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Abstract: Artificial Intelligence (AI) is radically reshaping cybersecurity by enabling data-driven threat analysis and response 
capabilities that far surpass traditional, signature-based methods. Machine learning and deep learning techniques now allow 
systems to sift through massive security logs and network data automatically, detecting attacks in real time and at scale. This 
review surveys how AI methods are integrated across security tools – from automated intrusion detection and malware analysis 
to advanced threat intelligence platforms. We highlight recent advances (such as deep neural networks for pattern recognition, 
reinforcement learning for adaptive defenses, and explainable AI for transparent alerts) and summarize how AI models are 
evaluated (accuracy, false-positive rate, detection latency, etc.). We also discuss representative deployments of AI in practice, 
compare recent research developments, and address current challenges (including adversarial attacks on models, data bias, and 
interpretability issues). Finally, we outline promising directions like federated learning for collaborative defense and robust AI 
governance. In conclusion, AI offers a transformative toolkit for proactive security, but realizing its full potential requires 
ongoing innovation and careful oversight. 
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I. INTRODUCTION 
In today’s digital world, cybersecurity is more critical than ever. Our reliance on connected systems – from consumer devices to 
industrial infrastructure – has exposed us to a constantly evolving array of threats. Attacks grow in volume and sophistication: zero-
day exploits, polymorphic malware, and automated botnets can bypass traditional defenses like static firewalls or signature-based 
antivirus. In this environment, AI and machine learning (ML) provide powerful new tools. AI systems can analyze vast volumes of 
network traffic and log data, learn complex behavioral patterns, and make predictions in real time. For example, a well-trained ML 
model can flag malicious connections by spotting subtle traffic anomalies that a rule-based system would miss. Such capabilities 
enable continuous threat monitoring, automated detection, and predictive risk assessment on a scale far beyond human analysts. 
The convergence of AI and cybersecurity has become a major research and industry focus. Many security professionals now 
consider AI indispensable for modern defense, and various surveys find strong industry consensus on this trend. At the same time, 
adversaries are adopting AI too. Attackers use AI to automate phishing campaigns, generate realistic deepfake lures, and even craft 
novel malware. Research has shown that AI-generated spear-phishing emails can achieve click-through rates well over 50% (May 
2025), demonstrating how AI dramatically empowers attackers. As a result, cybersecurity is transforming into an arms race between 
AI-enabled defenders and AI-augmented adversaries. This paper explores this landscape in depth: we first introduce key concepts, 
then trace the evolution of AI in security, survey its current applications, and analyze how AI-driven systems make and explain 
decisions. We evaluate model performance metrics commonly used in security, review real-world AI deployments, compare recent 
research, and discuss major limitations. Finally, we outline future research directions – from explainable AI and adversarial 
robustness to federated learning – that will shape the next generation of intelligent cyber defense. 
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II. EVOLUTION AND IMPACT OF AI ON CYBERSECURITY 
AI’s role in security has grown in waves. In the early 2000s, basic ML models (like decision trees and naive Bayes) began appearing 
in security tasks such as spam filtering and generating simple malware signatures.  
As networks expanded and data volumes exploded, more advanced AI methods became essential. With the rise of high-speed 
internet and cloud services, organizations accumulated massive datasets of system logs and traffic records that could no longer be 
reviewed manually. This shift drove the creation of new AI-driven security products: next-generation intrusion detection systems 
(IDS) powered by ML, security information and event management (SIEM) platforms with built-in analytics, and User and Entity 
Behavior Analytics (UEBA) that profile normal activity. In effect, AI has replaced many static, rule-based defenses with self-
learning, adaptive solutions. 
One of the key impacts of this evolution is speed. Traditional security teams might take hours or days to investigate alerts, but AI 
models can flag anomalies almost instantly. For example, industry analysis has reported cases where AI-based detection tools cut 
average threat identification time from weeks (on the order of 168 hours) to under an hour, often handling incidents in seconds. 
These gains mean that even sophisticated attacks – new ransomware variants, zero-day exploits, or supply-chain compromises – can 
be detected before they inflict serious damage. AI also broadens coverage: deep learning models trained on huge repositories of 
threat intelligence can spot patterns that span different malware families or geographic attack trends. Companies deploying AI often 
report fewer breaches and lower response costs. In one case, an AI-powered intrusion detection system helped stop a ransomware 
outbreak in real time, saving the organization millions of dollars in losses. 
However, the rise of AI in security has an important flip side. Criminals too have begun using AI to their advantage. Automated 
tools can generate large numbers of customized phishing messages, scan for vulnerable systems faster, or even learn the patterns of 
defensive tools to evade them. Experts warn that AI is democratizing cybercrime: sophisticated attacks that once required expert 
planning can now be executed with minimal effort. For example, automated spear-phishing tools can gather background information 
and craft highly convincing messages in minutes, whereas a human attacker would need hours. Reports from 2025 indicate that use 
of AI in phishing campaigns has surged dramatically. Consequently, defenders must continuously update their AI models to keep 
pace with AI-powered offense. 
In summary, AI has shifted cybersecurity from reactive, signature-driven defense to proactive, analytics-driven strategies. Today’s 
security posture can adapt in real time as threats evolve, thanks to neural networks, anomaly detectors, and other AI techniques. At 
the same time, the rapid development of large language models and generative networks suggests this trend will accelerate. The net 
effect is a much more responsive and scalable defense infrastructure – but one that must constantly adapt to an equally intelligent 
adversary. 
 

III. APPLICATIONS OF AI IN CYBERSECURITY 
AI and ML techniques are now applied across virtually all areas of security. Key applications include: 
1) Intrusion Detection and Prevention (IDS/IPS): AI systems analyze network traffic and host activity to identify malicious 

behavior. Supervised models (such as neural networks or random forests) can be trained to label connections as normal or 
malicious based on historical attack data. Unlike traditional signature-based IDS, these AI models can adapt to new attack 
patterns by learning from labeled examples. Modern solutions often use deep learning to process raw packet flows and system 
logs, detecting subtle anomalies with high accuracy. In practice, these tools operate on two levels: host-based IDS (monitoring 
each device’s files and processes) and network-based IDS (monitoring traffic on routers and network segments). By learning a 
baseline of normal behavior, they can flag deviations that may indicate an intrusion. 

2) Malware and Threat Detection: AI accelerates malware analysis by inspecting software code or behavior to spot threats, even 
those that have never been seen before. Traditional antivirus software relies on known signatures, but ML-based detectors can 
examine static features of binaries or dynamic behavior patterns. For example, deep neural networks (like convolutional 
models) can be trained on raw executable bytes or sequences of API calls to classify programs as benign or malicious, 
improving detection of polymorphic malware that changes form to evade signatures. Some AI-driven antivirus tools 
preemptively block executables before they run by predicting malicious intent. AI is also used to detect advanced persistent 
threats (APTs) by correlating subtle indicators across different logs and timeframes, spotting coordinated attacks that manual 
tools might miss. 

3) Phishing and Fraud Detection: Natural language processing (NLP) and ML are effective at identifying deceptive 
communications and fraudulent transactions. Email and messaging platforms can use AI to analyze textual content, sender 
patterns, and metadata to flag likely phishing attempts.  
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For instance, classifiers can score each incoming email on its phishing risk by learning from real attack examples. Over time, 
these systems continuously improve, reducing false positives. Studies have shown that AI-enhanced email filters can block 
nearly all spam and phishing, reducing unwanted email volume by a large margin after deployment. Similarly, in financial 
systems, ML models monitor transaction patterns in real time: anomalous purchases or transfers that deviate from a user’s 
normal behavior are flagged for review, catching fraud that rule-based checks would overlook. 

4) Anomaly and Behavior Analysis: AI excels at detecting unusual patterns in large datasets without explicit labels. User and 
Entity Behavior Analytics (UEBA) systems use unsupervised learning to model what is “normal” for each user or device (such 
as typical login times or data access patterns). When activity deviates significantly from this baseline, the AI raises an alert, 
potentially catching insider threats or compromised accounts. In cloud environments, anomaly detection algorithms scan logs 
and telemetry streams to identify spikes or outliers, triggering investigations. Techniques like clustering or autoencoders (which 
learn compact representations of normal behavior) are commonly used; they require no labeled attacks and can adapt as 
behavior changes. 

5) Threat Intelligence and Prediction: AI can process vast amounts of unstructured threat intelligence — security blogs, research 
reports, vulnerability databases, dark web forums, etc. — to surface emerging threats. For example, advanced NLP platforms 
ingest external threat reports and automatically correlate them with an organization’s internal alerts. This can reveal ongoing 
phishing campaigns or new malware indicators before they affect the enterprise. Some systems even use predictive analytics or 
generative models to forecast the most likely next targets or attack vectors based on current trends, enabling security teams to 
prepare defenses proactively. For instance, by analyzing patterns in vulnerability disclosures and exploit activity, an AI system 
might alert analysts to high-risk configurations in their network. 

6) Security Orchestration and Automation (SOAR): AI underpins modern SOAR platforms by automating repetitive and context-
heavy tasks. Machine learning bots can triage incoming alerts, enrich them with contextual data (such as user identity or 
affected systems), and even suggest or execute standard remediation steps under oversight. For example, if an alert involves a 
suspicious login, an AI assistant can automatically gather the user’s recent activity, apply risk-scoring, and quarantine the 
account if high risk is confirmed. Researchers are also exploring reinforcement learning to optimize incident response: an AI 
agent learns over time which response actions (e.g. isolating a host, blocking an IP address) minimize damage in different 
scenarios, gradually improving the organization’s playbook of defensive moves. 

7) Code and Vulnerability Analysis: AI is increasingly applied to software security. ML models can scan source code to detect 
insecure coding patterns (like buffer overflow risks) or predict which software modules are most likely to contain 
vulnerabilities. On the binary side, deep learning techniques have been used to automatically analyze compiled code, classify 
malware families, or detect hidden backdoors. Such AI tools accelerate code reviews and help prioritize patches by identifying 
the components most at risk. For example, a neural network might be trained on a large corpus of known exploits to flag similar 
code snippets during development. 

In each of these domains, AI transforms cybersecurity from a reactive posture to a predictive one. By continuously learning from 
data, AI systems can anticipate new threats and adapt their detection logic. Broadly speaking, today’s security tools can automate 
many tasks that were once manual: one analyst with an AI assistant can spot the needle-in-a-haystack signals of an attack buried in 
terabytes of network traffic. This shift toward AI-driven security has enabled defenders to keep up with the scale and speed of 
modern threats. 
 

IV. ADVANCEMENTS IN AI TECHNIQUES 
Recent progress in AI research is enabling even more sophisticated cybersecurity applications. Key trends include: 
1) Deep Learning: Deep neural networks have become central to threat detection. Unlike shallow models, deep networks can 

automatically learn hierarchical features from raw data. Convolutional neural networks (CNNs) and recurrent networks 
(RNNs/LSTMs) have been successfully applied to intrusion detection and malware analysis. For example, studies show that a 
deep network can achieve over 97% accuracy on difficult intrusion datasets, outperforming traditional ML baselines. These 
models excel at capturing complex, non-linear patterns in high-dimensional data (such as sequences of system calls or pixel 
representations of malware binaries). New architectures like transformer networks (originally from NLP) are also being 
explored to model sequences of events or code. Deep autoencoders can learn compact representations of network traffic, 
making it easier to spot zero-day anomalies. Graph neural networks are another exciting avenue: they can represent 
relationships between entities (users, files, processes) and detect coordinated attack patterns across this graph. 
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2) Transfer and Pretrained Models: A recent trend is to leverage models pretrained on large, general datasets and adapt them to 
security tasks (transfer learning). For instance, language models trained on vast code repositories have been fine-tuned to 
identify software vulnerabilities, reducing the need for huge labeled security corpora. Similarly, transformer-based models (like 
those behind advanced LLMs) are being adapted to process security reports and logs. By reusing general features learned from 
related tasks, these approaches enable quicker deployment of AI defenses, analogous to how a model like GPT-4 can be fine-
tuned to summarize threat intelligence or draft security policies. 

3) Reinforcement Learning (RL): Reinforcement learning methods are being explored for adaptive defense strategies. In an RL 
framework, an agent learns a policy of actions (such as whether to alert, block, or quarantine) by interacting with the 
environment and receiving rewards (e.g. preventing an attack) or penalties (e.g. causing unnecessary disruption). For 
cybersecurity, RL has been applied to dynamically adjust intrusion detection thresholds as network conditions change, or to 
optimize routing and segmentation in response to emerging threats. For example, an RL-based IDS could learn to change its 
sensitivity based on current traffic loads to minimize false alarms while still catching intrusions. Some experimental systems 
use Q-learning or policy gradient methods to prioritize alerts; over time, the agent learns which actions best mitigate damage. 
The strength of RL is that the defender can simulate attack scenarios and iteratively improve its policies through trial and error, 
much as reinforcement learning agents improve at games. 

4) Generative Models: The rise of generative AI (GANs, diffusion models, large language models) is influencing cybersecurity in 
two opposing ways. On the defensive side, generative models can synthesize realistic malicious samples to harden classifiers: 
for example, using adversarial training with GAN-generated malware variants or simulated network traffic. They can also 
generate large volumes of synthetic log data for training and testing detection systems. On the offensive side, generative AI can 
be weaponized – for instance, attackers might use GANs to automatically generate polymorphic malware or craft plausible 
phishing emails. Research on defending against generative-based threats (for example, detectors for deepfakes or prompt-
injection attacks) is accelerating to counter this. 

5) Explainable AI (XAI): As AI models grow more complex, there is a strong push to make them interpretable to human analysts. 
Techniques like LIME and SHAP (model-agnostic methods) are increasingly integrated into security tools to show why a 
model made a particular prediction. For example, an XAI-augmented intrusion detector might highlight which features of an 
event (such as an unusual login time or a rare command) most influenced its decision to flag it as malicious. Recent research 
has even combined deep learning with XAI: one experiment used an ensemble of neural networks and SVMs for detection, then 
applied SHAP to reveal feature contributions for each alert. This approach achieved over 99% detection accuracy on 
benchmark data while providing transparency on each decision. Such advances are crucial for analysts to trust AI alerts; by 
understanding why an event is flagged, security teams can more confidently act on or dismiss alerts. 

Together, these advances are fueling a new generation of AI tools for cybersecurity. Deep models and RL agents tackle complex, 
dynamic threats; transfer learning brings powerful pretrained knowledge to bear; and XAI bridges the gap between AI’s complexity 
and the need for human oversight. As a result, defenders now have a broader and more capable toolkit for anticipating and 
countering attacks. 
 

V. REASONING AND DECISION-MAKING IN AI SECURITY SYSTEMS 
Understanding how AI makes decisions is critical in security contexts. Many highly effective models (such as deep neural networks) 
act as “black boxes,” which can be problematic when lives or assets are on the line. If an AI flags an account for compromise or 
suggests quarantining a system, security analysts need to know why to make an informed decision. Thus, explainability and human–
AI collaboration are essential. 
Model-agnostic explanation techniques like LIME and SHAP are being adapted for cybersecurity. These methods can highlight 
which inputs most influenced a prediction. For instance, a system might show that an alert was triggered mainly because a login 
came from an unusual location and involved a rare executable. By making the model’s reasoning transparent, analysts can audit and 
trust AI recommendations. In practice, some advanced IDS frameworks incorporate XAI directly: they train complex classifiers 
(e.g. a combination of neural nets and SVMs) and then use SHAP values to present an explanation alongside each alert. This kind of 
design bridges the “trust gap” in AI-driven security by giving analysts insights into the model’s logic. 
Beyond explanation, AI systems can embed decision-making policies. In reinforcement learning-based defenses, the AI effectively 
learns a policy mapping threat indicators to actions (such as alert, block, or isolate). These policies can be tuned for risk appetite: a 
cautious policy might quarantine any suspected intrusion, while a balanced one might only block high-confidence threats.  
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Some platforms also combine AI scoring with traditional rule-based checks: the AI assigns a threat score, but predefined rules or 
thresholds determine automated responses. For example, low-severity alerts might be queued for human review, while only severe 
ones trigger an automatic block. This hybrid approach keeps humans in the loop for ambiguous cases. 
Crucially, the AI’s decisions feed back into the system. Human responses to AI alerts (confirming true threats or dismissing false 
alarms) provide additional training signals. An adaptive security system can use this feedback to improve future performance. 
However, this learning loop has risks: if an attacker intentionally generates misleading inputs, it could corrupt the model’s learning 
process. Ongoing research is exploring robust human–AI teaming, where the strengths of each are leveraged (AI for scale and 
pattern detection; humans for judgment and context) while safeguarding the learning process from manipulation. 
In summary, reasoning in AI security involves two key dimensions: transparency and trust. By using explainable models or 
combining AI with interpretable rules, security operations can maintain clarity on why actions are taken. As one expert noted, many 
powerful AI techniques “operate as opaque black boxes, limiting their use in environments where explainability is critical.” The 
trend is to design AI systems with built-in explanations or to pair them with simple models so that decision-making in security 
remains clear and auditable. 
 

VI. EFFICIENCY AND PERFORMANCE METRICS OF AI MODELS 
Assessing AI for cybersecurity requires attention to both accuracy and efficiency. Common performance metrics include: 
1) Detection Accuracy (True Positive Rate): The percentage of real threats correctly identified. High detection rates are vital. For 

example, recent experiments report ensemble-based IDS models achieving around 99.4% accuracy on standard datasets. 
However, accuracy alone can be misleading when the dataset is imbalanced (with far more normal activity than attacks). 

2) False Positive Rate (FPR): The fraction of benign events wrongly flagged as malicious. In practice, an excessively high FPR 
overwhelms analysts with false alarms. AI systems must balance sensitivity with specificity. Some research has achieved 
extremely low FPR (for instance, one IoT intrusion detection model reported an FPR on the order of 0.04%). High precision 
and low FPR ensure that alerts are actionable. 

3) Precision, Recall, and F1-Score: Precision is the proportion of flagged events that are truly malicious, while recall (sensitivity) 
is the detection rate. The F1-score is the harmonic mean of precision and recall and gives a balanced view of performance. In 
practice, teams often set targets (e.g. F1 > 95%) before trusting automation. Recent papers frequently report precision and recall 
well above 95% alongside accuracy. 

4) ROC Curve and AUC: The Receiver Operating Characteristic (ROC) curve plots true positive rate versus false positive rate at 
varying thresholds. The Area Under the Curve (AUC) summarizes overall discriminative power (with 1.0 being perfect). Many 
successful models achieve AUCs near 0.99, indicating strong separation between benign and malicious classes. 

5) Detection Latency and Throughput: Real-time defense requires speed. Metrics like time-to-detect (TTD) and time-to-respond 
(TTR) measure how quickly a model can analyze data and raise alerts. For example, AI-based tools have demonstrated 
reducing incident triage times from hours to seconds. High throughput (alerts processed per second) is also critical. 
Computational efficiency techniques — such as feature selection or specialized hardware accelerators — are often applied to 
meet real-time demands. 

6) Resource Efficiency: In operational settings, model size, memory use, and training time matter. Lightweight models (perhaps 
using a small set of optimized features) are preferred for deployment on constrained devices or in high-traffic networks. 
Researchers also report model training durations and inference speed. Some systems train offline and then run fast inference on 
live data. 

Researchers usually validate models on benchmark datasets (e.g. NSL-KDD, UNSW-NB15, CICIDS2017) using cross-validation 
and held-out test sets to ensure fairness. In applied settings, organizations may also track custom metrics, such as reduction in 
incident closure time or number of attacks prevented. Rigorous evaluation is essential to demonstrate that an AI approach 
outperforms legacy methods under realistic conditions. 
 

VII. REAL-LIFE USAGE OF AI IN CYBERSECURITY 
AI is no longer theoretical — many organizations use AI tools in daily security operations. Some illustrative examples: 
1) Enterprise Email and Network Security: Self-learning AI systems are used to monitor baseline network and email behavior. In 

one reported case, an organization deployed an AI-driven email filter that learned normal email patterns and intercepted threats 
autonomously. This system reduced the volume of phishing messages by roughly two-thirds and cut incident investigation time 
from days to seconds.  
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In practical terms, replacing legacy filters with AI allowed the security team to handle novel email attacks far faster than before. 
Similar AI tools monitor network traffic for anomalies, helping catch attacks like data exfiltration or lateral movement in real 
time. 

2) Threat Intelligence Platforms: Several advanced platforms use AI to correlate external intelligence with internal alerts. These 
systems ingest unstructured data (such as threat reports, malware signatures, and hacker forums) and apply natural language 
processing to extract relevant indicators. For example, when a new spear-phishing campaign is observed, the AI can link it to 
newly disclosed malware or known criminal infrastructure. In practice, this means that if a financial firm sees a targeted email 
campaign, the system might alert them that similar indicators have been spotted globally, giving early warning to block the 
attack. These AI-powered intel services essentially automate and accelerate the analyst’s research process. 

3) Endpoint Protection: AI-driven antivirus and endpoint security products have gained traction. Instead of relying solely on 
signature databases, these tools use machine learning classifiers trained on billions of file attributes. As a result, they can 
predict whether a file is malicious before it executes. Organizations using such AI endpoint security report blocking previously 
unseen malware (including zero-day threats) that traditional antivirus would have missed. For instance, one industrial firm 
deployed an AI-based antivirus on its control systems and successfully stopped a targeted malware strain in real time, 
preventing operational downtime. Because these systems evaluate threats pre-execution, they move defense actions earlier in 
the cyber kill chain. 

4) Cloud and Commercial Security Solutions: Major vendors incorporate AI into their platforms. For example, cloud providers 
offer services that apply ML to cloud activity logs, identifying unusual behaviors or misconfigurations. Security suites like 
email gateways, endpoint agents, and network monitors now commonly include ML-based analytics. Specialized startups also 
offer AI modules for fraud detection, modeling transaction flows to flag subtle anomalies in real time. Overall, the ecosystem is 
moving toward integrated AI-driven security, where products share insights across domains (email, endpoint, network) to 
provide coordinated defense. 

5) Government and Critical Infrastructure: Many government agencies and critical industries have piloted AI. Research labs (e.g. 
within the U.S. Department of Defense) experiment with AI for malware triage and network defense. Utilities and 
transportation operators use AI to monitor industrial control systems: for example, learning normal sensor values in a power 
grid and alerting when readings deviate in a suspicious way. Although details are often classified, reports indicate that such AI 
deployments have detected previously unseen threats and dramatically sped up incident response compared to human-only 
monitoring. Analysts at organizations like MITRE note that AI deployments in these contexts reduce manual workload and 
shorten time to mitigate. 

These real-world examples demonstrate that AI in cybersecurity is here to stay. Organizations that have adopted AI-driven tools 
generally see faster threat detection and lower costs from breaches. Of course, the experience is not all positive: teams often mention 
the need to fine-tune models and manage alert fatigue as practical challenges. Nevertheless, the trend is clear: AI is becoming a 
cornerstone of modern cyber defense, continuously learning from new data to improve each deployment’s effectiveness. 
 

VIII. REVIEW AND COMPARISON OF EXISTING RESEARCH PAPERS 
To illustrate recent progress, we compare three representative studies on AI for intrusion detection: 
1) Alabdulatif et al. (2025): This study presents a hybrid ensemble model combining an artificial neural network (ANN) and 

support vector machine (SVM) (as base learners) with a random forest as a meta-learner. They apply recursive feature 
elimination to reduce input dimensions and use SHAP for interpretability. Evaluated on the NSL-KDD dataset, this ensemble 
achieved about 99.4% accuracy. The model also demonstrated high precision, recall, and F1-scores (all around 0.99), with 
inference time in the cloud on the order of milliseconds. Importantly, SHAP values were used to highlight which features drove 
each decision, adding transparency to the deep-learning ensemble. 

2) Farhan et al. (2025): This work uses a sequential deep neural network (five layers, ReLU activations) for network intrusion 
detection. It also employs an Extra Trees classifier for feature selection. Tested on the modern UNSW-NB15 dataset, their deep 
model achieved around 97.9% accuracy, with precision and recall near 97%. Notably, they showed the network outperforms a 
simpler sigmoid-activated DNN, and that extra-trees feature selection reduced the input feature set to just 8 without sacrificing 
performance. Their model also achieved over 0.99 AUC on another benchmark (NSL-KDD) after careful tuning, indicating 
excellent discriminative power. 
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3) Alsubaei (2025): Focusing on IoT intrusion detection, this study compares two optimized approaches: an XGBoost classifier 
and a Sequential Neural Network (SNN). They test across multiple datasets (NSL-KDD, UNSW-NB15, CICIDS2017) to 
validate generality. On NSL-KDD, the XGBoost model reached an astonishing 99.93% accuracy (F1 ~99.84%, Matthews 
correlation ~99.86%). The SNN also achieved around 99% accuracy on NSL-KDD. For UNSW-NB15 and CICIDS2017, the 
SNN obtained accuracies of about 96.8% and 99.5% respectively, demonstrating very low false positive rates. The author 
attributes the strong performance to extensive hyperparameter tuning and feature optimization. 

Collectively, these studies highlight the state-of-the-art in AI-based intrusion detection: carefully designed deep and ensemble 
models can achieve near-perfect accuracy on standard benchmarks. Each research group contributed a unique innovation: one 
emphasized explainability via SHAP integration, another improved deep network architecture and feature selection, and the third 
applied robust optimization techniques across diverse datasets (including an IoT-specific dataset). However, they also share 
limitations: all are evaluated on offline, pre-collected datasets rather than live networks. Issues like concept drift (changing traffic 
patterns over time) and resistance to adversarial examples were not addressed. Thus, while they demonstrate the power of modern 
AI methods in controlled settings, their real-world efficacy would require further work on adaptability and robustness. 
 

IX. LIMITATIONS OF CURRENT AI METHODS IN CYBERSECURITY 
Despite its promise, AI in cybersecurity has important limitations and risks: 
1) Adversarial Vulnerabilities: AI models themselves become targets. Attackers can craft adversarial examples that subtly trick 

ML classifiers (for instance, modifying malware just enough to evade detection) or poison training data to degrade 
performance. Standard ML systems can be attacked at multiple stages of their lifecycle: during data collection, training, or 
deployment. Without robust defenses, AI detectors may be fooled into missing attacks. For example, researchers have 
demonstrated proof-of-concept malware that embeds a GPT-4-based module to generate ransomware code on the fly, 
illustrating a “qualitative shift” in adversary capabilities. In short, any purely data-driven security method is only as strong as its 
ability to resist manipulation. 

2) Interpretability and Trust: Many of the most effective models (deep neural networks, ensemble classifiers) are opaque. In 
security operations, this lack of transparency undermines trust: an analyst who receives an alert needs to understand why it was 
raised before taking high-stakes action (like shutting down a server). Black-box alerts may be ignored or cause uncertainty. 
While XAI techniques can help explain individual alerts, explainability remains an active area of research. Integrating 
explanation tools (LIME, SHAP) into security workflows is essential but not yet standardized, meaning many systems still 
struggle to convey their reasoning clearly. 

3) Data Quality and Availability: ML requires large, representative datasets. In cybersecurity, labeled attack data can be scarce or 
outdated. Many AI models are trained on historical datasets (e.g. NSL-KDD) that may not reflect modern threats. This leads to 
models that perform well in tests but do not generalize to real networks. Additionally, collection of diverse, high-quality 
security data raises privacy and sharing concerns. Without continuous updates and retraining on current traffic, models risk 
missing new attack types or flagging benign anomalies. 

4) False Positives and Alert Fatigue: If an AI model is overly sensitive, it can overwhelm analysts with false alerts. High false-
positive rates erode confidence in automated tools and burden security teams. Surveys have noted that some organizations 
experience so many AI-generated false alarms that they hesitate to rely on these systems. Reducing noise is challenging: it 
requires carefully calibrated models and often additional context (user roles, time of day, etc.) to filter out benign anomalies. 

5) Generalization and Concept Drift: Cyber environments evolve rapidly: new protocols, services, user behaviors, and attack 
methods can emerge. Many AI security systems are static once trained. Without mechanisms for continuous learning, these 
models can become stale. A model might perform well initially, but over weeks or months its accuracy can degrade as 
legitimate patterns change or attackers adapt. Handling concept drift (shifts in underlying data distributions) is a major 
challenge for deployed security AI. 

6) Attackers Using AI: Unique to cybersecurity is that adversaries have access to the same AI tools as defenders. Criminals are 
leveraging generative AI to scale and sophisticate their attacks. For example, some threat actors now use AI-powered website 
builders to rapidly deploy phishing sites with embedded AI to bypass security filters, making campaigns far more scalable and 
convincing. AI-driven social engineering is also on the rise: attackers use large language models to craft personalized phishing 
messages with near-perfect language. This mutual use of AI erodes any easy advantage; defenders must anticipate that attackers 
will continually adopt the latest AI innovations for offense. 
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7) Resource Constraints: Many advanced AI models are computationally expensive to train and run. Deploying large deep 
learning models in real-time environments (especially on resource-limited devices or IoT endpoints) can be impractical. There 
is also a skills shortage: implementing sophisticated AI defenses requires expertise that is often in short supply. Smaller 
organizations in particular may struggle to adopt cutting-edge AI solutions due to limited budgets and talent. 

In summary, AI brings powerful new capabilities to cybersecurity, but it is not a silver bullet. Its effectiveness is bounded by the 
quality of data, model robustness, and human oversight. These limitations highlight the need for careful system design, ongoing 
evaluation, and integration of human analysts in the loop. As one security framework notes, deploying AI systems responsibly 
requires constant vigilance and adaptation to emerging failure modes. 
 

X. FUTURE SCOPE AND RESEARCH OPPORTUNITIES 
Looking ahead, several promising directions can strengthen AI-based security: 
1) Explainable and Trustworthy AI: Continued research in XAI is critical. Future models may be designed to be interpretable by 

construction (for example, hybrid rule-based/ML systems or transparent ensembles). Standardizing how AI explains security 
alerts will help integrate them into analyst workflows. Work on auditability — such as logging how an AI reached a decision — 
will also improve trust. 

2) Adversarial Defense and Robustness: Developing AI models that are inherently robust to attacks is a key priority. Techniques 
like adversarial training (where models are trained on both normal and maliciously perturbed examples) and anomaly 
sanitization (filtering out suspicious inputs before analysis) can harden detectors. Emerging research on certifiable robustness 
(provable guarantees on model behavior under certain perturbations) will be important for critical applications. Continuous 
monitoring of model behavior can also help detect if an adversary is trying to poison or evade the system. 

3) Federated and Privacy-Preserving Learning: Because security data is often sensitive and siloed, federated learning could be 
transformative. In a federated setup, multiple organizations collaboratively train a shared model without exchanging raw data, 
protecting privacy. This approach could enable a collective defense against threats that cross organizational boundaries (e.g. 
early warning of a global botnet) without compromising individual privacy. Combining federated learning with techniques like 
differential privacy would further ensure that shared models do not leak sensitive information. 

4) Unsupervised and Self-Supervised Learning: Most current security AIs rely on labeled attacks, but labeling is expensive and 
slow. Future systems will leverage unsupervised or self-supervised learning to detect unknown attacks. For instance, deep 
autoencoders or clustering algorithms can learn representations of “normal” network or user behavior without labels, then flag 
anything that deviates. Self-supervised approaches (e.g. training a model to predict the next event in a log) may provide 
general-purpose feature learning that accelerates adaptation to new threats. The goal is AI that can detect novel anomalies 
without explicit prior examples of those threats. 

5) Integration with Threat Hunting: AI tools will increasingly augment human-led threat hunting. Future systems might generate 
hypotheses for hidden threats based on subtle patterns; for example, graph-based AI could map relationships between assets and 
suggest which nodes to inspect next. AI might also automate parts of the remediation loop: research is already exploring “AI-
powered patching,” where systems can recommend or even automatically apply patches in response to detected vulnerabilities. 
The interplay between automated analysis and expert-driven investigation will be a rich area for innovation. 

6) Cross-Disciplinary AI: Cyber defense can benefit from blending AI with other fields. For example, combining AI with 
cryptographic techniques could enable secure analytics on encrypted data (using homomorphic encryption), or ensure integrity 
of AI decisions via blockchain-based audit logs. As quantum computing advances, AI may be used to discover or test quantum-
resistant algorithms. Cross-pollination with fields like control theory and game theory may yield novel defense strategies (such 
as AI-driven deception techniques or robust control of cyber-physical systems). 

7) Generative AI for Security: The growing capabilities of generative AI open new possibilities. Defenders can use generative 
models to simulate realistic attack scenarios for training (AI red-teaming), or to synthesize large volumes of realistic security 
data for model training. Advanced language models can assist analysts by summarizing threat reports or even writing code for 
security tools. On the other hand, detecting AI-generated malicious content (deepfakes, synthetic voices, or AI-crafted exploits) 
will become a critical research challenge. Developing AI that can distinguish human-generated from AI-generated threats will 
be an important line of defense. 

8) AI Governance and Policy: As AI becomes integral to cybersecurity, there will be growing emphasis on governance. This 
includes frameworks for auditing AI decision logs, ensuring compliance with regulations (e.g. privacy laws when AI scans user 
data), and ethical considerations (such as preventing bias in automated responses).  
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Research into explainable policy enforcement and verifiable AI behavior will help build trust with regulators and the public. 
Industry and government standards for safe AI deployment in critical infrastructure are likely to emerge, guiding best practices in 
the field. 
In essence, future research will aim to make AI defenses more robust, adaptive, and aligned with human decision-makers. There is 
also a pressing need for real-world evaluations: many studies today stop at benchmark datasets, whereas deploying AI in live 
security operations and measuring long-term outcomes is still relatively unexplored. The next generation of cybersecurity research 
will be highly interdisciplinary, combining AI advances with domain expertise in networks, systems, and human factors to keep 
pace with rapidly evolving threats. 
 

XI. CONCLUSION 
AI is fundamentally changing the cybersecurity landscape by providing advanced analytical capabilities far beyond traditional tools. 
In this review, we have seen how machine learning and deep learning techniques enhance intrusion detection, malware analysis, and 
threat intelligence. State-of-the-art approaches — from multi-layer neural networks to reinforcement learning agents — are enabling 
systems to detect malicious behavior and recommend responses automatically. Practical deployments in the field (such as self-
learning network monitors and AI-driven endpoint defenders) have demonstrated real benefits: organizations using AI report much 
faster detection of attacks, reduction in successful breaches, and significant cost savings from earlier containment. 
However, these successes come with new challenges. AI models themselves must be trained and maintained securely; they need to 
be explainable so that analysts trust them; and they must be robust against adversarial manipulation. Human expertise remains 
crucial in overseeing AI systems and handling novel situations that the models cannot handle alone. As one industry report noted, 
the widespread use of generative AI in enterprises has given attackers a “fertile ground” to pull off sophisticated phishing and 
malware campaigns (SentinelOne Labs, 2025). In other words, defenses must evolve at least as fast as offense. 
Looking ahead, ongoing advances in explainability, robustness, and secure data sharing promise to make AI-powered security more 
effective. Emerging paradigms like federated learning and unsupervised detection will enable collaborative and proactive defense. 
At the same time, thoughtful AI governance and ethics will ensure these tools are used responsibly. In conclusion, AI represents a 
profound shift in cybersecurity: it offers the potential for more proactive, adaptive, and scalable defenses, but it also demands new 
approaches to ensure safety and trust. By addressing current limitations and embracing new research directions, the security 
community can harness AI’s power to protect our digital infrastructure in the years to come. 
 



 


