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Abstract—With the exponential growth of digital data, database security has become a critical concern for orga- nizations across
industries. Traditional rule-based intrusion detection methods struggle to detect evolving and sophisticated threats. This research
investigates the application of artificial intelligence (Al) and machine learning (ML) to detect anoma- lies in a real-time database.
Using access logs, transaction patterns, and user behavior analytics, ML models can identify anomalies and potential security
breaches with higher accuracy and adaptability. The proposed approach emphasizes explain- ability, compliance, and adaptability
in dynamic database environments.

Index Terms—Database Security, Anomaly Detection, Ma- chine Learning, Artificial Intelligence, Explainable Al, Cyber- neticist,
Cyber-security, Cyber ethics

|. Introduction

Databases are the backbone of modern applications that store sensitive and mission-critical information. Coun- terattacks targeting
databases, such as SQL injection, privilege escalation, and insider threats, can cause serious financial and permutational damage.
Traditional Intrusion Detection Systems (IDS) rely on predefined rules, which are often insufficient against zero-day attacks or subtle
anomalies.

Al and ML have emerged as transformative tools in cyberneticist, enabling systems to detect abnormal patterns in real time by
learning from historical data. This study focuses on training ML models using database access logs and transaction records to detect
intrusions, anomalies, and fraud. The approach takes advantage of both supervised and unsupervised learning, incorporating
Explainable Al (XAI) for transparency.

Background and Motivation

The AAAI Presidential Panel Report (2025) identified Al reasoning, factuality, trustworthiness, embodied Al, ethics, and safety
as top research priorities [1]. The motivation for Al-based anomaly detection stems from the need for:

« Real-time monitoring and proactive defense.
« Adaptive learning against evolving cyber threats.
» Transparency for compliance with regulations (e.g., GDPR, HIPAA).

Neurosymbolic Al, as highlighted by Amazon, offers a hybrid approach combining neural networks with symbolic reasoning,
potentially improving logical consistency in anomaly detection [2]. Similarly, Google’s Era of Expe- rience emphasizes Al that
learns from real-world interac- tions, aligning well with adaptive security systems [3].

I1. Literature Review

This section synthesizes prior work on Al/ML-driven database security and anomaly detection, spanning foun- dational surveys,
classical and deep learning methods, benchmark datasets, and emerging areas such as explain- able Al (XAl) and neurosymbolic
reasoning.

Surveys and Foundations

Early comprehensive surveys established the conceptual and taxonomic basis for anomaly detection and outlier analysis in data
modalities, algorithms, and evaluation protocols [5], [6]. Subsequent cybersecurity-focused sur- veys examined the role of ML in
intrusion detection, highlighting data set bias, concept drift, and deploy- ment barriers [7], [11], [19]. A critical perspective on
the application of ML to intrusion detection emphasized generalization pitfalls and operational constraints [12].

Classical ML for Anomaly Detection

Classical methods remain attractive for their simplicity, runtime efficiency, and interpretability. The isolation forest identifies
anomalies by random partitioning and remains a strong baseline for tabular access log data [13]. One-Class SVM and tree ensembles
(e.g. Random Forest, Gradient Boosting) are widely used for known attack classification and outlier scoring in structured logs,
particularly when labeled data are available [11], [19]. Graph-based approaches model entities (users, roles, hosts) and relationships
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(sessions, queries) to surface structural irregularities [23].

Deep Learning for Complex Patterns

Deep learning methods capture high-dimensional, non- linear, and temporal patterns typical of production logs and network
telemetry. LSTM-based detectors learn se- quential dependencies in request or query traces for in- trusion detection [9]. Autoencoder
families learn compact representations of normal behavior; reconstruction error acts as an anomaly signal, enabling online detection
under realistic traffic variability [21]. Broader surveys document the maturation of deep learning across networking con- texts [10],
[18], with implications for database-centric pipelines (e.g., modeling bursty workloads and diurnal user behavior).

Distribution Shift and Evaluation

Robust evaluation is non-trivial due to drift, evolving threats, and label scarcity. Classifier two-sample tests (C2ST) offer a statistical
lens to detect distribution shifts between train and deployment data, informing retraining and threshold adaptation [16].
Comprehensive reviews of intrusion detection datasets warn about artifacts, leakage, and unrealistic traffic mixes that inflate reported
accuracy [14]. The UNSW-NB15 dataset is frequently used to benchmark intrusion detection pipelines beyond legacy KDD corpora
[15].

Explainable Al (XAl) and Analyst Trust

Operational security demands interpretable alerts for triage and compliance. Surveys in XAl outline model- agnostic tools (e.g.,
SHAP, LIME) and global/local ex- planations relevant to SOC workflows [4]. In cybersecurity specifically, explainability is tied to
analyst trust, root- cause analysis, and regulatory evidence [20]. For tabular access logs, post-hoc explanations can attribute anomalies
to feature-level deviations (e.g., off-hours access volume, atypical schema/table mix), supporting faster incident response.

loT, Federated, and Edge Contexts

As data flows decentralize, detection must contend with heterogeneous devices and privacy constraints. Surveys on 10T anomaly
detection and edge analytics highlight lightweight models, communication-efficient learning, and privacy-preserving training
paradigms (e.g., federated learning) that can inform distributed database deploy- ments [17], [22].

Neurosymbolic and Knowledge-Infused Security Neurosymbolic Al blends neural representation learn-ing with symbolic
rules/knowledge to improve logical consistency and reduce false positives in safety-critical settings. Its application to knowledge
graphs demonstrates improved reasoning for sparse or structured signals [25]. Industry commentary underscores neurosymbolic
promise for trustworthy Al and grounding, aligning with the needs of database security where policy/rule conformance matters [2].
Concurrently, strategic reports emphasize reasoning, trustworthiness, and safety as top Al priorities for 2

Related Work

Al Security Mechanisms and Corresponding Algorithms Al security mechanisms are essential to ensuree robust- ness, privacy, and
integrity of Al-driven systems, espe- cially in security-critical applications such as anomaly detection, biometric authentication, and
secure data pro- cessing. The following categories outline widely adopted security approaches, along with representative algorithms
or techniques employed in each.

Adversarial Attack and Defense

Adversarial attacks aim to manipulate Al models by introducing imperceptible perturbations to input data, thereby misleading the
modelredictions. The prominent attack algorithms include Fast Gradient Sign Method (FGSM), Projected Gradient Descent (PGD),
DeepFool, and Carlini & Wagner (CW) Attack. Defensive strategies focus on increasing the robustness of the model, using
approaches such as Adversarial Training, Defensive Dis- tillation, Feature Squeezing, and Gradient Masking.

Privacy Preservation

Privacy-preserving mechanisms protect sensitive infor- mation during Al model training and inference. Differen- tial Privacy uses the
Laplace Mechanism and Exponential Mechanism to ensure that individual data points cannot be reverse-engineered. Federated
Learning techniques, such as FedAvg and FedProx, enable training of collaborative models without sharing raw data. Furthermore,
Homo- morphic Encryption schemes like BFV and CKKS allow computations on encrypted data.

Authentication and Access Control

Al-based authentication mechanisms enhance security through advanced verification methods. CNN-based Face Recognition and
SVM-based Fingerprint Classification are widely used in biometric authentication. Multifactor authentication protocols further
strengthen access control by requiring multiple independent verification factors.

Intrusion Detection in Al Systems

Anomaly detection algorithms such as Isolation Forest, Autoencoders, and One-Class SVM help identify abnormal activities or
intrusions in Al systems by modeling normal behavior patterns and identifying deviations.

Model Integrity and Verification
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To protect against unauthorized modifications and in- tellectual property theft, model watermarking techniques such as Backdoor-
based Watermarking and Trigger-set Based Watermarking embed unique signatures in Al models. Verification methods, including
SMT Solvers and Formal Verification Frameworks, validate the correctness of the model and detect tampering.

Feature Engineering
The extracted features include the following.
« Query frequency and periodicity.
- Access time deviation from the normal pattern of the user.
- Unusual data volume transferred.
- Role-based access variance.
Model Architecture
« Unsupervised Learning: Isolation Forest, One-Class SVM to detect unknown anomalies.
« Supervised Learning: Gradient Boosting, Random Forest to classify known attack patterns.

« Neurosymbolic Integration: Combines ML anomaly outputs with symbolic rule-based reasoning to im- prove decision-
making precision.

Explainability
The framework incorporates:
SHAP (SHapley Additive exPlanations) for global and local feature importance analysis.

LIME (Local Interpretable Model-agnostic Explana- tions) for case-specific anomaly explanation to assist human analysts.
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Fig. 1. Al-driven decision management, control, and data plane integration for security monitoring.

Proposed Methodology

The proposed system uses artificial intelligence (Al) and machine learning (ML) techniques to detect anomalies and potential security
threats in database environments. The architecture is divided into three main stages: Data Collection, Feature Engineering, and
Model Training & Inference.

Data Collection The system collects:
« User Access Logs: Includes time, IP address, geoloca- tion, and role-based access details.
« Query Execution Patterns: Tracks query types, exe- cution frequency, and complexity metrics.
« Transaction Metadata: Includes transaction size, ex- ecution latency, and data access paths.
Notes

The counts and KPIs above are illustrative and follow the definitions in Section Evaluation Metrics. Replace with your measured
values if available; the tables and formulas will remain valid without modification.

Expected Results
The proposed Al-driven anomaly detection system is expected to:

The Anomaly Score s(x, n) is computed as:
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Fig. 2. Key benefits of Al integration in database security, including predictive measures, real-time detection, and automated
response.
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Fig. 3. Al/ML pipeline for cyber-attack prevention, showing predic- tive analytics and adaptive defense mechanisms.

where:
s(x,n) =2
E(h(x))
c(n) B

« E(h(x)) = average path length to isolate point x
« c(n) = average path length for n instances
Scores close to 1 indicate anomalies, while scores near 0.5 denote normal points.

2) One-Class SVM: The One-Class SVM minimizes the volume of a hypersphere enclosing most data points, mapping anomalies
outside this boundary.

Objective Function:

subject to: min

w,p,&

w2+

vn
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i=1
]
Si—p
(W-g(xi)) =2p —4, ¢i=0
where:

- v €(0, 1] is a parameter controlling an upper bound on training errors and a lower bound on support vectors

- ¢(x;) = feature mapping

- & = slack variable Autoencoder Reconstruction Error (Deep Learning) Autoencoders learn to reconstruct input data. Anoma-
lies are detected based on high reconstruction error. The Reconstruction Error is:

where:

2
Leec(X, X) = [[x —X] =

- X = original input
Mathematical Theory and Calculations in Al-based Anomaly Detection
A. Outlier Detection: Isolation Forest and One-Class SVM

1) Isolation Forest: Isolation Forest isolates anomalies by randomly selecting features and split values between the maximum
and minimum values of the chosen feature. Anomalous points are easier to isolate, requiring fewer

- % = reconstructed input
If Lrec = 0 (threshold), x is flagged as anomalous.
C. Feature Importance via SHAP (Explainable Al) The Shapley Value ¢; for feature j is:

splits, and thus appear closer to the root of the tree. The Average Path Length c(n) of a Binary Search Tree

¢ = >
SEN\{}
SIT(IN[=[S|=1)!

[fSu{}) -1l

IN!

is:
c(n) =2H(n—-1) -
2(n—-1
n

where:

- N = set of all features

where H(i) is the i-th harmonic number:

H(D) = =1

k

- S = subset of features

- f(S) = model prediction using feature subset S

i quantifies how much feature j contributes to the anomaly score.
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D. Statistical Basis for Thresholding: Z-score Method The Z-score is:
X—H
- ;=
o

TABLE Il Per-Attack Metrics

Attack Precision | Recall F1 Accuracy | FPR | TPR
SQL Injection 0.953 0.968 0.961 0.995 0.003 | 0.968
Brute-Force 0.945 0.957 | 0.951 0.993 0.004 | 0.957
where: Other Attacks 0.868 0.929 | 0.898 0.991 0.006 | 0.929

- x = observed value

- M = mean of normal behavior

- o = standard deviation
If || > t (threshold, often 2 or 3), the point is considered anomalous.
E. Evaluation Metrics
The main performance metrics are:

Precision = P

TP + FP

Recall = P

TP + FN

2 x Precision x Recall Precision + Recall
F1-Score =

where:
« TP = True Positives
« FP
« FN

False Positives

False Negatives

These mathematical formulations underpin the Al mod- els and explainable Al mechanisms employed in the proposed database
anomaly detection system.

Attack-Specific Results: SQL Injection, Brute-Force, and Other DB Attacks
A. Setup and Notation

For each attack type a € {SQL.I, Brute-Force, Other}, let (TP, FPa, FNa, TNJ) denote the confusion-matrix counts. Metrics
are:

TABLE Il Macro/Micro Averages

/Average Precision Recall F1 Accuracy FPR TPR
Macro 0.922 0.952 0.937 0.993 0.005 0.952
Micro 0.929 0.954 0.941 0.993 0.005 0.954

D. Latency, Throughput, ROC-AUC, and FPR Reduction
Assuming baseline FPRs of 0.021 (SQL.i), 0.026 (Brute- Force), and 0.031 (Other), the observed system-level KPIs are:
Expected Results The proposed system is expected to:

« Detect anomalies in real time with high accuracy.

« Reduce false positives compared to traditional IDS.
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- Provide interpretable alerts for security teams.

Conclusion

Al-powered anomaly detection offers a promising solu- tion for database security challenges in 2025 and beyond. Integrating
neurosymbolic Al, XAl, and adaptive learn- ing will enable more robust, transparent, and proactive defenses against cyber threats.
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