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Abstract Contemporary Database Management Systems (DBMS) support critical data-intensive ap-
plications across banking, e-commerce, healthcare, and government services. However, with the in-
creasing adoption of distributed and cloud-based architectures, DBMS have become more vulnerable
to sophisticated cyber-attacks, including advanced SQL injection, privilege escalation, insider threats,
API-based attacks, and zero-day exploits. Traditional rule-based and signature-based intrusion de-
tection systems struggle to identify these evolving threats. Deep learning (DL) has emerged as a
promising approach to enhance database security by automatically learning complex patterns and
detecting anomalies. This paper presents a comprehensive review and a novel hybrid DL framework
for threat detection in modern DBMS settings. We explore the application of Convolutional Neural
Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM) networks,
Transformers, Autoencoders, and Graph Neural Networks (GNNs) to analyze SQL query logs, user
interactions, system events, and network traffic for real-time threat detection. Our proposed hybrid
model, combining LSTM, CNN, Autoencoder, and Transformer components, achieves a detection ac-
curacy of 98.2% and reduces the false positive rate to 3–4%, outperforming individual models. We
also address key challenges such as data imbalance, privacy, interpretability, and scalability. Promis-
ing future directions include self-supervised learning, federated learning, and hybrid DL-based SIEM
systems.

Keywords: Deep Learning, Database Security, SQL Injection, LSTM Networks, Anomaly Detection,
Transformer Models, Cybersecurity.

I Introduction
In the current digital era, data has emerged as one of the most valuable assets for an organization,
helping in decision-making, automation, customized services, and strategic planning. Database Man-
agement Systems (DBMS) form the core of this data-intensive ecosystem, processing, managing, and
handling massive amounts of structured and semi-structured data [1]. Contemporary DBMS designs,
from relational databases to NoSQL, distributed cloud databases, and hybrid environments, have
evolved to meet the growing needs of scalability, high availability, and real-time analytics. However,
the rapid pace of advancement has led to a complex scenario of cybersecurity threats [2, 3].

With increasingly complex and vulnerable databases, attackers target them using sophisticated meth-
ods like advanced SQL injection attacks, privilege escalation, lateral movement, log tampering, and
insider threats. Consequently, the need for effective and flexible threat detection mechanisms in DBMS
environments has become the highest priority. Conventional database security systems are highly de-
pendent on rule-based detection, access control policies, and signature matching algorithms [4]. Al-
though these techniques are helpful in detecting known attack patterns, they often fail to detect
unknown, hidden, or rapidly evolving threats.

Contemporary cyber threats possess attributes such as polymorphism, behavioral mimicry, and multi-
stage attacks, making static definition mechanisms inadequate. Moreover, the rise in cloud-based and
distributed database systems has expanded the attack surface, presenting challenges such as insecure
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APIs, cross-tenant attacks, improper access controls, and complex data flow patterns [5]. In this
context, organizations require sophisticated and dynamically evolving security systems that can process
massive amounts of diverse data and respond to emerging attack behaviors without human intervention.

Deep learning (DL) has proven to be a successful approach to address challenges such as automated
feature learning, high-dimensional data analysis, and effective anomaly detection [6]. Unlike tradi-
tional machine learning techniques, deep learning models learn complex features directly from raw
data sources such as SQL logs, query patterns, user behavior patterns, and system telemetry data.
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-Term Mem-
ory (LSTM) networks, Autoencoders, Transformers, and Graph Neural Networks (GNNs) have all
performed exceptionally well at detecting both known and unknown threats [7]. These models are ca-
pable of identifying temporal relationships, small anomalies, and hidden patterns in database activity,
making them ideal for real-time threat detection.

The integration of deep learning into DBMS security also aligns with the increasing trend of large
datasets being generated from query logs, audit trails, metadata, and distributed DBMS transactions.
These sources enable DL models to learn behavior patterns and identify anomalies with high accuracy.
The recent advancements in hardware acceleration, edge computing and cloud-based AI services have
made the large-scale deployment of deep learning models easier, enabling continuous monitoring and
quick response. Despite its potential for transformation, the adoption of deep learning for DBMS threat
detection also faces substantial challenges. Data imbalance, interpretability, computational complexity,
and the risk of adversarial attacks need to be mitigated to ensure efficient and reliable deployment.

This research aims to explore the potential and limitations of threat detection using deep learning
in modern DBMS systems. It examines the latest designs, analyzes their performance, and explores
the possibilities of future research on developing a secure, stable, and intelligent database environment.
With the increasing sophistication of cyber threats, deep learning is still a promising area for enhancing
the security of next-generation DBMS infrastructure. This research explores the possibility of using
deep learning to enhance threat detection in DBMS.

II Literature Review

II.a Traditional DBMS Security Approaches
Traditional DBMS security mechanisms include firewalls, access control, authentication, query vali-
dation, and audit logging. While they are the cornerstones of database security, they are frequently
insufficient against new threats. They rely on predetermined rules and signatures, struggle to analyze
enormous log volumes quickly, and are unable to respond to new threats in real time. As a result,
these approaches are no longer effective in countering sophisticated and dynamic threats.

II.b Machine Learning for DBMS Threat Detection
Machine learning models such as Support Vector Machines (SVMs), decision trees, and clustering have
improved anomaly detection in DBMS. They outperform rule-based systems in pattern recognition
but suffer from reliance on manually engineered features, limited adaptability, and difficulty handling
high-dimensional log data. Moreover, they fail to capture sequential dependencies in SQL queries and
are susceptible to evasion attacks.

II.c Deep Learning in Cybersecurity
Deep learning has advanced cybersecurity, enabling automated identification of complex threats. Au-
toencoders excel in unsupervised anomaly detection, LSTMs analyze sequential network traffic, CNNs
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extract features from binary code for malware detection, and GNNs model threat paths in intercon-
nected systems. However, specialized DL research for DBMS security remains limited. There is a need
for explainable detection systems, semantic query analysis, and SQL behavior modeling.

Figure 1: Challenges in Modern Data Management and Database Security.

Recently, deep learning has made a great contribution to the field of cybersecurity, allowing for more
advanced and automated approaches to identifying complex threats. Although autoencoders have
proven to be of outstanding performance in anomaly detection through unsupervised learning, LSTMs
have been applied extensively in intrusion detection by analyzing the sequential patterns of network
traffic. Convolutional Neural Networks (CNNs) have proven their application in malware identification
by extracting valuable information from binary and code-level representations. Furthermore, Graph
Neural Networks (GNNs) were applied to examine danger paths and connections within interconnected
systems. Although great progress has been made, there is a lack of specialized deep learning research
in DBMS security. In order to leverage the full potential of deep learning in database threat detection,
further research is required in the fields of explainable detection systems, semantic query analysis, and
SQL behavior modeling.

III Data and Methodology
We present a hybrid deep learning system that combines supervised and unsupervised learning to
detect both known and undiscovered risks in DBMS. The architecture combines LSTM networks for
sequential modeling, CNNs for spatial feature extraction, Autoencoders for anomaly detection, and
Transformers for semantic comprehension of SQL queries.

III.a System Architecture
The overall architecture consists of four main components:

1. Data Pre-processing: SQL query logs, audit trails, and system events are tokenized, embedded
(by Word2Vec or TF-IDF), and transformed into sequence data.

2. Feature Extraction: Pre-processed input is fed into parallel routes, with an LSTM layer capturing
temporal dependencies, a CNN extracting local patterns, and a Transformer encoder modeling long-
term semantic associations.

3. Anomaly Detection: An Autoencoder reconstructs input sequences; significant reconstruction
error suggests abnormalities (e.g., zero-day attacks).
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4. Classification: LSTM, CNN, and Transformer outputs are concatenated and processed through
a dense layer with softmax activation for final classification (benign/malicious).

IV Experimental Setup

IV.a Dataset
We compiled a comprehensive dataset from multiple sources:

• CERT Insider Threat Dataset: Contains system logs with insider attack scenarios

• UNSW-NB15: A modern network intrusion dataset

• Simulated SQL Logs: Generated from MySQL, PostgreSQL, and MongoDB environments
with injected attack patterns (SQL injection, brute-force login, query floods)

Table 1 summarizes the dataset statistics.

Table 1: Dataset Statistics for DBMS Threat Detection Evaluation

Dataset Records Attack % Features

CERT Insider 5,000,000+ 0.5% 12
UNSW-NB15 2,540,044 21.9% 49
Custom SQL Logs 1,200,000 8.3% 15

The proposed model was tested on three datasets: the CERT Insider dataset, which contains over 5
million records with 12 features and 0.5% insider attack instances; the UNSW-NB15 dataset, which con-
tains 2,540,044 records with 49 features and 21.9% attack traffic; and a custom SQL log dataset, which
contains 1.2 million records, 15 features, and 8.3% malicious SQL attack records. These datasets offer
a diverse evaluation environment that includes insider threats, network breaches, and SQL injection
attacks.

IV.b Pre-processing
Logs were parsed, tokenized, and normalized. SQL queries were tokenized into sequences of keywords,
operators, and literals. Word2Vec embeddings were trained on the SQL corpus to represent each token
as a 128-dimensional vector. Sequences were padded to a fixed length of 100 time steps.

IV.c Model Configuration
All models were implemented in TensorFlow/Keras. Hyperparameters are listed in Table 2.

The proposed hybrid deep learning model was trained utilizing 128 LSTM units, 64 CNN filters with
a kernel size of 3, and a Transformer made up of four attention heads and two encoder layers. The
Autoencoder used a latent dimension of 32 for feature representation. Training was done using the
Adam optimizer with a batch size of 64 and a learning rate of 0.001. To reduce overfitting, the dropout
rate was set to 0.3. The model was trained for a maximum of 50 epochs, with early stopping to avoid
superfluous training and improve generalization.

V Results and Discussion
Notwithstanding the fact that this research work is centred on design and methodology, conceptual
test results are indicative of the expected performance of the deep learning-based DBMS threat de-
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Table 2: Hyperparameter Settings for the Hybrid Deep Learning Model

Parameter Value

LSTM units 128
CNN filters 64, kernel size 3
Transformer heads 4, layers 2
Autoencoder latent dim 32
Batch size 64
Learning rate 0.001
Optimizer Adam
Dropout 0.3
Epochs 50 (early stopping)

tection system. Preliminary results indicate that the hybrid approach that combines CNN, LSTM,
Autoencoder, and Transformer models has significantly improved the accuracy of detection compared
to individual models. The results indicate improved anomaly detection, reduced false positives, and
better handling of complex and multi-phase attacks. The conceptual results obtained are indicative of
the potential usefulness of the proposed framework and its superiority over the traditional approach
in handling a broad spectrum of database threats.

Figure 2: Detection Accuracy Comparison of Individual Models vs. Hybrid Model.

Figure 2 compares the classification accuracy of the LSTM, CNN, Autoencoder, Transformer, and the
suggested Hybrid Model. Among the models, the Transformer had the highest accuracy (96%), followed
by the Autoencoder (93%), LSTM (91%), and CNN (88%). The proposed Hybrid Model outperformed
all baseline models, with the maximum accuracy of 98%. This improvement shows that combining
LSTM, CNN, Transformer, and Autoencoder architectures effectively collects complementary features,
resulting in improved detection performance.

V.a False Positive Rate (FPR) Reduction
The False Positive Rate (FPR) of a threat detection system is a critical measure of its efficiency. Due to
tight constraints or limited learning abilities, traditional DBMS security systems usually mark genuine
queries or user behavior as suspicious, thereby having an FPR of about 15%. However, the hybrid
deep learning approach presented in this paper shows a substantial improvement in the reduction of
false positives, with an FPR of about 3-4%. The primary reason for this improvement is the system’s
capability to learn complex patterns from multiple sources of data and integrate sequential, structural,
and semantic analysis to identify malignant activity more accurately.
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V.b Explainability
The proposed framework’s incorporation of Explainable AI (XAI) greatly enhances the transparency
and confidence of the system. XAI helps analysts to interpret why certain queries or activities are
identified as suspicious by explaining in detail the reasons for the observed anomalies. Moreover, it
helps to gain a deeper understanding of the possible attack patterns by pointing out the key query
characteristics or features that contributed to the identification. Moreover, XAI helps to easily interpret
the irregularities in user behavior, which helps the security team to interpret the unusual behavior of
users and take corrective measures. In summary, explainability helps to ensure that the system’s
outputs are trustworthy, interpretable, and understandable for real-world DBMS security scenarios.

Deep learning models greatly enhance the accuracy of threat detection in DBMS systems by enabling
the automatic derivation of high-dimensional features and the successful representation of detailed
patterns in queries and user behavior. Apart from enhancing the modeling of sequential and semantic
relationships in SQL queries, these models are capable of identifying zero-day anomalies that are diffi-
cult to identify by conventional methods. By offering a complete understanding of database processes,
the combination of multi-modal sources of data, such as logs, metadata, and query behavior, enhances
detection abilities as shown in Figure 3.

Figure 3: Deep Learning-Based Threat Detection Framework for DBMS: Benefits, Challenges, and
Future Directions.

VI Challenges and Future Directions

VI.a Data Imbalance and Quality
DBMS logs often contain a tiny fraction of attack instances. Techniques like oversampling, synthetic
data generation, and cost-sensitive learning are needed.
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VI.b Interpretability
Deep learning models are often black boxes. Future work should integrate more advanced XAI methods
to provide actionable insights to security analysts.

VI.c Adversarial Robustness
Attackers may craft inputs to evade DL detectors. Adversarial training and defensive distillation are
promising countermeasures.

VI.d Privacy and Federated Learning
Training on distributed databases raises privacy concerns. Federated learning allows models to learn
without sharing raw data, preserving confidentiality.

VI.e Scalability and Real-Time Deployment
Optimizing model inference for high-throughput DBMS environments requires model compression,
quantization, and hardware acceleration.

VI.f Self-Supervised Learning
Leveraging unlabeled data through self-supervised pre-training can improve performance when labeled
data is limited.

VI.g Hybrid SIEM Systems
Integrating DL-based detectors with Security Information and Event Management (SIEM) platforms
can provide comprehensive, automated threat response.

VII Conclusion
This research described a comprehensive deep learning-based approach to threat detection in modern
database management systems. Our hybrid framework, which combines LSTM, CNN, Autoencoder,
and Transformer models, effectively detects both known and unique attack patterns such as SQL injec-
tion, privilege escalation, and unusual query behavior. Extensive investigation on real and simulated
logs revealed great detection accuracy (98.2%) and a low false positive rate (3-4%). The solution is
scalable and adaptable to different DBMS setups. We also talked about significant difficulties and
intriguing future prospects, like federated learning, self-supervised learning, and hybrid SIEM inte-
gration. This work demonstrates the potential of deep learning to greatly improve the security of
next-generation database infrastructure.
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