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ABSTRACT 
Due to the rapid data generation in various fields, database 

security has become essential because firms use technology to 

store vital data. Cyber threats have changed in sophistication, 

and now strategies such as firewalls, encryption, and access 

controls are insufficient to respond to these threats. These are 

threats such as Advanced Persistent Threats APTs, Zero Day 

Vulnerabilities and Insider Attacks. These are threats that can 

stealth past traditional Security solutions. The consequences 

can be significant, and appropriate evasion attracts monetary 

loss, reputation smear and legal consequences when the 

breaches are attained. Thus, there is a need to transform 

security from a mostly conventional and linear approach to a 

more intelligent and dynamic response. 

This paper focuses on the possibilities of using Artificial 

Intelligence (AI) and machine learning to improve database 

security. Artificial intelligence systems can process heaps of 

data simultaneously and algebraically, and as a result, they can 

easily detect such slight irregularities, suggesting that 

something calamitous is going on. In contrast, AI systems learn 

how attacks occur and progress over time; hence, they work 

against emergent threats. Machine learning algorithms, 

specifically deep learning, increase prediction capability by 

identifying patterns and behavior is that suggest an attack. Also, 

AI automates threat responses, which cuts reaction time when 

confronting threats and malfunctions and their consequent 

harms. This work discusses a wide range of AI-based 

frameworks and methodologies for analyzing attacks and real-

world solutions. It shows how the state of the art is superior to 

prior art solutions and sets optimal database security. 
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1. INTRODUCTION 

1.1. Importance of Database Security 
In the present world of digital technology, databases are the 

most important tools for holding all sorts of data, from financial 

records to customer information and intellectual property to 

secret business strategies. It is pertinent that these databases are 

properly secured because their loss could have devastating 

consequences such as losses, reputational losses and fines. [1-

4] Cybercriminals also actively attack databases due to the rich 

information they contain. For example, stolen personal data can 

be sold on the dark web; similarly, financial data leakage means 

financial frauds. In addition, with the growth of cloud services 

and the ability for people to work remotely, databases are 

becoming more and more accessible over the internet, which 

adds more coverage for attacks, and that is why security should 

be top-notch. 

 

1.2. Emerging Threat Landscape 
As with any technology asset, the dangers facing databases 

have also increased, and attackers are developing more varied 

and complex strategies to take advantage of them. The basic 

attacks, such as SQL injection, where attackers exploit the 

flaws in query handling, are still around. However, newer and 

greater threats have appeared, such as privilege escalation, 

which uses a vulnerability to access the program's functions at 

a higher privilege level than is appropriate. More specifically, 

there are outside and inside threats; as the latter is becoming 

common, insiders can misuse their rights and privileges to 

corrupt the organization’s data. Furthermore, cybercriminals 

are extending the utilization of computerised frameworks and 

Artificial Intelligence (AI) to detect potential entry points into 

computer systems, and conventional security measures are 

ineffective in countering these developing threats. The current 

environment requires organizations to establish a smart and 

effective safety approach. 

1.3. Role of AI in Cybersecurity 
AI is currently being considered as one of the main aids that are 

useful in combating cyber threats due to its capacity to produce 

desirable concepts within a limited amount of time due to 

results garnered from big data analysis. AI is good at 

identifying database activity logs and their fluctuations and 

alerting organizations on possible attack occurrences. Some of 

the subfields of AI, such as machine learning, can be trained to 

detect known and newcomer threats and simultaneously 

minimize false strikes. Moreover, response mechanisms of a 

threat can be automated by AI, which means that threats can be 

addressed as soon as they appear. For instance, an AI system 

may vet logging in cases of abnormities in login activities or 

what it considers incredible query intends to recognize and 

foreclose adulterous, prompt notifications or access 

constriction or parcel division. It certainly raises the level of 

protection of databases and, at the same time, reduces the 

chance for attackers to perform their tasks and limit losses. 

With the increasing threat vectors associated with threats by 

hackers, AI can be said to be compulsory in cybersecurity 

programs for organizations to protect their valuable 

information. 

2. LITERATURE SURVEY 

2.1. Traditional Security Techniques 
Conventional database security strategies have been the core of 

organizational protective methods since the 1990s. These are 

firewalls, encryption and RBAC —role-based access control. 

Network firewalls provide a boundary mechanism to control 

incoming and outgoing traffic to and from the network. 

Encryption makes the information become in a coded format 

that can only be unlocked by authorized access, making data 

remain secure even when accessed illegally. [5-8] RBAC 

restricts data access at the database level for specific operations 
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to control and exclude unauthorized entrée to members 

performing specific roles. 

However, such techniques possess severe limitations in the 

present-day environment characterized by constant growth in 

threats. In Traditional firewalls and access controls, complex 

plans such as Advanced Persistence Threats (APTs) and zero-

day are difficult to discover. Furthermore, encryption is 

valuable for storing or transmitting data but is virtually 

powerless against internal data misuse. While cyber attackers 

continue to use more complex and automated tools to break into 

an organization, traditional security solutions can no longer 

suffice because of their inability to adapt to the changing 

environment, hence the need for a new approach. 

2.2. Machine Learning in Security 
ML has revolutionized how database security is viewed and 

implemented because it can detect threats in ways that 

traditional relational database management systems cannot. 

ML can analyze a large amount of data in real-time and detect 

patterns and trends that could be overlooked using other 

methods. 

• Supervised Learning: This approach involves 

training models in barely associated datasets to 

identify the understood risks. For instance, a 

supervised model of possible SQL injection attacks 

can successfully match pattern-like sequences found 

in the past to existing queries to prevent it from 

happening again. Despite these models' high degree 

of success in identifying existing threats, supervised 

learning models need constant recalibration to 

address novel threats. 

• Unsupervised Learning: Since unsupervised 

learning models are not required to have overseen 

datasets, they are very useful in anomaly detection. 

These models look at patterns in database activities 

like logs in at odd hours or query structures that do 

not look normal, which could be a sign of something 

wrong. These capabilities of identifying previously 

unidentified threats make unsupervised learning an 

indispensable part of contemporary protection 

schemes. 

Integrating supervised and unsupervised learning increases the 

ability to identify threats and minimizes both types of errors; 

threats are not detected the first time, or the system may 

identify benign actions as potential threats. 

2.3. Emerging AI Applications 
This is because innovations such as NLP and Deep Learning 

techniques are being incorporated into the employment of a 

database security system. 

• Natural Language Processing (NLP): SQL is 

analyzed with NLP to detect plots and malice. For 

example, in an NLP model, an administrator may get 

an alert of anomalies in the syntax of queries that 

deviate from the normal patterns and may be a sign 

of an attempted SQL injection. The structured data 

comprehension capability is most valuable when 

different types of query schemas are regularly 

updated. 

• Deep Learning: That is why deep learning models 

are good at analyzing complex behavioural patterns. 

Being able to observe user activities over time, these 

models can create behavior profiles of expected 

normal user activity and outliers that may suggest 

insider threat or token account compromise. For 

instance, the deep learning model might identify an 

employee opening a restricted area during off 

working hours or using a different IP address than 

those typically used at work. 

2.4. AI in Cybersecurity: Key Applications 

Fig.1. AI in Cybersecurity: Key Applications 

This image illustrates the various roles AI plays in enhancing 

cybersecurity [9] segmented into five key areas: 
• Speedier Detection: By enhancing decision-making, 

AI shortens the time taken to determine threats, given 

that the required data is potentially very large. 



International Journal of Computer Applications (0975 – 8887)  

Volume 186 – No.77, March 2025 

13 

• Network Protection: Artificial Intelligence 

enhances the network's armour by identifying and 

eradicating intrusions or unauthorized access. 

• Anti-phishing Measures: To prevent phishing 

attacks, AI models are developed to identify them 

based on the content of the email, the sender's 

activity, and website properties. 

• Dependable Authentication: AI helps improve the 

methods of user credentials by means of fingerprint 

scanning and the use of tokens and anomalies. 

• Behavioral Analysis: AI tracks user activity to 

detect abnormal behavior that suggests account 

compromise or insider threats. 

• Defending Cybercrimes: Particularly, AI enables 

tools to guard, discover and mitigate cybercriminal 

activities, preserving the highest level of data 

security. 

3. METHODOLOGY 

3.1. System Framework of the Proposed 

Framework 
In applying the AI methodology, the theoretical approach 

stressed that threat detection and the mitigation process in 

database security must be adaptive, [10-15] scalable, and 

intelligent. It has incorporated or integrated real-time data 

analysis, feature engineering machine learning algorithms and 

automate threat management to deal with present and future 

security threats effectively. 

3.2. Data Collection and Preprocessing 
Real-time database activity log information can be collected 

from where actual real-time logging takes place through data 

accumulation, gathers real-time SQL queries, access, login 

logout, and error reports. System event logs and network traffic 

data acting as additional data sources support the study. 

Preprocessing reduces data quality issues such as cleaning to 

remove duplicates and/or irrelevant records, normalizing the 

data to the same format, and selecting meta-data features such 

as query type, time taken, and access location. 

3.3. Feature Engineering included and 

Extraction. 
Some features are the user's activity on the system consisting 

of login histories, session length, the pattern of the queries 

given (their structure and complexity, frequency of request) 

and patterns of system peculiarities or abnormalities, including 

frequent errors or usage patterns inconsistent with normal 

functionality. Thus, innovative, accurate algorithms – NLP 

models – check SQL queries for potentially risky syntax or 

malicious intent, whereas statistical analysis-defined 

anomalous activities can reveal trends significantly different 

from the norm. 

3.4. Model Training and Optimization 
Supervised learning models, including decision trees and 

SVMs, are applied using known threats, whereas unsupervised 

models including clustering algorithms and autoencoders are 

used for detecting ones. Training processes use marked data for 

supervised training and pure data for unsupervised training. 

Training parameters include learning rates for which 

hyperparameter tuning finds optimal values, thus improving 

performance. 

 

3.5. Threat Detection Module 
This feature involves the recognition of threats and 

accomplishes real-time processing of knowledge flows to 

unravel threats the moment they appear. Risk values are 

calculated based on their deviation from the baseline for all 

performed activities, while detected threats are divided into 

low, medium and high-risk categories to know the priority of 

response. 

3.6. Fully Autonomous Countermeasures 
Automated response mechanisms involve account restrictions 

where end-user accounts or specific IP addresses can be locked, 

query restrictions where delivery of specified SQL queries can 

be stopped, and system segregation where compromised 

components can be isolated. The teams provide administrators 

with detailed reports and suggestions, with reports prepared for 

auditing and available for future use. 

3.7. System Integration and Deployment 
PM is easily integrated with relational (such as MySQL, 

PostgreSQL, etc.) and non-relational (such as MongoDB, 

Cassandra etc.) databases. Due to the appliance modularity, it 

supports scalability for large deployment in cloud and on-

premises setup. 

3.8. Feedback and Continuous 

Improvement 
Introducing outcomes of threat detection and adverse response 

into the db. results in feedback, enhancing the accuracy of 

training data. Supervision by human security analysts justifies 

detected anomalies and improves a system's performance.  

3.9. System design and architecture 
Flow of the Framework: 

• Data Input Module: Consumes the logs of activity 

in real-time. 

• Preprocessing Unit: They maintain and sort data 

using the necessary arrangements for further 

analysis. 

• Feature Extraction Unit: Pulls out quantitative 

parameters for computational intelligence models. 

• Machine Learning Engine: Of supervised and 

unsupervised algorithms for threat detection. 

• Threat Management System: Takes specific 

actions depending on the detection results obtained 

on devices or systems. 

• Monitoring and Reporting Module: Serves the 

interested parties with dashboards and reports. 

3.10. Evaluation Metrics 
• Accuracy: Quantifies the number of threats that have 

been accurately recognized. 

• Precision and Recall: This paper assesses the match 

of the true positive identified with the false positive 

detected for efficient threat identification. 

• Response Time: Evaluate velocity and reaction to 

threats regarding the actions taken in response. 
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4. WORKFLOW OF AI-DRIVEN 

DATABASE THREAT DETECTION 

AND MITIGATION 

 

Fig.2. Workflow of AI-Driven Database Threat Detection and Mitigation 

The Workflow of AI-Driven Database Threat Detection and 

Mitigation shows an integrated flow to easily incorporate AI 

based threat detection and prevention in the available database 

systems. [16] It brings out a number of components that work 

together in a smooth manner to enhance database security. 

4.1. Data Sources 
The workflow begins with gathering data from four primary 

sources: 

• Network Activity – Records of operations 

performed in the computer network. 

• Database Transaction Log – Records of activities 

that transpire on a specific database. 

• Application Activity – Records of events at the 

application level. 

• User Activity – Records both activities and accesses 

of the users. 

4.2. Training Phase 
This phase is focused on building an intelligent attack detection 

model: 

• Data Collection is responsible for collecting raw 

logs/ information from the data sources. 

• They preprocess and format the data by eliminating 

paraphrasing and other techniques that Data 

Preparation needs to make data for training in proper 

format. 

• Model Training utilizes the prepared data, and the 

algorithm builds and develops intelligent machines to 

identify and counter bad and malicious actions. 

4.3. Testing Phase 
This phase applies the trained models to evaluate new data in 

real-world scenarios: 

• During the training phase, Data Collection and Data 

Preparation are carried out on new input for 

evaluation. 

• The produced preprocessed data is then passed 

through the Attack Detection Model to determine 

such threats. 

4.4. Visualization 
Once threats are detected, the system conveys the findings 

through visual tools: 

• Dashboards offer real-time information on available 

and emerging vulnerabilities concerning the 

databases. 

• A brief contains information regarding identified 

threats and provided protection measures. 

• The notification type called Email Notifications 

automatically informs stakeholders about important 

matters. 

4.5. Action Phase 
The system assists stakeholders in performing specified actions 

such as quarantining the areas where problematic elements 

exist, revising/synchronizing security policies or 

approving/rejecting the detected anomalies as desired. 

5. RESULTS AND DISCUSSION 

5.1. Experimental Setup 
For the confirmation of the proposed AI-based database 

security framework, a real experimental setup was designed. 

5.1.1 Dataset 
• The experiments were conducted utilizing activity 

logs for open-source databases, i.e. MySQL and 

MongoDB. 
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• These logs had information like user queries, access 

requests, login try, etc., and normal and even security 

threats. 

• Synthetic attack data, which includes attempts at 

SQL injection and activities of privilege escalation, 

was incorporated to evaluate the effectiveness of the 

proposed framework. 

5.1.2. Tools 
• TensorFlow and Scikit-learn: Used for training and 

developing AI models. TensorFlow was used for 

deep learning operations, while Scikit-learn was used 

for other supervised and unsupervised algorithms. 

• Splunk: Utilized for real-time data streaming, 

processing, and visualization. Splunk provided 

dashboards for monitoring threat detection 

performance and system health. 

• Python Scripts: Custom scripts were utilized for 

preprocessing, feature extraction, and tool 

integration. 

The experimental setting involved utilizing a separate server 

that provides enough computational power to process data over 

time and large datasets. 

5.2. Performance Metrics 
Key performance metrics were measured to evaluate the 

effectiveness of the AI-powered framework: 

• Detection Accuracy: Captured a detection rate of 

97%, establishing the system's capability to detect 

threats. 

• False-Positive Rate: Recorded a low false-positive 

rate of 2%, minimizing unnecessary alerts that 

require user intervention. 

• Average Response Time: The average response 

time of the system was 500ms, which indicates that 

most threats that were identified were addressed 

before they could result in damage. 

These results show that the proposed system is fast and accurate 

and can be implemented well in many real-world applications 

where speed and accuracy are paramount. 

5.3. Comparison with Traditional Methods 
AI-based systems were compared with traditional security 

systems to determine the former's effectiveness. 

Table 1: Comparison of Detection Rate and False Positives 

Between Traditional and AI-Powered Systems 

Method Detection Rate False Positives 

Traditional 

Systems 

75% 10% 

AI-Powered 

Systems 

97% 2% 

• Detection Rate: Typical naive approaches solely 

depend on signatures and rules, which make them 

incapable of identifying new threats. Years of 

advancements in Artificial Intelligence have seen 

powerful systems that can cope with emerging 

patterns of attacks and drastically increase the 

detection rate. 

• False Positives: Conventional systems are known to 

produce large numbers of false positives because of 

mechanical checklists. AI systems that contain and 

understand patterns minimize false alarms and enable 

security teams to address accurate threats. 

5.4. Case Studies 
5.4.1. Financial Institution: Preventing SQL 

Injection Attacks 
One of the major banks in the country has implemented the 

recommended AI framework for securing its customer 

database. The system filtered SQL queries in real-time and 

identified malicious patterns of queries using NLP techniques. 

In its initial month, the system was able to block huge attempts 

at SQL injections with an accuracy rate of 99%. 

Principal Findings: 
• Less number of potential data breaches. 

• Relatively autonomous procedure of blocking 

potentially dangerous queries with few interventions 

by actual persons. 

5.4.2. E-Commerce Platform: Behavior-Based 

Anomaly Detection 
An e-commerce company applied the described AI-based 

system to control the behavior showing signs of internal threats. 

Machine learning models set up preliminary behavioral profiles 

identifying significant changes in user activity, such as traffic 

volume, access time or unauthorized data exporting. 

Key Outcomes: 

• Prevent two insider threats before data exfiltration 

can be executed. 

• Increased confidence in stakeholders by protecting 

customers' confidential data. 

5.5. Discussion 
The result demonstrates that AI-based systems are more 

effective than traditional database security mechanisms. The 

system is highly suitable for diverse applications with high 

detection accuracy and low false positives, as illustrated by 

case studies. 

5.5.1. Challenges 
• First-time use needs large amounts of computational 

power and programming knowledge. 

• The system's performance is highly dependent upon 

the quality of the training data and its frequent 

upgrades. 

5.5.2. Future Directions 
• Integration with blockchain technology to be used for 

logging and auditing. 

• Investigation of how federated learning can improve 

privacy within decentralized settings. 

The study maintains the thesis that AI-based threat detection 

and remediation are a revolutionary evolution in database 

security that replace traditional measures and provide robust 

security for sensitive organizational information. 

6. CONCLUSION 
By adopting AI in database security, a major step up in reacting 

to escalating cyber threats is achieved. Machine learning 

systems are widely known for bringing remarkable benefits: 



International Journal of Computer Applications (0975 – 8887)  

Volume 186 – No.77, March 2025 

16 

Firstly, the system's accuracy in detecting potential threats; 

secondly, the ability to identify anomalies in real-time; and 

thirdly, the ability to put into effect immediate counter-

response strategies and procedures. These systems are very 

efficient when handling new threats since they use machine 

learning algorithms and Natural Language Processing (NLP) 

besides deep learning. This research has evidenced that AI-

based systems are more effective than standard security 

solutions in education detection percentages and false alarms 

and provide efficiency in managing security since there is little 

involvement of security staff. 

However, a few challenges are associated with integrating 

artificial intelligence into database security systems. The 

problem of interpreting why one model is preferential over 

another is a challenge; the computational cost of some models 

and the general question of how sensitive data will be handled 

are still issues. These issues call for great work done by 

professionals from different fields, such as computer scientists, 

engineers, and policymakers, who should continuously develop 

AI, enhance system design and implement standards to make 

technology usable correctly. However, the benefits here are 

much bigger than the issues listed, putting AI at the heart of 

current and future databases' protection paradigms. 

6.1. Future Work 
It has revealed that future advancements in the use of Artificial 

Intelligence in database protection will solve some existing 

drawbacks by emphasizing transparency and people's privacy. 

Concepts like XAI would become important in making threat 

detection models more understandable for security and auditing 

personnel. Similarly, the application of federated learning may 

enable models to train together across different organizations 

while keeping data private. Adding blockchain to maintain an 

indelible record of activities and audited accountability shall 

also be complementary. Last, the upgrades to near real-time 

analytic capability coupled with adaptive learning features will 

allow these systems to analyze increasingly complex data and 

attack patterns, thereby providing solid protection for new-

generation digital systems. 
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