior analytics (UBA) systems will track 

and monitor employees so that anomalous 

behaviors can be investigated, resulting in 

unnoticed surveillance. Studies reveal that 

organizations may be violating such laws as 

GDPR or CCPA, requiring a much stronger 

standard of protection of that data, without 

privacy protections like anonymization or 

minimization (Barta, 2018; Brasher, 2018). 

The balance between security needs and 

privacy rights is yet another key ethical 

challenge. 

Adversarial AI and misuse can further 

complicate ethical considerations. Ahmed and 

Kashmoola (2021) stated that an attacker can 

take advantage of the vulnerabilities existing in 

the AI applications by utilizing techniques like 

data poisoning wherein unsafe or corrupted 

data use against the models would in principle 

manipulate what the user might think to be true 

outputs and undermine the overall trust in these 

automated systems. Another ethical issue is the 

use of AI into offensive cybersecurity-driving 

automated hacking-and, indeed, the wider 

moral issues relating to responsible use. Risk 

mitigation might involve those bright ideas 

focusing on transparent model design and 

explainability-insuring that AI decisions can be 

understood by an average human 

(Tamraparani, 2019; Sampson, et. al., 2019). 

Another such privacy approach that changes 

adding noise to the datasets to protect personal 

entities is called differential privacy to help 

address privacy concerns related to the model 

without losing its efficacy.  

Olayinka (2022) mentioned that, for such 

ethical and privacy challenges, organizations 

need to adopt very stringent practices in data 

science and governance frameworks. Bias 

checks on AI models need to be accompanied 

by other techniques, such as feature selection 

based on non-sensitive data, thus lowering 

ethical risks (Abiodun, et. al., 2021). Privacy-

by-design procedures lie in the federated 

learning, which allows decentralized data 

training without infringing privacy (Ajuzieogu, 

2019). By conducting data collection 

transparently, obtaining informed consent, and 

complying with legal requirements, trust can be 

instilled among stakeholders. AI-driven 

cybersecurity cannot afford to deviate from the 

ethically endowed privacy construct that 

preserves the balance between optimal threat 

elimination and respect for human individual 

rights.  This is crucial for responsible 

innovation in this field (Mubangizi, 2021). 
 

 

6.0 Opportunities and Future Directions 
 

 

Emerging trends in artificial intelligence (AI), 

including explainable AI (XAI) and federated 

learning, are leading these fields into uncharted 

territory for strengthening cybersecurity 

against its weak points and for securing its 

resilience (Raza, et. al., 2022). Explainable AI 

deals with making the decisions of AI models 

transparent and interpretable, which is 

precisely the context where trust and 

accountability are the two most important 

things for cybersecurity applications. 

According to Ogiriki (2022), XAI-based 

approaches like SHAP (SHapley Additive 

Explanations) or LIME (Local Interpretable 

Model-agnostic Explanations) can explain why 

an anomaly detection model considered a 

certain network event to be malicious, enabling 
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security analysts to reliably validate and act 

upon the predictions. Research states AI should 

XAI reduce false positives and foster human-

AI collaboration, aiding in adoption in high-

gravitas settings like intrusion detection and 

threat intelligence platforms (Akande, 2020; 

Dele & Gideon, 2021). 

Federated learning offers promise toward 

better privacy-preserving cybersecurity since it 

avails the training of AI models on 

decentralized datasets without sensing the need 

to share sensitive data (Mohit, 2018). This is of 

utmost importance to organizations dealing 

with confidential information encompassing 

financial institutions or health care providers 

since data privacy regulations are enforced 

rigorously within the context of such entities 

(Olaleye et al., 2024). Kum, Amaechi and 

Emmanuel (2019) argued that federated 

learning allows for the trained collaborative 

models of different entities—whether they are 

different companies or nodes on a network—

while keeping the data local and not exposing 

it to the risk of breaches. Several studies 

emphasize how it would help create robust 

models to detect distributed threats such as 

botnets drawing knowledge from a variety of 

data sources without infringing upon privacy 

(Adewopo, 2021; Ogonji, 2019). Thus, this 

approach rewrites the ethical and privacy 

concerns while generalizing the model well 

across different threat landscapes.  

New developments in the field of cybersecurity 

may be brought about by other cutting-edge 

concepts like generative AI and quantum 

machine learning.  Generative artificial 

intelligence (AI), which includes models such 

as Generative Adversarial Networks (GAN), 

can be used to create synthetic data to 

compensate for dataset imbalances in threat 

detection or to model cyberattack scenarios to 

train defensive systems (Temitope & 

Owoyemi, 2020). Despite remaining 

foundational for quantum machine learning, its 

application in pursuing computational 

efficiency capacity will possibly support the 

rapid analysis of complex attack scenarios and 

their extensive dataset cyber security-related 

issues. Research in scaling these technologies 

on a real-time application basis and thwarting 

adversarial AI attacks, through which attackers 

target the models to circumvent detection, are 

still open-ended (Masombuka, 2018; Uddoh, 

et. al., 2021). Filling these gaps would involve 

the way forward with tremendous enhancement 

in the development of a robust model and real-

world testing to ensure its reliability under a 

multiplicity of conditions. 

In doing so, further elaboration regarding 

hybrid AI models for explainability, privacy, 

and adaptability (Mbatha 2020; Eneje 2021; 

Okunoye 2022) is expected to address the 

identified gaps in the extant literature.  Given, 

for instance, this amalgamation of XAI with 

federated learning might engender clear 

privacy-preserving systems for collaborative 

threat detection. Furthermore, the development 

of defenses against adversarial AI techniques 

requiring investigation; such as robust training 

methods, anomaly detection for model 

disruptions, etc. shall also be an area to look 

into. There is another area that needs to be 

looked into, which is the integration of AI with 

emerging technologies such as blockchain for 

safe sharing of threat intelligence. Chianumba, 

et. al., (2022) have claimed that if these 

research gaps can be plugged with flourishing 

XAI and federated learning trends, the AI-

powered cybersecurity would undergo 

transformation into more resilient, transparent, 

and privacy-aware solutions that strongly 

safeguard the ultra-dynamic threat 

environment. 

7.0 Conclusion  

Thiss article illustrates on how artificial 

intelligence (AI) can transform the scenario of 

cybersecurity analytics, threat predictions, and 

risk management as it challenges the potential 

of handling the rapidly-on-increasing 

complexity defined by modern cyberthreats.  

AI could implement machine learning, deep 

learning, and natural language processing for 



Applied Sciences, Computing and Energy, 2024, 1(1), 206-230 224 
 

      

real-time anomaly detection, predictive threat 

assessment, and automated risk prioritization. 

AI would process many heterogeneous large 

datasets to produce the most accurate and 

fastest detection of advanced persistent threats, 

ransomware, insider risks, and employ 

automated response mechanisms to minimize 

damage through quick mitigation. The 

evolution of AI with strong threat intelligence 

platforms and excellent data science practices, 

involving clustering and feature engineering, 

has fortified the entities in favor of the shift 

from reactive to proactive cybersecurity 

strategies.  

Yet to achieve all these, other challenges 

remain major obstacles, such as data quality 

problems, false positives, adversarial AI, and 

ethics such as bias or privacy concerns. Some 

of those latest trends like explainable AI and 

federated learning hold promise in improving 

transparency on models, as well as privacy on 

data but need a revisit as to their scales and 

resilience. Advancement in sophisticated 

techniques through data preprocessing, model 

robustness, and privacy-preserving 

methodologies will be helpful in addressing 

these limits in ensuring reliable and equitable 

AI applications. Ongoing research into hybrid 

models and building defences against 

adversary manipulation will ensure that AI 

remains productive in dynamic threat 

environments. It is, however, a continuous 

affair that could not be fulfilled once and for all 

by researchers, business achievers, and policy 

makers in applying AI fully in cybersecurity. 

This would include having uniform standards 

in developing and observing ethics on using AI. 

There would also be world multidisciplinary 

continuously improving data quality and then 

adopting futuristic technologies like 

blockchain integration and quantum machine 

learning. The cybersecurity community will be 

well prepared to strategise and put in place 

adaptive and resilient systems that will be 

ahead of such advancing threats because it will 

be addressing research gaps coupled with 

responsible AI adoption.  This review thus calls 

for continuous improvement efforts on AI-

driven solutions to ensure the robust dimension 

of protection regarding transparency and 

privacy concerns within digital ecosystems 

globally. 
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