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Abstract 
 

This study investigates the transformative impact of artificial intelligence (AI) and machine learning (ML) on database management sys-

tems (DBMS), particularly in optimizing query execution, workload management, indexing, and security. This review delves into AI-

driven methodologies, including reinforcement learning, deep learning, and Bayesian optimization, which significantly enhance scalability, 

automation, and efficiency within DBMS. Nonetheless, challenges such as high computational costs, integration complexities, and security 

vulnerabilities persist. The primary aim of this review is to evaluate current AI applications in database optimization, measure their effec-

tiveness, and delineate future research trajectories. Findings indicate that AI-driven autonomous databases can substantially reduce manual 

interventions and enhance real-time adaptability. Future research endeavors should prioritize the development of energy-efficient AI mod-

els, explore federated learning for privacy preservation, and investigate quantum computing to overcome existing limitations and further 

propel the evolution of self-optimizing database architectures. 

 
Keywords: : AI-Driven Database Optimization; Machine Learning; Query Performance Enhancement; Intelligent Indexing; Automated Workload  

Management. 

1. Introduction 

In the present technology scene, the dynamic interaction of artificial intelligence (AI) with database management systems (DBMS) has 

attracted great interest as AI-driven database optimization has emerged as a vital field of research. Using artificial intelligence to boost 

database performance and increase efficiency is becoming vital for companies coping with the rising amount of data produced every day. 

By automating activities once dependent on human involvement, AI technologies, especially machine learning (ML), have shown consid-

erable potential in altering DBMS, hence enhancing performance metrics and resource allocation [1]. 

Historically, databases depended mostly on human tuning and pre-defined query optimization strategies, which, although effective, often 

failed in settings marked by fast data changes and complicated user queries. Traditional optimization techniques employed static rules and 

historical performance data, which were insufficient in adjusting to changing patterns in data access and use [2]. In contrast, AI-powered 

approaches, especially those utilizing machine learning algorithms, enable a more adaptive and responsive optimization framework. These 

ML models can learn from ongoing data interactions, continuously enhancing performance based on real-time insights and predictive 

analytics [3], [4].  

One major benefit of artificial intelligence in database optimization is its ability for smart data caching and retrieval techniques. Using 

sophisticated machine learning algorithms, databases can forecast which data will be requested most often and preemptively rearrange 

resources to improve access speed and efficiency [5], [6]. This proactive strategy contrasts sharply with conventional methods, which often 

include administrators responding to performance issues that might cause downtimes or less-than-optimal performance. Artificial intelli-

gence systems can also spot and adapt to changing usage trends, therefore enhancing the operational resilience of databases [1]. 

Anomaly detection inside databases is yet another important component of AI-driven optimization. Often, manual anomaly detection falls 

short given the enormous amount of data handled by contemporary systems, which might hide tiny performance declines until they become 

more serious. AI systems armed with deep learning capabilities may examine huge datasets to find unexpected patterns suggestive of 

performance bottlenecks or possible security issues, allowing prompt interventions [3], [7]. Moreover, the integration of advanced analytics 

within DBMS offers insights into user behaviors, improving resource alignment with usage needs [8], [9]. 

http://creativecommons.org/licenses/by/3.0/
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Sustainability and environmental considerations have also emerged as significant themes in the discourse on AI-driven database optimiza-

tion. Many industries want to reduce their carbon footprint without sacrificing efficiency and performance. AI technologies help to optimize 

not just by cutting reaction times but also by decreasing energy use throughout database systems [10], [11]. By incorporating machine 

learning models that dynamically adjust resource allocation based on operational demands, organizations can achieve greater energy effi-

ciency, thereby supporting sustainability goals [10]. 

In cloud computing, the synergy between AI and database management further enhances capabilities. AI-driven database services optimize 

resource utilization in cloud environments, enabling businesses to scale operations seamlessly as demand fluctuates [5]. This flexibility is 

crucial for contemporary organizations navigating complex market demands. Additionally, predictive analytics powered by AI assist in 

capacity planning and allocation, ensuring that databases can support evolving applications without performance degradation [12], [13]. 

The integration of AI-driven optimization in DBMS does face challenges. Deploying machine learning models within existing database 

architectures often requires significant investment and expertise [1], [14]. Organizations must prioritize data governance and ethical con-

siderations, especially when leveraging sensitive data within machine learning algorithms. Effective training datasets must be comprehen-

sive and representative to avoid biases that could lead to flawed optimization outcomes[15]. 

Furthermore, organizations grapple with the complexities of model selection and hyperparameter tuning to optimize ML algorithms for 

DBMS contexts. This task necessitates domain-specific knowledge and technical expertise, creating a demand for interdisciplinary teams 

bridging data science and database management [16], [1]. As machine learning technologies evolve, the accessibility of AI-driven tools is 

expected to improve, helping organizations streamline implementation processes and enhance AI applications in database optimization 

[17], [18]. 

The objective of this review is to assess and synthesize recent advancements in AI-driven database optimization, with a focus on techniques 

that enhance performance, scalability, and automation in DBMS. It investigates how artificial intelligence applications, including rein-

forcement learning, deep learning, and Bayesian optimization, are being utilized to improve query execution, automate indexing, forecast 

workloads, and identify abnormalities. The paper questions their efficacy and points out present shortcomings, including integration com-

plexity, processing cost, and security concerns. AI-driven database optimization, in short, improves query performance, workload manage-

ment, and indexing by the use of machine learning methods. Unlike conventional human tuning, artificial intelligence allows real-time 

adaptive query execution and automatic tweaking, hence increasing efficiency and scalability.  

The rest of this paper is organized as follows: The theoretical underpinning of DBMS is presented in Section 2, together with AI applications 

in fields such as query optimization, indexing, workload forecasting, and anomaly detection. Highlighting important results and issues, 

Section 3 offers a literature study of new AI-driven methods, including reinforcement learning and deep learning. Emphasizing technique 

use and shared challenges, Section 4 provides a comparative debate backed by graphic facts. At last, Section 5 ends with a review of ideas 

and future research paths oriented on scalable, safe, and autonomous AI-powered database systems. 

2. Background theory 

Critical parts of contemporary information systems, database management systems (DBMS) offer organized storage, retrieval, and data 

administration. Optimizing the performance of large, complicated databases becomes a major difficulty. Traditional database optimization 

methods depend on rule-based systems, heuristics, and human tweaking, which might not always be effective or scalable. By automating 

performance tuning, query optimization, indexing, workload forecasting, and anomaly detection, artificial intelligence (AI) and machine 

learning (ML) have become potent instruments to improve database optimization. 

2.1. Machine learning applications in DBMS optimization 

Several key areas within DBMS optimization benefit from AI and ML techniques 

2.1.1. Query optimization 

Improving database speed by choosing the most effective query execution plan depends on query optimization. Cost-based techniques 

employed by conventional query optimizers estimate execution costs using statistical heuristics. AI-driven methods, on the other hand, 

dynamically train and forecast the optimal query execution strategies using reinforcement learning and neural networks, hence lowering 

computational load and enhancing response times [19]. 

2.1.2. Indexing and storage optimization 

Improving query performance depends much on index selection. By forecasting which indexes will be most advantageous depending on 

query patterns and historical data, artificial intelligence models may automate index optimization [20]. By using deep learning and rein-

forcement learning methods to suggest the best indexing plans, one may achieve notable performance gains [21]. Additionally, AI-based 

clustering and classification techniques can optimize data storage and retrieval mechanisms to enhance overall efficiency. 

2.1.3. Workload prediction and resource allocation 

AI-driven workload prediction systems anticipate future workloads by using previous query logs and system data. This guarantees seamless 

DBMS functioning by means of proactive resource allocation and load balancing. Often, time series analysis and recurrent neural networks 

(RNNs) are used to forecast workload trends, therefore enabling database managers to effectively distribute resources [22]. 

2.1.4. Anomaly detection and performance tuning 

Real-time performance bottlenecks, security concerns, and system failures are found via AI-powered anomaly detection methods. ML 

models may find anomalies from typical database behavior and offer early alerts to managers by using unsupervised learning methods such 

as clustering and autoencoders [23], [24]. Additionally, reinforcement learning-based tuning frameworks continuously adapt database con-

figurations to optimize performance dynamically [25]. 



64 International Journal of Scientific World 

 
2.1.5. Automated database administration 

In database management system administration, the use of AI-driven automation decreases the need for manual intervention. Several func-

tions, including query scheduling, caching, replication, and backup management, are capable of being managed independently by intelligent 

agents. As a result, this results in decreased operational expenses and better availability of the database [26]. 

2.2. Graphical representation of AI in DBMS optimization 

2.2.1. Comparison of query execution time (traditional vs. AI-driven optimization) 

 
Fig. 1: Comparison of Query Execution Time: Traditional vs. AI-Driven Optimization. 

 

About query execution durations, Figure 1 illustrates a contrast between classical optimization, which is indicated by the solid red line, and 

AI-driven optimization, which is depicted by the dashed blue line. The methodology that is powered by artificial intelligence consistently 

yields shorter execution times across all queries, indicating reduced latency in comparison to a more traditional approach. This suggests 

that the performance of databases may be improved using AI-based optimization by increasing the efficiency of queries. The graph makes 

it abundantly evident that AI-driven query optimization dramatically reduces the amount of time required for execution, hence rendering 

database operations very efficient in comparison to traditional methods [27]. 

2.3. Comparison between traditional database optimization methods and modern AI-driven 

 
Table 1: Here's A Comparative Overview Highlighting the Differences Between Traditional Database Optimization Methods and Modern AI-Driven Ap-

proaches 

Aspect Traditional Database Optimization AI-Driven Database Optimization 

Refer-

ences 
No. 

Methodology 

Relies on rule-based and cost-based optimiza-

tion techniques, often requiring manual tuning 

by database administrators. 

Utilizes machine learning models to predict optimal query execution 

plans and configurations, enabling automated and adaptive optimiza-

tion. 

[28] 

Scalability 

May struggle with large-scale or complex da-

tasets due to manual tuning limitations and 

static optimization strategies. 

Excels in handling large, complex, and dynamic datasets by learning 
from data patterns and adapting in real-time. 

[29] 

Performance 

Performance improvements are limited by the 

accuracy of cost estimations and the static na-

ture of optimization rules. 

Achieves significant performance enhancements through accurate 

predictions and adaptive learning, leading to reduced query execution 

times and improved resource utilization. 

[28] 

Adaptability 

Less adaptable to changing workloads or data 

patterns; requires manual intervention for re-op-

timization. 

Highly adaptable, continuously learning from new data and queries to 
adjust optimization strategies dynamically. 

[29] 

Integration 

Complexity 

Involves manual configuration and tuning, 

which can be time-consuming and error-prone. 

Offers automated tuning and optimization, reducing the need for 

manual intervention and minimizing human error. 
[28] 

Security and 

Privacy 

Security and privacy considerations are man-
aged through traditional access controls and 

policies. 

Introduces new challenges in security and privacy, especially con-

cerning data used for training machine learning models. 
[29] 

 

Artificial Intelligence and Machine Learning have significantly transformed database optimization by enabling intelligent, automated de-

cision-making across various tasks within Database Management Systems. Through techniques such as predictive analytics, reinforcement 

learning, and deep learning, modern databases can dynamically adapt to changing workloads, enhance performance, and increase reliability. 

These advancements reduce the need for manual intervention and support more efficient, responsive database operations. 

3. Literature review 

This section of the article aims to critically analyze the latest advancements, challenges, and opportunities in AI-driven database optimiza-

tion. The discussion encompasses query optimization, workload balancing, security, and scalability, while also scrutinizing existing re-

search on machine learning applications within database management systems. This domain reveals significant progress, identifies research 

gaps, and highlights future opportunities to enhance database functionality and performance through various artificial intelligence meth-

odologies, including reinforcement learning, deep learning, and Bayesian optimization: 

R. Dhaya et al. (2022). This paper investigates AI-driven database administration within private cloud environments, focusing on scalability, 

security, and integration challenges. It examines AI-based workload management, indexing, and optimization strategies aimed at enhancing 

performance and reducing computational costs. Although cloud-based data sharing has raised privacy concerns, effective monitoring and 

encryption have addressed security issues. Significant drawbacks include the high costs associated with AI-driven cloud solutions and the 

complexities of integration. Future research should explore distributed file storage to enhance scalability and develop energy-efficient 
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artificial intelligence models. The implementation of adaptive AI-based automation for workload balancing and security enhancements 

may help mitigate integration and cost-related challenges [30]. 

Barsha Rani Shaw et al. (2023). This study explores the application of artificial intelligence (AI) in database management systems (DBMS) 

to enhance performance, security, and scalability. It investigates automated database monitoring, indexing strategies, query optimization, 

and AI-driven techniques for performance enhancement. Security advancements include anomaly detection and protection against SQL 

injection, while AI-driven tuning addresses scalability challenges. Data management issues have raised privacy concerns, and high com-

putational demands are linked to cost challenges. The training of AI models within DBMS introduces integration complexities, with limi-

tations such as model interpretability and resource constraints. Future research will focus on AI-assisted data organization and self-opti-

mizing databases. Additionally, cloud-based AI-driven automation for adaptive resource management may alleviate cost and complexity 

issues [31]. 

Neha Reddy Palnati (2024) explored machine learning methods for schema matching across multiple databases to enhance integration. 

They identified attribute correlations and optimized data mapping using Kohonen Self-Organizing Maps (SOM) and K-Means Clustering. 

The study addressed scalability through automated feature extraction and clustering, while also highlighting security issues stemming from 

data inconsistency and integration faults. Techniques such as edit distance and Euclidean distance for attribute similarity analysis yielded 

performance gains. Semantic variances in schema characteristics complicated integration, presenting a significant challenge. Manual in-

volvement in one-to-many mappings imposed additional constraints. Future developments aim to implement semi-automated schema 

matching by leveraging web scraping and natural language processing. Employing AI-driven schema inference models for adaptive data-

base alignment could help mitigate integration complexity [32]. 

Perdana Miraj et al. (2024) investigated the combination of database management systems (DBMS) and knowledge management (KM) in 

subsea project services. A questionnaire survey-based quantitative approach was used in the study to evaluate how KM improves data 

organization, retrieval, and decision-making. While security issues resulted from data inconsistency and integration complexity, scalability 

was affected by the flexibility of KM frameworks. While privacy concerns remained because of data management constraints, methodical 

knowledge exchange spurred performance gains. Key obstacles were mentioned as high implementation expenses and integration com-

plexity. Future paths included machine learning for automated decision assistance and AI-driven knowledge extraction. The creation of 

AI-assisted knowledge-sharing systems to simplify data access and decision-making might help to solve integration difficulties [33]. 

Hemanth Gadde (2024) analyzed AI-driven enhancements in database management systems (DBMS) aimed at improving query optimiza-

tion, dynamic workload management, and security. The researchers executed an experiment to validate the hypothesis, meticulously ana-

lyzing the data to derive conclusions from their findings. Their results were presented at a conference, fostering discussions among scien-

tists regarding the implications of the study. The application of machine learning models for query optimization, anomaly detection, and 

resource allocation was explored. Furthermore, automated threat detection and predictive maintenance were identified as key factors in 

bolstering security; however, data-sharing vulnerabilities in AI-driven environments raised significant privacy concerns. Major challenges 

hindering widespread adoption included elevated computing costs and integration complexities. Future directions suggest the development 

of artificial intelligence-driven indexing methods to enhance efficiency and the establishment of self-healing databases. The implementa-

tion of standardized AI-based DBMS systems is anticipated to facilitate seamless interoperability across platforms, potentially mitigating 

integration challenges. [34]. 

Oluwafemi Oloruntoba (2025) studied AI-driven database automation to improve performance, security, and scalability. This research 

employs artificial intelligence-based adaptive indexing to increase data retrieval efficiency, utilizes deep learning for predictive query 

optimization, and applies machine learning algorithms for self-tuning. Dynamic workload balancing manages scalability; AI-driven anom-

aly detection enhances security. Performance improvements include query plan optimization and workload predictions; artificial intelli-

gence-driven data governance complexity creates privacy concerns. Major drawbacks involve high infrastructure expenses and interface 

issues with existing systems. Future studies will explore quantum-enhanced database optimization and reinforcement learning for autono-

mous tuning. Developing hybrid AI models that span conventional and AI-native database systems for smooth adoption may help reduce 

integration complexity [35]. 

Santhosh Kumar Pendyala (2023) studied and investigated AI-driven methods to improve execution performance in cloud settings, opti-

mize resource allocation, and enhance query optimization. To increase scalability and speed, they included predictive resource allocation 

models, self-optimizing data partitioning, and a reinforcement learning-based adaptive query execution engine. While privacy concerns 

arose from multi-cloud data-sharing issues, they strengthened security with artificial intelligence-driven anomaly detection. They noted 

key obstacles as large computational expenses and integration complexity. Future work will concentrate on quantum computing for more 

optimization and real-time AI-powered workload balancing. Adopting consistent AI-powered query optimization frameworks will help 

reduce integration complexity and ensure smooth multi-cloud interoperability. [36]. 

Ji Zhang et al. (2021) used deep reinforcement learning (DRL) to examine AI-driven autonomous database tuning, optimizing cloud data-

base performance, security, and scalability. High-dimensional continuous spaces were tuned for configuration knobs using Deep Deter-

ministic Policy Gradient (DDPG). While security improvements depended on automated anomaly detection, adaptive learning-based knob 

tuning helped to increase scalability. Self-tuning query optimization produced performance improvements, but artificial intelligence-driven 

data governance complexity raised privacy issues. Key drawbacks were high computing costs and integration issues. Future studies targeted 

quantum-inspired learning models for automatic database optimization. Developing uniform AI-powered tuning systems to improve cloud 

database flexibility might help to solve integration difficulties [37]. 

Vijay Panwar (2024) explored how decentralized artificial intelligence may be used with database administration to improve scalability, 

security, and efficiency. This study distributed computation over nodes using federated learning, blockchain-based storage, smart contracts, 

and AI-driven data sharding, thereby lowering dependency on centralized systems. While blockchain encryption helped to address security 

concerns, edge computing increased scalability. Real-time processing and automatic indexing were among the performance improvements; 

major drawbacks were interoperability and high computing costs. Future studies concentrated on hybrid artificial intelligence models and 

enhanced decentralized consensus procedures. Creating uniformly distributed AI frameworks for smooth database administration might 

help to solve integration difficulties [38]. 

Rabia Kanwal (2024) investigated how to integrate machine learning (ML) into database management systems (DBMS) to enhance per-

formance, scalability, and data quality. They applied predictive analytics, data cleansing, anomaly detection, and ML-based query optimi-

zation to boost productivity. To address scalability, they used adaptive indexing and ML-driven resource management, while AI-powered 

anomaly detection systems improved security. Their work achieved performance improvements, including up to a 22.5% reduction in query 

execution time. However, they faced challenges such as high installation costs, integration complexity, and data quality inconsistencies. 

For future work, they focused on deep learning models to enable automated database management. Adopting consistent AI-powered DBMS 

systems for adaptive performance tuning could simplify integration complexity [39]. 
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Sai Tanishq N (2020) studied how machine learning (ML) methods can maximize database speed, indexing, and query processing. They 

utilized anomaly detection models to enhance security, applied reinforcement learning for automated indexing, and implemented deep 

learning for query optimization. While ML-based intrusion detection systems strengthened security, AI-driven workload balancing im-

proved scalability. The performance gains included self-tuning query execution strategies; nonetheless, challenges such as high computa-

tional expenses and integration complexity were encountered. Data quality concerns significantly influenced ML model accuracy and were 

among the limitations; future studies emphasized transfer learning and adaptive AI-driven DBMS designs. Developers designed modular 

AI-driven database components to facilitate smooth adoption and address integration difficulties [40]. 

Beng Chin Ooi et al. (2024) explored the combination of artificial intelligence and database management systems (DBMS) to produce an 

intelligent, self-driving database architecture. NeurDB was presented in the paper; it included dynamic model selection, self-optimizing 

query execution, and in-database AI-powered analytics to improve database performance. Adaptive workload balancing helped to increase 

scalability; artificial intelligence-driven anomaly detection and privacy-preserving federated learning helped to enhance security. Perfor-

mance improvements included automatic indexing and query optimization; nonetheless, issues like integration complexity and high com-

putational expenses persisted. Limitations included data governance concerns in AI-driven settings, and further studies concentrated on 

quantum-enhanced AI models for database automation. Developing uniform AI-powered database systems for smooth adaptation could 

help integrate complexity [41]. 

Maximilian E. Schüle et al. (2022). This study explores how to utilize SQL-based machine learning pipelines alongside GPU acceleration 

to enhance speed, scalability, and security. We employ recursive SQL for gradient descent, automated differentiation, and just-in-time (JIT) 

compilation for GPU execution to optimize query processing. We bolster security measures by limiting data transfer and processing within 

the database system, while mini-batch gradient descent and GPU acceleration improve scalability. Our performance enhancements include 

efficient parallel processing and refined matrix operations; however, we still face challenges such as high computational costs and integra-

tion complexity. Subsequent research focuses on advancements in tensor core technology and hybrid CPU-GPU task balancing, addressing 

limitations from overhead in recursive SQL execution and constraints in resource allocation. By adopting consistent, AI-driven in-database 

machine learning systems, we can facilitate smoother integration and reduce complexity [42]. 

Swetha Chinta's (2019) exploration of integrating Generative Artificial Intelligence into Oracle databases aims to enhance automation, 

performance, and analytics. This study emphasizes the importance of automated data processing, predictive analytics, and machine learn-

ing-based query optimization in boosting database efficiency. However, challenges such as compliance issues and data privacy concerns 

pose significant security risks. On the positive side, self-learning AI models contribute to increased scalability. The performance improve-

ments include real-time analytics and anomaly detection, yet high computational costs and integration complexity remain critical challenges. 

Additionally, the quality of training data and biases in AI present limitations; future efforts should focus on advancements in natural 

language processing (NLP) for database interfaces. Establishing consistent AI-driven automation systems could significantly alleviate 

integration complexities in Oracle database operations [43]. 

Karthick Gunasekaran et al.'s (2023) study focused on optimizing database configuration through AI-driven techniques to enhance scala-

bility, security, and speed. Workload mapping and latency forecasting were conducted using advanced methods such as Gaussian Process 

Regression (GPR), K-means clustering, and Random Forest models. The implementation of AI-driven anomaly detection significantly 

bolstered security, while automatic workload adaptation contributed to improved scalability. Performance enhancements included self-

optimizing settings and reductions in query execution time; however, challenges such as high computational costs and integration com-

plexity remained. Future research will emphasize neural network-based adaptive tuning for real-time database performance optimization 

and the model's sensitivity to workload variations. The development of uniform deep learning-driven tuning systems could potentially 

mitigate integration complexities, facilitating smoother database automation [44]. 

Vamsi Kalyan Jupudi et al. (2024) investigated AI-driven workload-based performance tweaking to improve database systems' scalability, 

security, and efficiency. Workload analysis was done using machine learning, resource allocation was done using predictive modeling, and 

adaptive configuration management was done using reinforcement learning in the study. Dynamic workload characterisation helped to 

increase scalability; AI-driven anomaly detection enhanced security. Performance improvements comprised automatic tuning and efficient 

query execution; nonetheless, issues like high installation costs and integration complexity persisted. The need for previous workload data 

for precise forecasts was one restriction; further studies on deep learning-based optimization for real-time database adaptation addressed 

this. Developing uniform AI-powered adaptive tuning systems for smooth workload-based database management might help reduce inte-

gration complexity [45]. 

Chenxiao Wang et al. (2021) AI-driven query re-optimization strategies enhance cloud database performance and cost-effectiveness. This 

work presents ReOptML, a machine learning-based method that dynamically determines when to re-optimize queries for maximum benefit. 

We predict cost-effective query execution plans using support vector machines, neural networks, and random forests. Adaptive re-optimi-

zation increases scalability; however, unanticipated cost changes raise security concerns. We achieve performance improvements, includ-

ing enhancements in query response times of up to 35%, but we still face challenges such as excessive computational overhead and inte-

gration complexity. We encounter constraints regarding reliance on precise cost estimation models, and future studies must focus on rein-

forcement learning-based query optimization. By adopting consistent AI-driven query optimization systems, we can alleviate integration 

difficulties in cloud database administration [46]. 

Mei-Ling Li (2023). This research investigates how AI-driven automation optimizes database performance, enhancing scalability, security, 

and efficiency. The study presents a comprehensive methodology for automating indexing and query optimization using machine learning, 

neural networks, and reinforcement learning techniques. Researchers identified adaptive indexing as a crucial factor for improving scala-

bility, while AI-driven anomaly detection significantly strengthens security measures. Although challenges such as high computational 

costs and integration complexities exist, the study observed notable performance enhancements, including reduced query response times 

and improved resource utilization. The research acknowledges limitations, particularly the reliance on data for training AI models. Future 

research may explore federated learning and self-learning AI models to enable real-time performance adjustments. Adopting standardized 

AI-powered database optimization systems could help mitigate integration challenges and streamline automation processes [47]. 

Karthick Gunasekaran (2023). This analysis explores the application of supervised and unsupervised learning techniques to enhance the 

tuning of Database Management Systems (DBMS). Optimization of workload mapping and latency prediction was achieved through meth-

odologies such as factor analysis, K-means clustering, and Gaussian Mixture Models (GMM). The implementation of dimensionality re-

duction techniques contributed to improved scalability, while the reuse of training data effectively reduced costs and integration complex-

ities. Despite the challenges faced by Random Forest and Neural Networks with limited datasets, notable performance enhancements were 

observed. Key challenges included ensuring accurate workload mapping and managing high-dimensional data. Future research aims to 

expand GMM clustering capabilities and increase dataset sizes. Enhancing data collection processes for improved model training and 

validation presents a viable solution [48]. 



International Journal of Scientific World 67 

 
Jiale Lao et al.'s (2024) paper presents a Bayesian Optimization and Large Language Model (LLM) based AI-driven method for optimizing 

databases. To maximize query execution effectively, it proposes a Coarse-to-Fine Bayesian Optimization framework along with a work-

load-aware, training-free knob selection approach. Although the authors do not specifically address security issues, they enhance scalability 

by automatically lowering the dimensionality of the configuration space. The performance improvements include a 30% increase in data-

base throughput and a 16x reduction in tuning time compared to current methods. While LLM hallucinations and adapting to task variations 

pose challenges, the authors face difficulties in managing extensive topic knowledge and effectively optimizing the search space. Future 

studies aim to integrate reinforcement learning for real-time adaptive tuning. Developing consistent AI-driven tuning systems for cross-

DBMS interoperability may help reduce integration complexity [49]. 

Table 2 presents a comparative study of AI-driven database optimization strategies emphasizing issues, important algorithms, areas of 

concentration, results, constraints, and future approaches. The results show that query tuning, workload management, and self-optimizing 

DBMS are mostly done via reinforcement learning, deep learning, and Bayesian optimization. Still common are issues like integration 

complexity, high computing costs, and data privacy concerns, which restrict the full potential of artificial intelligence in DBMS. Future 

studies intend to solve these problems by means of quantum computing, federated learning, and adaptive AI-driven automation to improve 

efficiency, security, and scalability. 

4. Discussion and comparison 

Table 2: Comparison Table: which Compares Multiple AI-Driven Database Optimization Studies, Outlining Their Challenges, Applied Techniques, Focus 

Areas, Key Findings, Descriptions, and Future Research Directions 

Reference 
No. and Au-

thor 

Challenges 
Technique or 

Algorithms 
Focus Area Key Finding Descriptions Limitations Future Direction 

30- R. 

Dhaya et al. 

(2022) 

High cost, 

complex inte-

gration 

AI-based work-

load manage-

ment, indexing 

Private cloud 

DBMS opti-

mization 

Reduced compu-

tational costs, 
enhanced scala-

bility 

AI improved data-

base tuning for pri-
vate cloud compu-

ting 

High imple-

mentation 
costs and com-

plexity 

Energy-efficient 

AI models, dis-

tributed storage 

31- Barsha 

Rani Shaw 
et al. (2023) 

Model inter-
pretability, re-

source con-

straints 

AI-driven query 
tuning, index-

ing, and moni-

toring 

Security, per-
formance, 

and scalabil-

ity 

Security en-
hancements via 

anomaly detec-

tion 

AI-driven techniques 
enhance security and 

performance in 

DBMS 

Computational 

overhead for 
AI models 

Self-optimizing 

databases and AI 
structuring 

32- Neha 
Reddy Pal-

nati (2024) 

Manual inter-

vention in 

schema 
matching 

Kohonen SOM, 
K-Means Clus-

tering 

Schema 

matching 

across diverse 
databases 

Automated fea-

ture extraction 

for better inte-
gration 

Machine learning 

applied to schema 

matching for data-
base integration 

Manual inter-

vention in 

schema infer-
ence 

NLP and web 

scraping for 

schema match-
ing 

33- Perdana 

Miraj et al. 
(2024) 

Data incon-

sistency and 

integration is-

sues 

Quantitative 

KM-DBMS as-
sessment 

Knowledge 

management 

integration in 

DBMS 

KM improves 

decision-making 
in DBMS 

Knowledge manage-

ment integration in 

database manage-

ment systems 

Knowledge re-

tention chal-

lenges in 

DBMS 

AI-driven deci-

sion support for 
KM-DBMS 

34- He-

manth 

Gadde 
(2024) 

Computa-

tional cost, 

data-sharing 
risks 

Machine learn-
ing models for 

query tuning 

Query opti-

mization and 

real-time ana-
lytics 

Real-time query 

tuning improves 

DBMS perfor-
mance 

Machine learning 
applied to query tun-

ing in DBMS 

Scalability 

constraints in 

hybrid AI-
DBMS 

Self-healing 
DBMS with AI-

driven indexing 

35- Olu-

wafemi 
Oloruntoba 

(2025) 

Legacy sys-

tem integra-
tion chal-

lenges 

Self-tuning AI 

models, deep 

learning 

Self-optimiz-
ing databases 

Predictive AI 

improves data-

base self-tuning 

Self-optimizing da-

tabases through AI-

based tuning 

Computational 

constraints in 
real-time ad-

aptation 

Quantum-en-

hanced database 

optimization 

36- San-
thosh Ku-

mar Pen-

dyala 
(2023) 

High compu-

tational cost, 

complexity 

Reinforcement 

learning for 

query execution 

AI-driven 

multi-cloud 
query execu-

tion 

Adaptive query 

execution im-
proves cloud 

DBMS 

Adaptive query exe-

cution models for 

multi-cloud systems 

Multi-cloud 

security vul-

nerabilities 

Quantum com-

puting for 
DBMS query 

optimization 

37- Ji 

Zhang et al. 

(2021) 

Data govern-

ance chal-

lenges 

Deep Determin-

istic Policy Gra-

dient (DDPG) 

Cloud data-

base perfor-

mance tuning 

AI-tuned knobs 

optimized cloud 

database 

Deep reinforcement 

learning for AI-
driven cloud data-

base tuning 

Data privacy 

in AI-driven 

query tuning 

Quantum-in-

spired learning 

for tuning 

38- Vijay 

Panwar 
(2024) 

Interoperabil-
ity issues, 

high computa-

tion 

Federated learn-

ing, blockchain 
storage 

Decentralized 
AI-driven da-

tabase man-

agement 

Real-time pro-
cessing reduced 

reliance on cen-

tralized DB 

Decentralized AI-en-

hanced data manage-
ment strategies 

Decentralized 

AI adoption 
challenges 

Hybrid AI mod-

els for decentral-
ization 

39- Rabia 
Kanwal 

(2024) 

Workload var-
iations affect 

efficiency 

Gaussian Pro-

cess Regression, 

K-means clus-
tering 

Configuration 
tuning in 

DBMS 

Latency predic-
tion improved 

efficiency 

ML-based DBMS 

tuning and workload 

performance optimi-
zation 

Lack of stand-
ardized tuning 

frameworks 

Neural network-
based adaptive 

tuning 

40- Sai Tan-

ishq N 

(2020) 

Historical 

data depend-

ency 

Machine learn-

ing-based work-

load tuning 

Workload-

based perfor-

mance tuning 

Dynamic work-

load tuning en-
hanced effi-

ciency 

Workload-based tun-

ing models for AI-

powered DBMS 

Accuracy de-

pendency on 
workload vari-

ation 

Deep learning 

for real-time da-

tabase tuning 

41- Beng 

Chin Ooi et 
al. (2024) 

Computa-
tional over-

head in re-op-

timization 

ReOptML ML-

based query re-
optimization 

Cost-effec-

tive query ex-
ecution plans 

Re-optimization 
improved query 

execution by 

35% 

ML-driven query re-

optimization for cost 
efficiency 

High training 

time for AI 
models 

Reinforcement 

learning for 
adaptive tuning 

42- Maxi-

milian E. 

SchÃ¼le et 
al. (2022) 

Data quality 

issues, AI 

model de-
pendence 

Neural net-

works, rein-

forcement learn-
ing 

Automated 

indexing and 

query optimi-
zation 

Self-tuning re-

duced query ex-

ecution time 

Neural networks and 

RL-based indexing 

for AI-driven DBMS 

AI model sen-

sitivity to data 

variations 

Federated learn-

ing for distrib-

uted DBMS op-
timization 
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43- Swetha 

Chinta 

(2019) 

Handling 

high-dimen-

sional data 

K-means clus-

tering, GMM 

DBMS tuning 

and workload 

prediction 

Better workload 

mapping and la-

tency prediction 

Clustering and 

GMM-based work-

load optimization 

Resource allo-

cation imbal-

ances 

Expanding da-

taset size for 

better training 

44- Kar-

thick Gun-
asekaran et 

al. (2023) 

LLM halluci-

nations, work-
load adapta-

tion issues 

LLMs, Bayes-

ian Optimiza-

tion 

Training-free 

database tun-

ing 

30% throughput 

increase, 16x 

tuning speed 

LLMs and Bayesian 

Optimization for 

self-tuning databases 

Security con-

cerns with AI-
driven auto-

mation 

Cross-DBMS 

AI-driven tuning 

frameworks 

45- Vamsi 
Kalyan Ju-

pudi et al. 

(2024) 

Training data 

quality issues 

Deep learning 
for adaptive 

query pro-

cessing 

Real-time 

query optimi-
zation 

Better resource 

utilization via 
deep learning 

Deep learning ap-

plied to database op-
timization 

Generalization 
limitations in 

real-time tun-

ing 

AI-driven real-

time query pre-
diction 

46- Chen-
xiao Wang 

et al. (2021) 

Cost fluctua-
tions in query 

optimization 

Random Forest, 
Neural Net-

works, SVM 

AI-based 
cloud DBMS 

tuning 

Query execution 
time reduced by 

22.5% 

Reinforcement 
learning for DBMS 

workload tuning 

Lack of real-
time AI adap-

tation 

Enhanced rein-

forcement learn-

ing for query 
optimization 

47- Mei-

Ling Li 

(2023) 

Dependency 

on AI model 

training 

Neural net-

works, rein-
forcement learn-

ing 

AI-driven in-

dexing and 

automation 

AI-based perfor-

mance improve-
ments in cloud 

DBMS 

Bayesian optimiza-

tion for faster query 

execution 

Data sensitiv-

ity concerns in 
automated in-

dexing 

Real-time AI-

based automa-

tion in DBMS 

48- Kar-

thick Gun-

asekaran 

(2023) 

High-dimen-

sional data 
handling 

K-means clus-

tering, Gaussian 

Mixture Models 

(GMM) 

Automated 

DBMS tuning 

Enhanced real-

time indexing 

and query exe-

cution 

Workload clustering 

for more precise 
DBMS tuning 

Inefficient 

workload bal-

ancing in a hy-

brid DBMS 

Deep learning 

for intelligent 

DBMS opera-

tions 

49- Jiale 
Lao et al. 

(2024) 

LLM halluci-

nations, work-

load adapta-
tion issues 

Bayesian Opti-

mization 

Self-tuning 
AI-driven 

DBMS 

Improved adap-

tive AI tuning 

Standardized AI-
powered database 

tuning frameworks 

AI-driven de-
cision-making 

biases 

Adaptive AI 

models for 

cross-DBMS 
tuning 

 

A comparative evaluation of diverse research efforts on AI-driven database optimization, highlighting methodologies, challenges, and 

outcomes across a range of studies. Authors such as (R. Dhaya et al., 2022) and (Barsha Rani Shaw et al., 2023) employed AI-based 

workload management and AI-driven query tuning, respectively, to enhance scalability and security in private and general DBMS envi-

ronments. Similarly, (Neha Reddy Palnati, 2024) focused on schema matching through Kohonen SOM and K-Means clustering, addressing 

integration issues in heterogeneous databases. (Perdana Miraj et al., 2024) integrated knowledge management (KM) strategies into DBMS 

to improve decision-making, showcasing interdisciplinary innovation. 

The most frequently used AI techniques include reinforcement learning, deep learning, Bayesian optimization, and clustering algorithms 

such as K-Means and Gaussian Mixture Models. These were utilized to optimize query execution (Hemanth Gadde, 2024), automate 

indexing (Oluwafemi Oloruntoba, 2025), predict workloads (Santhosh Kumar Pendyala, 2023), and facilitate self-tuning database environ-

ments (Ji Zhang et al., 2021). Notably, Vijay Panwar (2024) introduced decentralized AI models using federated learning and blockchain 

storage, addressing scalability and security from a distributed systems perspective. 

Despite these advancements, the studies collectively highlight several recurring challenges. Integration complexity remains a primary 

barrier, particularly when implementing AI within legacy DBMS architectures, as observed in the work of (Rabia Kanwal, 2024) and 

(Maximilian E. Schüle et al., 2022). High computational costs are another frequent concern, especially in models requiring intensive train-

ing or real-time processing, such as those discussed by Swetha Chinta 2019 and Karthick Gunasekaran et al. (2023). Additionally, security 

and privacy issues persist, particularly where AI models rely heavily on sensitive training data, as emphasized by Ji Zhang et al. (2021 and 

Chenxiao Wang et al. (2021). 

The focus areas span cloud-based systems, real-time query optimization, schema integration, workload adaptation, and decentralized data-

base architectures. Significant performance improvements are consistently reported. For instance, (Jiale Lao et al., 2024) documented a 

30% increase in throughput and a 16x reduction in tuning time using Bayesian optimization and LLMs, while (Chenxiao Wang et al., 2021) 

achieved a 22.5% reduction in query execution time via machine learning-based tuning strategies. 

Future research directions identified across the studies include the development of quantum-enhanced AI systems (Santhosh Kumar Pen-

dyala, 2023), real-time adaptive models using reinforcement learning (Vamsi Kalyan Jupudi et al., 2024), and standardized frameworks 

for cross-platform DBMS optimization (Mei-Ling Li, 2023; Jiale Lao et al., 2024). There is also increasing interest in energy-efficient AI 

models and federated learning approaches to address concerns around sustainability and privacy. Collectively, these studies demonstrate 

the transformative potential of AI in database systems, while also acknowledging the need for continued research to overcome persistent 

limitations and fully realize the vision of scalable, autonomous, and secure DBMS solutions. 

 

 
Fig. 2: AI Techniques Used in DBMS Optimization (Grouped Categories). 

 

The pie chart Figure 2 that titled "AI Techniques Used in DBMS Optimization (Grouped Categories)," illustrates the relative frequency of 

major AI approaches employed in recent database optimization studies. The most prevalent category is Clustering Models (33.3%), reflect-

ing widespread use of techniques like K-Means and GMM for schema matching and workload analysis. Neural Networks (25%) are also 

heavily utilized, especially in predictive query tuning and anomaly detection. Reinforcement Learning and Bayesian Optimization each 

contribute 16.7%, highlighting their roles in self-tuning and adaptive query execution. Federated Learning (8.3%) appears less frequently 
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but signifies a growing interest in decentralized, privacy-preserving optimization strategies. This distribution shows a clear trend toward 

combining learning-based techniques for intelligent and autonomous DBMS management. 

 

 
Fig. 3: Major Challenges in AI-Driven DBMS Optimization. 

 

Figure 3 that titled "Major Challenges in AI-Driven DBMS Optimization," highlights the most reported obstacles across the reviewed 

studies. Integration complexity ranks highest, appearing in 10 papers, as researchers often face difficulties embedding AI into traditional 

database infrastructures. High computational cost is another major issue, cited by 8 papers, due to the resource-intensive nature of AI 

models, especially deep learning and reinforcement learning. Security and privacy concerns are also prevalent, reflecting the need for safe 

handling of sensitive data in AI processes. Data dependency and workload adaptation issues, though less frequent, still pose notable prob-

lems by limiting scalability and the adaptability of optimization models to dynamic environments. These challenges collectively underline 

the technical and practical barriers to fully realizing intelligent, autonomous DBMS solutions. 

Ultimately, AI-driven database optimization leveraging machine learning techniques such as reinforcement learning, deep learning, and 

Bayesian optimization has proven highly effective in enhancing query performance, workload management, and indexing. Despite these 

advancements, significant challenges remain, including integration complexity, high computational demands, and security concerns. While 

further progress is required to address these limitations, AI-powered self-optimizing databases offer a promising solution for handling 

dynamic workloads and improving overall automation and efficiency in database systems. 

5. Conclusion 

AI-driven optimization in Database Management Systems (DBMS) has significantly enhanced database performance, scalability, and au-

tomation capabilities. Advanced artificial intelligence techniques, such as reinforcement learning, deep learning, clustering, and Bayesian 

optimization, have enabled dynamic query execution, workload forecasting, and self-optimizing configurations, thereby reducing the ne-

cessity for manual interventions. Research demonstrates that AI-enhanced database management systems have improved query perfor-

mance by 22.5%, optimizing indexing, resource allocation, and security, thus making databases more adaptable to varying user demands 

and workloads. However, substantial barriers to further deployment remain, including high computational costs, integration challenges, 

data protection concerns, and issues related to model interpretability. Considering these challenges, experts advocate for future advance-

ments in quantum computing, federated learning, and energy-efficient artificial intelligence models to further enhance DBMS optimization. 

The evolution of AI-driven autonomous databases is aimed at improving storage efficiency, automating maintenance, strengthening secu-

rity, and lowering operational costs. The integration of artificial intelligence technologies with database management systems is poised to 

revolutionize data-driven decision-making, enhance system resilience, and facilitate scalable, self-optimizing database architectures. Future 

research should prioritize the development of standardized artificial intelligence frameworks that ensure seamless adaptation, mitigate 

security risks, and enhance database intelligence to promote efficiency, security, and sustainability. 
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