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Abstract: Artificial intelligence (Al) has become a foundational component of modern cybersecurity systems, particularly in
nations undergoing rapid digital transformation. This paper presents a condensed survey of Al-driven cybersecurity research and
implementations in Saudi Arabia during the current mid-decade period. Through a meta-analysis of a substantial body of
academic literature, this research delineates primary Al methodologies, industry implementations, and nascent obstacles. Findings
show accelerated adoption of machine learning, deep learning, and hybrid models across critical sectors including healthcare,
banking, cloud infrastructure, and smart cities. Key application areas include intrusion detection, malware analysis, fraud
prevention, anomaly detection, and predictive threat intelligence. Despite significant progress, challenges persist in data quality,
algorithmic bias, explainability, and infrastructure limitations. The paper concludes by outlining future research opportunities in
federated learning, explainable Al, and sector-tailored security frameworks aligned with Saudi Vision 2030.
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I. Introduction

Saudi Arabia’s digital transformation under Vision 2030 has
elevated cybersecurity to a national priority [3]. As cyber threats
grow in sophistication—ranging from advanced persistent threats
(APTSs) to zero-day exploits—traditional rule-based defenses have
become insufficient [4], [10], [27]. Al-driven cybersecurity
systems offer predictive, adaptive, and automated capabilities that
align with the Kingdom’s expanding digital ecosystem. Over the
contemporary five-year horizon, Saudi Arabia has experienced
rapid adoption of Al-powered security solutions across healthcare,
banking, government services, and cloud infrastructure
[12], [19].This paper integrates findings from numerous peer-
reviewed studies to provide a comprehensive overview of Al
applications in Saudi cybersecurity, highlighting trends,
challenges, and future directions [1], [2], [3]. It focuses on key Al
techniques, application domains, institutional initiatives,
challenges, and future research opportunities [2]. By synthesizing
findings from different research work, it aims to provide insights
for researchers, practitioners, and policymakers regarding the
evolving landscape of Al-driven cybersecurity in the country.

11. Background

The evolution of cybersecurity threats within Saudi Arabia has
shifted toward highly sophisticated methodologies, including
stealth, automation, and polymorphism, which frequently bypass
traditional signature-based detection systems [8], [11], [27].
Modern attackers are increasingly utilizing artificial intelligence to
automate reconnaissance and exploit vulnerabilities, necessitating a
transition toward intelligent, self-learning defense mechanisms
[4], [18]. The theoretical foundation of Al-driven cybersecurity in
the Kingdom relies on a combination of supervised, unsupervised,
semi-supervised, and deep learning models designed for anomaly
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detection, pattern recognition, and predictive analytics to forecast
attacks using historical data. Central to this shift is the Saudi
Vision 2030 initiative, which prioritizes a secure digital
transformation [3]. Under this mandate, the National Cybersecurity
Authority (NCA) has established critical frameworks for Al
adoption and data governance, effectively accelerating national
investment in research, infrastructure, and workforce development
to counter emerging threats.

I11. Related Work

Recent scholarly efforts have extensively explored the
integration of Artificial Intelligence (Al) within the Saudi Arabian
cybersecurity landscape, reflecting a national strategic focus on
secure digital transformation. While these studies provide valuable
insights into sector-specific implementations, they are often limited
by critical factors that this survey seeks to address:

1. Critical Infrastructure Protection: Research has examined
the transition from traditional signature-based systems to
Al-powered Intrusion Detection Systems (IDS) capable
of identifying advanced persistent threats (APTs) and
zero-day exploits [8], [11], [27]. However, much of this
work remains focused on theoretical performance,
frequently failing to account for the real-world
computational costs that exceed the capabilities of many
Saudi organizations.

2. Healthcare Security: Studies have developed deep
learning models to protect Electronic Health Records
(EHRs) and enhance insider-threat detection [1]. While
technically robust, these models are often criticized for
their lack of "explainability," making it difficult for
medical practitioners to trust automated security
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decisions and complicating compliance with strict
national data-protection requirements.

Financial Fraud Mitigation: Literature highlights the
leadership of Saudi banks in adopting machine learning
for real-time fraud detection [2]. Nevertheless, existing
research often overlooks the inherent risk of algorithmic
bias, where models trained on imbalanced datasets may
produce inaccurate or unfair security outcomes.

Smart Cities and loT: Emerging research focuses on
securing smart city systems and 10T devices within the
Kingdom’s expanding digital infrastructure [3],[28]. A
significant gap in this area is the lack of standardized,
sector-specific ~ security  frameworks, leading to
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fragmented implementations that struggle to adapt to the
rapidly evolving threat landscape.

Technical Advancements: Contributions have proposed
integrated approaches combining machine learning and
deep learning—such as CNNs, LSTMs, and
Transformers—to improve detection accuracy [22],[12].
Despite high accuracy in laboratory settings, these
studies frequently suffer from a scarcity of high-quality,
labeled local datasets, which limits the practical
applicability of the models.

Based on the systematic survey of Al-driven
cybersecurity in  Saudi Arabia (2022-2026), the
following table compares the Strengths (Strong points)

and Weaknesses (Weak points) of the current landscape.

Table 1: Comparing the Strengths and Weaknesses of current models

7. Feature

8. Strengths (Strong Points)

9. Weaknesses (Weak Points)

Detection & Response
[15],[23]

Proactive Defense: Al systems achieve up to 95%
detection accuracy, identifying Advanced
Persistent Threats (APTs) and zero-day exploits
that traditional systems miss.

False Positives: High sensitivity in anomaly
detection can lead to "alert fatigue,” where
security teams are overwhelmed by non-
threatening flags.

Automation [2]

Operational Efficiency: Automated Incident
Response (AIR) has reduced threat resolution
times by approximately 50%, with SOCs
automating over 70% of routine tasks.

Over-reliance on Automation: Excessive trust in
automated systems can lead to "automation
bias," where human oversight misses subtle

logic-based attacks that Al fails to categorize.

Strategic Framework

[11.[2].[31.[5]

National Alignment: Strong integration with Saudi
Vision 2030 and NCA frameworks provides a
clear regulatory and investment roadmap for Al
adoption.

Regulatory Lag: The rapid pace of Al evolution
sometimes outstrips the development of specific
governance policies, particularly in emerging
areas like Generative Al.

Technological
Implementation

[71.[22].[24],[6].[8]

Advanced Techniques: Widespread use of Deep
Learning (CNNs, LSTMs) and hybrid models
across healthcare, banking, and smart cities (e.g.,
NEOM).

Infrastructure Costs: High computational and
energy requirements for training advanced deep
learning models exceed the budget and hardware

limits of smaller organizations.

Data & Privacy
[2]. 8]

Centralized Intelligence: Effective use of "Threat
Lakes" to aggregate national-level data for
predictive analytics and pattern recognition.

Data Quality & Sovereignty: Challenges with
imbalanced datasets and strict data-sovereignty
laws can limit the training of robust, localized Al
models.

Human Capital

(2]

Upskilling Initiatives: Massive government-led
training programs (SDAIA/NCA) are rapidly
closing the technical gap for thousands of
professionals.

Specialized Talent Gap: Despite training efforts,
there remains a critical shortage of high-level
experts in niche subfields like Explainable Al

(XAI) and Adversarial Machine Learning.

Security Architecture
[4], [15]

Zero Trust Integration: Over 60% of large
businesses have successfully integrated Al-driven
Zero Trust Architecture (ZTA) to secure remote
and cloud environments.

Explainability (Black Box): The lack of
transparency in deep learning decision-making
makes it difficult to audit security actions in
highly regulated sectors like banking.

Summary of Analysis

Learning to ensure a more inclusive and trustworthy security

ecosystem.

The strengths of the Saudi landscape are primarily driven by

strong institutional leadership and high-performance automation,

which have positioned the Kingdom as a global leader in

cybersecurity indices table 1. Conversely, the weaknesses are
rooted in technical transparency and resource barriers, highlighting
a need for future focus on Explainable Al (XAl) and Federated

IV. Methodology

We utilized multiple digital repositories, including Google
Scholar, ArXiv, and various SciSpace search tools, to conduct a
systematic review of existing research. From a comprehensive
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initial pool of candidates, we selected a curated sample of unique
papers focusing on Al-driven cybersecurity in Saudi Arabia. Our
analytical approach adhered to a rigorous four-phase protocol:
assessing relevance, applying thematic codes, performing a
comparative analysis, and synthesizing the final findings.

V. Results and Discussion
1. A Sector-Specific Implementations

a. Healthcare: Deep learning models enhance insider-
threat detection and secure electronic health records.
Major challenges include legacy system integration
and strict data-protection requirements [1].

b. Banking and Financial Services: Saudi banks lead in
Al adoption for identity verification and fraud
prevention.  Barriers  include infrastructure
limitations and algorithmic bias concerns [2].

c. Cloud and Digital Infrastructure: Al-powered
anomaly detection and IDS support secure cloud
migration and compliance with data-sovereignty
regulations [3].

2. B. Al Techniques Used in Saudi Cybersecurity

a. Machine Learning: SVM, Random Forest, and
Decision Trees are utilized for traffic classification,
while KMeans and PCA are employed for anomaly
detection [4], [12].

b. Deep Learning: CNNs are applied for malware
classification, LSTM/RNNs for sequential log
analysis, and Transformers for NLP-based threat
intelligence [1], [11], [14], [22], [28].

¢. Hybrid and Optimization Models: Combining ML
and DL improves accuracy, while genetic
algorithms and Flamingo Search optimize model
performance [9], [22].

3. C. Application Areas Al-powered Intrusion Detection
Systems (IDS) outperform traditional systems in
detecting APTs and zero-day attacks. Malware detection
is enhanced through CNN-based classification and
behavioral analysis. For proactive defense, predictive
analytics and automated threat hunting enable advanced
detection. Real-time fraud detection and anomaly
detection are widely applied across financial and network
environments [5], [6], [7], [8], [28], [29], [30]. Finally,
Al is critical in securing smart city systems and loT
devices within Saudi Arabia's smart infrastructure.

V1. Challenges

Significant  infrastructure  limitations exist, as high
computational requirements for deep learning models often exceed
the capabilities of some Saudi organizations. Data quality and
availability issues, including imbalanced datasets and privacy
concerns, continue to hinder model performance. Furthermore,
algorithmic bias and a lack of explainability in deep learning
models complicate regulatory compliance in critical sectors like
banking and healthcare.
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VII. Future Work

Future research will focus on federated learning to enable
collaborative model training without sharing sensitive data. The
advancement of Explainable Al (XAl) is essential for regulatory
compliance and building stakeholder trust [17], [20], [27]. There is
a growing need for sector-specific Al security frameworks tailored
for healthcare, banking, and smart cities. Additionally, the
development of adaptive and autonomous security systems will
focus on self-learning mechanisms capable of real-time adaptation
to emerging threats.

VIII. Conclusion

Al has become a cornerstone of Saudi Arabia’s cybersecurity
transformation. During this intensive period of digital evolution,
significant progress was made in deploying machine learning, deep
learning, and hybrid models across critical sectors. While
challenges persist—particularly in data quality, explainability, and
infrastructure—the trajectory is strongly aligned with Vision 2030.
Future research should focus on federated learning, explainable Al,
and sector-specific frameworks to ensure secure, resilient, and
trustworthy digital ecosystems.
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