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ABSTRACT: As data volumes and query complexities grow in modern applications, ensuring optimal database performance has 

become increasingly challenging. Traditional manual tuning approaches are reactive, time-consuming, and often lack adaptability 

to dynamic workloads. This paper explores the integration of Artificial Intelligence (AI) and predictive analytics into database 

management systems (DBMS) for proactive performance tuning. By leveraging machine learning models, such as regression 

analysis and anomaly detection, AI-powered systems can forecast performance degradation, recommend tuning actions, and 

optimize resource allocation in real time. The study reviews state-of-the-art techniques in AI-driven query optimization, index 

selection, and workload prediction. Experimental insights demonstrate significant improvements in query execution time, 

throughput, and overall system responsiveness. This paper concludes that predictive analytics not only enhances DBMS efficiency 

but also paves the way for autonomous database tuning in cloud and enterprise environments. 
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1. INTRODUCTION  

Database performance tuning has traditionally 

posed significant challenges, primarily due to static 

configurations, reactive troubleshooting, and manual 

interventions that struggle to keep pace with dynamic 

workload demands. Traditional database management 

systems (DBMS) often experience performance bottlenecks, 

inefficient resource utilization, and an inability to adapt 

rapidly to varying data patterns, particularly with the 

exponential growth of big data [1][2] (Jupudi et al., 2024). 

Historically, database administrators have relied heavily on 

predefined rules, manual indexing strategies, and reactive 

measures to resolve performance issues, which often result 

in slow response times and increased operational 

overhead[3]. 

Recent advancements in Artificial Intelligence (AI) and 

Machine Learning (ML) technologies offer transformative 

solutions by enabling proactive and intelligent database 

management strategies. These AI-driven approaches 

automate workload analysis, dynamically adjust system 

configurations, and optimize performance in real-time by 

continuously learning from data patterns. Techniques such 

as predictive analytics, adaptive query execution, 

reinforcement learning-driven query planning, and 

automated anomaly detection leverage AI to significantly 

enhance database efficiency, minimize downtime, reduce 

operational costs, and improve scalability[4][5] (Panwar, 

2024; Alamu, 2025; Singh, 2023). 

The integration of AI and ML into database systems 

addresses key limitations by providing mechanisms to 

predict workload trends, preemptively address potential 

performance issues, and dynamically manage resource 

allocation. AI-driven query optimization, for instance, can 

predict the most efficient query execution plans using 

historical and real-time data, thereby substantially 

improving database responsiveness and computational 

efficiency. Additionally, anomaly detection models powered 

by ML ensure data integrity and security by rapidly 

identifying abnormal patterns, thus safeguarding databases 

against performance degradation and security threats 

[4][6](Panwar, 2024; Singh, 2023). 

The purpose of this comprehensive review is to 

systematically explore how AI and ML techniques have 

been integrated into database management systems to 

address traditional performance tuning challenges. It aims to 

identify existing gaps in current methodologies, critically 

compare diverse AI-driven methods, and propose innovative 

models or enhancements for optimizing database 

performance. Key objectives include evaluating the 

effectiveness of various AI-based predictive models, 

exploring their practical implementations and real-world 

applications across diverse sectors such as healthcare, 

finance, e-commerce, cloud computing, and education, and 

determining the best practices and potential scalability of 

these approaches [2][7][8](Saleh & Yasin, 2025; 

Machireddy, 2023; Khosravi et al., 2023). 

https://doi.org/10.47191/etj/v10i05.38
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Moreover, this review will discuss critical considerations 

such as ethical implications, computational overhead, 

interpretability, and algorithmic bias that accompany the 

adoption of AI and ML in database systems. By providing 

insights into the strengths and limitations of current 

approaches, this study seeks to establish a balanced view of 

AI-powered database management. Ultimately, it aims to 

present a robust, comprehensive framework that not only 

addresses historical limitations but also sets the foundation 

for future innovations in AI-powered predictive analytics, 

thereby enhancing database performance, reliability, and 

scalability in the era of big data. 

 

2. METHODOLOGY 

This research systematically investigates the 

integration of Artificial Intelligence (AI) and predictive 

analytics within Database Management Systems (DBMS) to 

proactively manage and optimize database performance. The 

study follows a structured methodological framework 

comprising several key phases to ensure comprehensive 

coverage and analytical depth 

. 

 
Figure1: General Flowchart of the Methodology 

 

2 .1. Research Design 

The research employs a mixed-method design, 

combining qualitative literature review methods with 

quantitative comparative analysis. The integration of these 

methodologies enables a thorough exploration of existing 

AI-driven techniques and their practical implementations in 

real-world scenarios, thus providing robust insights and 

facilitating comprehensive evaluations. 

2.2. Literature Collection 

The initial phase involves the collection of relevant 

literature, sourced from peer-reviewed journals, conference 

proceedings, and scholarly databases, including Google 

Scholar, IEEE Xplore, ScienceDirect, SpringerLink, and 

ResearchGate. The keywords utilized for literature retrieval 

encompass "Artificial Intelligence in DBMS," "Predictive 

Analytics for Database Performance," "Machine Learning 

Database Tuning," "AI-driven Query Optimization," and 

"Anomaly Detection in Databases." The inclusion criteria 

focus specifically on: 

• Peer-reviewed papers published between 2019 and 

2025 

• Studies incorporating empirical analysis or 

experimental validation 

• Research emphasizing predictive analytics and AI 

techniques applied to DBMS performance tuning 
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Papers not published in English, lacking empirical evidence, 

or addressing unrelated aspects were excluded from the 

review. 

2.3. Data Extraction and Comparative Analysis 

Each selected paper underwent rigorous analysis and data 

extraction to identify critical elements, specifically: 

• Author(s) and Year 

• Research Objective 

• Methodology (including specific AI or ML 

techniques) 

• Key Findings 

• Outcomes and Performance Metrics (e.g., accuracy, 

latency reduction, throughput improvement) 

This information was systematically tabulated, facilitating 

an effective comparison and highlighting strengths, 

limitations, and methodological innovations across the 

reviewed studies. 

2.4. Evaluation and Synthesis 

The methodological rigor involved synthesizing 

findings from diverse AI approaches—such as regression 

models, anomaly detection techniques, time series 

forecasting, and reinforcement learning strategies—utilized 

for database performance optimization. The synthesis 

emphasized evaluating the predictive accuracy, response 

time reductions, scalability improvements, and overall 

system adaptability provided by each AI technique. 

2.5. Framework Development 

Based on insights derived from the comprehensive 

review and comparative analyses, this study proposes an 

enhanced AI-driven framework for DBMS performance 

tuning. This framework integrates proven predictive models 

and adaptive algorithms identified through the review 

process. The proposed model is theoretically developed to 

enhance real-time query optimization, predictive 

maintenance, and dynamic resource allocation within 

DBMS. 

2.6. Validation and Discussion 

While empirical testing of the proposed framework 

is beyond the scope of this review, the theoretical validation 

is provided through detailed discussions referencing 

previous empirical outcomes. The discussion addresses 

practical considerations such as ethical implications, 

computational costs, model interpretability, and potential 

integration challenges in real-world database environments. 

2.7. Recommendations and Future Work 

Finally, the methodology concludes with clear, 

actionable recommendations for future empirical research, 

including suggested methods for practical implementation, 

real-world case studies, and potential avenues for further 

exploration in autonomous DBMS management. These 

recommendations aim to guide subsequent research 

endeavors in leveraging AI for enhanced database 

performance, operational efficiency, and system robustness. 

3. BACKGROUND THEORY 

3.1. Overview of Database Management Systems 

(DBMS) 

Database Management Systems (DBMS) are 

comprehensive software systems designed to store, retrieve, 

manage, and secure large volumes of structured data 

efficiently. They serve as fundamental tools in the data-

driven landscape, underpinning numerous applications 

across diverse sectors such as finance, healthcare, retail, and 

government. DBMSs ensure data integrity and consistency, 

facilitate concurrent user access, and provide essential 

security measures to protect sensitive information. Common 

architectures include relational databases, known for their 

structured schema and SQL-based querying; NoSQL 

systems, which offer flexible schemas and scalability for 

handling large volumes of diverse data types; and 

distributed databases, essential for applications requiring 

data distribution and redundancy across multiple locations 

for improved performance and fault tolerance. These 

architectures cater to varying needs based on scalability, 

data complexity, real-time responsiveness, and specific 

querying requirements, underscoring the versatility and 

critical importance of DBMSs in modern data management 

[9][10](Banerjee, 2024; Nama et al., 2023). 

3.2. Classical Performance Tuning Techniques 

Performance tuning is a crucial practice within database 

management that significantly impacts the overall 

efficiency, responsiveness, and resource management of 

DBMSs. Traditional performance tuning techniques 

encompass indexing, query optimization, and caching, each 

aimed at enhancing specific aspects of database 

functionality[11]. 

• Indexing: Indexing techniques facilitate rapid data 

retrieval by creating data structures, such as B-trees 

or hash indexes, which reduce search times and 

improve query efficiency. Effective indexing 

strategies can significantly cut down query 

execution times, enhancing system performance, 

especially in data-intensive operations. 

• Query Optimization: This technique involves 

modifying query structures to minimize execution 

times. Query optimizers utilize heuristic and cost-

based methods to choose the most efficient 

execution plans, significantly impacting database 

performance. These methods analyze possible 

query plans to determine the least costly way of 

executing a query based on factors like data 

distribution, indexing structures, and available 

system resources. 

• Caching: Caching involves temporarily storing 

frequently accessed data in high-speed memory to 

reduce latency. By maintaining readily accessible 

copies of popular data queries, caching 

significantly improves the response times for 
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repetitive requests, thus enhancing overall system 

responsiveness and user experience. 

Despite their effectiveness, these conventional tuning 

methods often encounter limitations in large-scale, dynamic 

data environments. Static indexing and rigid optimization 

strategies struggle with changing data distributions and 

fluctuating workload patterns, often leading to performance 

bottlenecks and suboptimal resource utilization in complex 

operational contexts [12][13](Gadde, 2023; Selvarajan, 

2022). 

3.3. Basics of Predictive Analytics and AI Techniques 

in System Monitoring 

Predictive analytics leverages historical data, statistical 

methods, and machine learning algorithms to predict future 

outcomes, thereby enabling proactive management of 

system resources and performance. Within database 

systems, predictive analytics involves continuously 

monitoring operational data to forecast and preempt 

performance degradations, resource bottlenecks, and system 

failures[14]. 

Artificial Intelligence (AI), particularly machine learning 

(ML) and deep learning, significantly enhances predictive 

analytics capabilities. AI-driven predictive models 

automatically analyze vast datasets, identifying intricate 

patterns and trends beyond the capacity of traditional rule-

based methods. This proactive monitoring enables dynamic 

workload management, automatic resource allocation, and 

real-time adjustments to system parameters, vastly 

improving the resilience and efficiency of database 

operations. AI techniques facilitate better strategic decision-

making, enhanced system reliability, and reduced downtime 

through predictive insights that traditional analytics often 

overlook [15][16](Diameh et al., 2025; Selvarajan, 2021). 

3.4. Role of Machine Learning Models 

Machine Learning (ML) models are critical components 

in predictive performance tuning, addressing diverse 

analytical needs through various specialized algorithms: 

• Regression Models: These are instrumental in 

predicting continuous outcomes such as query 

execution times, system load, and resource 

consumption. By modeling relationships between 

historical performance metrics and database 

operational parameters, regression models enable 

accurate anticipation and proactive mitigation of 

performance bottlenecks. 

• Time Series Forecasting: Time series models, 

including Autoregressive Integrated Moving 

Average (ARIMA) and Long Short-Term Memory 

(LSTM) networks, analyze historical data 

sequences to predict future trends and patterns. 

These models are particularly effective in dynamic 

database environments where workload patterns 

fluctuate periodically, allowing for proactive 

resource management and optimal planning. 

• Anomaly Detection: ML-driven anomaly 

detection techniques identify irregular patterns and 

unusual activities within database operations, 

serving as a critical line of defense against potential 

system disruptions and failures. By rapidly 

recognizing deviations from established patterns, 

these models alert administrators to issues 

requiring immediate attention, thereby maintaining 

high system reliability and integrity[17]. 

These advanced ML techniques significantly surpass 

traditional static methodologies, offering adaptive, dynamic, 

and precise analytical capabilities. Through the integration 

of predictive ML models, database management systems can 

continuously optimize performance, enhance scalability, and 

adapt to evolving operational demands effectively 

[9][18](Banerjee, 2024; Liu et al., 2025; Selvarajan, 2022). 

 

4. RELATED WORK / LITERATURE REVIEW 

[19]The paper examined how integrating advanced machine 

learning techniques with real-time stream processing 

enhanced predictive analytics and decision-making in fields 

like finance, healthcare, and IoT. It compared frameworks 

like Apache Kafka, Flink, and Spark, showing that AI 

models such as deep learning and reinforcement learning 

improved speed, accuracy, and efficiency. The study also 

explored federated learning and edge computing to boost 

privacy and reduce reliance on central servers. Key 

challenges included scalability, model drift, data 

consistency, and explainability. The authors emphasized that 

future advancements in self-learning AI, explainable 

models, and emerging technologies like blockchain and 5G 

would be crucial for building more intelligent and 

transparent real-time systems. 

[20]The study by Pedro Marcelino et al. (2019) proposed a 

machine learning framework using Random Forests to 

predict pavement performance, focusing on the International 

Roughness Index (IRI) over 5- and 10-year horizons. Using 

LTPP data, the model outperformed traditional methods, 

showing high accuracy (R² = 0.98 and 0.93) and strong 

generalization. Previous IRI values were found to be the 

most influential predictors. The approach proved effective 

for network-level pavement management, supported better 

maintenance decisions, and suggested further exploration of 

alternative algorithms and indicators. 

[21] The study by Guru Prasad Selvarajan (2024) 

highlighted how integrating machine learning into Business 

Intelligence (BI) enhanced data analysis, forecasting, and 

decision-making. It emphasized the benefits of ML 

techniques like decision trees and clustering in tasks such as 

customer segmentation and fraud detection. While ML 

improved BI effectiveness, the paper also noted challenges 

like data quality and skill shortages. Overall, it concluded 

that ML-driven BI offered smarter, faster insights when 

supported by proper data management and skilled personnel. 
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[22] The paper by Palwasha Bibi (2022) explored how 

integrating AI with advanced database technologies 

enhanced cybersecurity by enabling real-time threat 

detection, predictive analytics, automated response, and 

advanced encryption. AI improved adaptability, accuracy, 

and scalability in handling cyber threats, while technologies 

like blockchain, NoSQL, and cloud systems supported 

secure, resilient data protection. The study emphasized AI's 

role in automating responses, reducing human error, and 

ensuring regulatory compliance. 

[23]The paper by Sachin Gupta (2024) highlighted how 

integrating machine learning into database management 

systems enhanced performance, scalability, and adaptability. 

It showed improvements in areas like query optimization, 

data cleaning, and predictive maintenance, with real-world 

case studies demonstrating increased efficiency and user 

engagement. The study reported significant gains in speed, 

cost reduction, and automation, and emphasized future 

research in explainable AI, federated learning, and 

autonomous database tuning. 

[24]The paper by Landon Brown and Elijah William (2024) 

examined how AI, especially reinforcement learning, could 

automate cloud database tuning to improve performance and 

reduce costs. By deploying machine learning models on 

cloud platforms, the study showed reduced query latency, 

better resource efficiency, and adaptability to workload 

changes. While reinforcement learning proved effective, 

challenges such as model transparency and integration 

remained. The study highlighted AI-driven tuning as a 

promising solution for optimizing cloud database 

management. 

[25]The paper by Gadde and Ethan (2024) presented an AI-

based framework using LSTM models to improve fault 

detection and recovery in high-availability databases. 

Trained on real-world logs, the model achieved 95% 

accuracy and significantly reduced recovery time compared 

to traditional methods. It outperformed Random Forest in all 

metrics and adapted well to various workloads and fault 

types. The study highlighted AI’s potential to enhance 

database reliability, reduce downtime, and support proactive 

fault management in critical systems. 

[26]The paper by Zhao et al. (2025) presented NeurDB, an 

AI-powered autonomous database designed to adapt in real 

time to data and workload drift. It integrated AI directly into 

the database system, enabling efficient training, inference, 

and model updates through extended SQL. NeurDB 

included adaptive components like a learned query 

optimizer and concurrency control. Experiments showed 

that NeurDB significantly improved latency, throughput, 

and adaptability compared to existing systems, making it a 

strong candidate for future cloud-native and AI-driven 

database environments. 

[27]The paper by Parashar et al. (2025) presented a three-

phase AI framework to automate PostgreSQL database 

management. It used generative AI for SQL generation, 

statistical models for data analysis, and transformer models 

for report summarization. The system achieved high syntax 

accuracy, reduced query latency and DBA workload, and 

improved productivity. Despite some limitations, it offered a 

strong foundation for intelligent, AI-driven database 

systems. 

[28]The paper by Ma et al. (2020) introduced an active 

learning platform (ADCP) with a novel strategy called 

Holistic Active Learner (HAL) to improve ML models in 

database systems affected by data distribution shifts. HAL 

efficiently selected valuable data for labeling under cost 

constraints, improving prediction accuracy by up to 75% 

with minimal resource use. The approach outperformed 

existing methods and adapted models to real-world 

workloads, offering a scalable solution for enhancing ML-

based database reliability. 

[29]The paper by Mei-Ling Li (2023) introduced an AI-

based framework for automating database performance 

tuning, focusing on indexing and query optimization. Using 

techniques like machine learning, neural networks, and 

reinforcement learning, the system reduced manual effort 

and improved efficiency. Experiments showed significant 

gains in query speed, resource utilization, and adaptability. 

Despite challenges like data requirements and integration 

complexity, the study highlighted AI's potential to transform 

database management and suggested future work in 

expanding its applications. 

[30]The paper by Sophie Miller and Muhammadu Sathik 

Raja (2024) examined how AI and automation improved 

cloud database security and performance. It highlighted 

techniques like AI-driven encryption, anomaly detection, 

query optimization, and self-healing systems. Experiments 

across major cloud platforms showed enhanced efficiency, 

faster threat detection, and reduced manual effort. Despite 

challenges in integration and data quality, the study 

concluded that automation offered scalable, effective 

solutions for modern cloud DBMS management. 

[31]The paper by Hemanth Gadde (2024) proposed an AI-

augmented DBMS framework that enhanced real-time 

analytics through AI models like Q-learning, neural 

networks, and isolation forests. Tested on diverse datasets, 

the system achieved faster query response times, higher 

throughput, better resource efficiency, and improved 

anomaly detection accuracy. The study concluded that 

integrating AI significantly boosted DBMS performance and 

security, making it ideal for data-intensive sectors like 

finance and healthcare. 

[32]The paper by Hemanth Gadde (2022) presented an AI-

based dynamic sharding approach that improved 

performance in large cloud databases. By using machine 

learning models like Random Forests, the system 

dynamically redistributed data based on real-time 

workloads, resulting in lower latency, higher throughput, 

better CPU and memory efficiency, and faster shard 

rebalancing. The study confirmed AI’s potential to automate 
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and optimize database management, suggesting future 

research into reinforcement learning and AI-driven query 

routing. 

[33]The paper by Venkata Ramana Gudelli (2023) explored 

how AI enhanced AWS cloud performance through 

predictive analytics, anomaly detection, and automated 

resource management. Using services like Auto Scaling and 

Compute Optimizer, AI improved CPU utilization, reduced 

costs and latency, and minimized downtime. The study 

concluded that AI-driven tools significantly optimized AWS 

environments and recommended further research into 

advanced AI models for cloud automation. 

[34]The paper by Soumya Mazumdar (2024) reviewed how 

AI and predictive maintenance enhanced product data 

management in Industry 4.0. It analyzed various AI 

algorithms and PdM approaches, showing that technologies 

like IoT and CPS enabled real-time monitoring and cost-

effective maintenance. The study found that AI-driven PdM 

reduced downtime and boosted efficiency, offering practical 

guidance for implementing effective strategies in modern 

industrial settings. 

[35]The paper by Natarajan et al. (2024) highlighted how AI 

enhanced talent management by improving recruitment, 

development, performance evaluation, and diversity efforts. 

It showed that AI tools streamlined hiring, personalized 

employee growth, and supported data-driven decisions while 

addressing bias and retention. The study concluded that 

ethical AI adoption could make HR practices more strategic, 

efficient, and inclusive. 

[36]The paper by Elbasi et al. (2024) proposed an AI-based 

system that recommended the best machine learning 

algorithms for agricultural datasets, improving analysis 

efficiency and accuracy. By training a meta-model on past 

performance data, the system avoided repeated model 

training. Decision trees and neural networks performed best 

across different datasets, supporting applications like crop 

classification and disease detection. The approach enhanced 

precision agriculture while reducing computational effort. 

[37]The paper by Kumar et al. (2024) introduced a 

comprehensive framework for Big Data, expanding the 

traditional 4 Vs (Volume, Velocity, Variety, and Veracity) 

to include six additional dimensions, forming the “Spectrum 

of Vs.” The study also presented Big D, an AI-powered 

analytics bot built on ChatGPT-4o and RAG architecture, 

which automated tasks like PDF ingestion, sentiment 

analysis, and data visualization. Tested on ten performance 

metrics, Big D outperformed traditional tools like Hadoop 

and IBM Watson in real-time analytics and user 

accessibility. Despite challenges like AI hallucinations, the 

paper concluded that AI-driven systems like Big D were 

transforming Big Data management, with future 

improvements in scalability and multimodal analysis. 

[38]The paper discussed how integrating AI with Business 

Intelligence (BI) transformed data analysis by enabling real-

time insights, predictive analytics, and automation. It traced 

BI’s evolution and explained how AI tools like machine 

learning and natural language processing improved 

decision-making, efficiency, and customer personalization. 

The paper also highlighted tools such as Tableau, Power BI, 

and IBM Watson, and addressed challenges like data 

quality, talent gaps, and ethical concerns. Ultimately, it 

concluded that AI-enhanced BI was essential for 

organizations to remain competitive in a data-driven world. 

 

5. DISCUSSION AND COMPARISON  

Table 1 represents a detailed comparison among 

the previous works explained in section 3. The table 

illustrates main metrics that depended for the comparison 

which are the significant features concluded from these 

works. 

 

Table 1: Comparison among the reviewed works. 

Author (Year) Objective Methodology Key Findings Outcomes 

Abbas & 

Eldred (2025) 

 
 

Explore AI in real-time 

stream processing. 

 
 

Compared Kafka, Flink, 

Spark with AI models. 

 
 

AI improved speed, 

accuracy, privacy, 

and decision-

making. 

 

 

Better prediction, 

lower latency, higher 

efficiency. 

 

Marcelino et 

al. (2019) 

 
 

Predict pavement 

performance 

 
 

Random Forest on LTPP 

data 

 
 

Prior IRI values 

were most influential 

 
 

R² = 0.98 (5yr), R² = 

0.93 (10yr) 

 

Selvarajan 

(2024) 

 
 

Apply ML to improve BI 

systems 

 
 

Case studies, ML 

techniques 

 
 

ML enhanced BI 

insights and 

decision-making 

 
 

Faster insights, better 

forecasting 

 



“AI-Powered Database Management: Predictive Analytics for Performance Tuning” 

5106 , ETJ Volume 10 Issue 05 May 2025 1 Shahwan younis ali 

 

Palwasha Bibi 

(2022) 

 
 

Explore AI use in 

cybersecurity 

 
 

Tech analysis, literature 

 
 

AI improved 

detection, response, 

and security 

 
 

Real-time alerts, 

compliance, resilience 

 

Sachin Gupta 

(2024) 

 
 

Improve DBMS using ML 

 
 

Case studies, evaluation 

 
 

ML boosted 

performance and 

efficiency 

 
 

Faster queries, lower 

cost, better accuracy 

 

Brown & 

William 

(2024) 

 
 

Automate cloud DB 

tuning with AI 

 
 

ML models on cloud DBs 

 
 

AI improved 

efficiency and 

adaptability 

 
 

Lower latency, cost 

savings 

 

Gadde & 

Ethan (2024) 

 
 

Enhance DB fault 

detection with AI 

 
 

LSTM vs. RF on real logs 

 
 

LSTM outperformed 

RF in all metrics 

 
 

95% accuracy, 10s 

recovery, p < 0.01 

 

Zhao et al. 

(2025) 
Build adaptive AI-

powered DBMS 

 
 

Embedded AI into DBMS 

 
 

Improved 

adaptability and 

efficiency 

 
 

48.6% ↓ latency, 

2.92× ↑ throughput 

 

Parashar et al. 

(2025) 

 
 

AI-based PostgreSQL 

automation 

 
 

Three-phase AI 

framework using GPT-

4, statistical models, and 

transformers 

 

 
 

Boosted efficiency 

and reduced 

workload 

 
 

96.2% accuracy, 60% 

↓ latency, 70% ↓ 

workload 

 

Ma et al. 

(2020) 

 
 

Improve ML in databases 

via AL 

 
 

Active Learning Platform 

(ADCP) with HAL 

strategy 

 
 

Enhanced accuracy 

under data shift 

 
 

Up to 75% error 

reduction; 2× 

accuracy gain; low 

resource use 

 

Mei-Ling Li 

(2023) 

 
 

To automate database 

performance tuning using 

AI 

 
 

ML, NN, RL framework 

 
 

Improved efficiency 

and adaptability 

 
 

Faster query 

execution, better 

resource utilization, 

and improved 

adaptability 

 

Miller & 

Sathik Raja 

(2024) 

 
 

Improve cloud DB 

security and performance 

 
 

AI-driven automation 

techniques 

 
 

Enhanced efficiency 

and reduced effort 

 
 

Faster detection, 

better resource use 

 

Gadde (2024) 

 
 

Improve DBMS with AI 

 
 

AI models on DBMS data 

 
 

Boosted 

performance and 

security 

 
 

18% ↓ latency, 25% ↑ 

throughput, 92% 

anomaly accuracy 

 

Gadde (2022) 

 
 

AI-based dynamic 

sharding 

 
 

ML on workload patterns 

 
 

Improved DB 

efficiency and tuning 

 
 

15% ↓ latency, 20% ↑ 

throughput, 13% ↓ 

memory use 
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6. EXTRACTED STATISTICS  

The studies explore AI's applications across various 

fields, with database management being the most dominant 

area (7 studies), followed by business intelligence and cloud 

computing optimization (3 studies each). AI's role in 

cybersecurity, predictive maintenance, stream processing, 

big data analytics, and agriculture appears in fewer studies, 

indicating emerging trends. The primary objective across 

research efforts is to leverage AI for efficiency, security, 

automation, decision-making, and resource optimization. 

AI-driven solutions aim to enhance forecasting accuracy, 

reduce processing time, improve anomaly detection, and 

provide better insights for businesses and infrastructure 

management

. 

 
Figure 2: Statistical representation about the Objective. 

Gudelli 

(2023) 

 
 

Optimize AWS 

performance with AI 

 
 

AI tools + predictive 

models 

 
 

Improved efficiency 

and reliability 

 
 

+30% CPU, -31% 

cost, -29% latency, -

75% downtime 

 

Mazumdar 

(2024) 

 
 

Review AI use in PdM in 

I4.0 

 
 

Lit. review, case studies 

 
 

AI reduced 

downtime, boosted 

PdM 

 
 

High accuracy, lower 

costs, better efficiency 

 

Natarajan et 

al. (2024) 

 
 

To explore how AI 

improves talent 

management processes 

 
 

Literature review and case 

studies on AI in HR 

 
 

Improved HR 

efficiency and 

inclusion 

 
 

 
 

Faster hiring, better 

retention, engagement 

Elbasi et al. 

(2024) 

 
 

Recommend optimal ML 

algorithms for agricultural 

datasets 

 
 

Meta-model on past 

results 

 
 

DT & MP performed 

best, saved time 

 
 

DT: 89.38% accuracy, 

MP: 94.29% (pla-

spe); reduced 

retraining time 

 

Kumar et al. 

(2024) 

 
 

Enhance Big Data with 

AI-powered tools 

 
 

Literature review, AI bot 

(Big D) 

 
 

Big D outperformed 

traditional tools 

 
 

High performance in 

real-time analytics 

and accessibility 

 

Guru Prasad 

Selvarajan 

(2023) 

 
 

To explore how AI 

enhances BI for better 

insights and decision-

making 

 
 

Literature review and tool-

based analysis (e.g., 

Tableau, Power BI, 

Watson) 

AI improves 

prediction, 

automation, and real-

time insights in BI 

Increased accuracy, 

faster decisions, 
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The methodologies used in these studies vary 

depending on the application domain, but machine learning 

models are the most frequently employed (7 studies). 

Literature reviews (5 studies) and case studies (4 studies) 

provide foundational insights, while comparative analyses (4 

studies) help evaluate AI models. Some studies focus on AI 

framework development (3 studies) or predictive modeling 

(3 studies) to refine AI's effectiveness. Neural networks (2 

studies) and reinforcement learning (1 study) appear less 

frequently, but they are utilized in specialized cases 

requiring adaptive AI learning mechanisms. The studies 

highlight AI’s ability to adapt through multiple approaches, 

balancing structured evaluations with model-based 

performance assessments. 

 
Figure 3: Statistical representation about the Methodology 

 

AI consistently demonstrates improvements in 

multiple areas, with database performance being the most 

common finding (7 studies). AI-driven enhancements in 

efficiency, adaptability, speed, and automation appear 

frequently, with latency reduction and better decision-

making noted in multiple studies. AI also contributes 

significantly to security and anomaly detection (4 studies), 

predictive accuracy improvements (4 studies), and enhanced 

real-time processing (3 studies). AI-driven frameworks 

streamline operations, reducing manual workload, 

improving forecasting, and optimizing resource 

management. Across various industries, AI is recognized as 

a crucial tool for predictive analytics, optimization, and 

automation. 

 
Figure 4: Statistical representation about the Key Findings 

 

The reported outcomes reinforce AI’s 

transformative impact, with the most frequent results being 

reduced latency and faster processing (7 studies), improved 

efficiency (6 studies), and enhanced throughput (5 studies). 
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AI’s role in security and anomaly detection (4 studies) 

supports system reliability, while cost reductions and 

resource optimization (5 studies) demonstrate AI’s ability to 

create more sustainable solutions. AI also plays a major role 

in better forecasting and improved automation (5 studies), 

contributing to smarter decision-making and increased 

adaptability. These outcomes confirm AI’s ability to 

streamline operations, optimize workflow, and improve 

computational power across different sectors 

 
Figure 5: Statistical representation about the Outcomes 

 

AI is profoundly shaping database management, 

business intelligence, cybersecurity, predictive maintenance, 

cloud computing, big data analytics, and emerging sectors 

like agriculture and talent management. The research 

highlights machine learning models, literature reviews, case 

studies, and AI frameworks as primary methodologies to 

improve AI’s application effectiveness. Across different 

industries, AI-driven automation, predictive insights, 

anomaly detection, and efficiency optimization are 

consistently reported as beneficial. As AI technology 

advances, its applications will likely expand into more 

specialized fields, further improving decision-making, cost 

efficiency, security, and computational performance 

 

7. RECOMMENDATIONS 

Empirical Validation: 

Conduct rigorous empirical testing of the proposed AI-

driven database performance tuning frameworks in 

diverse real-world settings. Empirical validation will 

provide deeper insights into practical effectiveness, 

performance metrics, and operational efficiency. 

Real-World Case Studies: 

Implement extensive case studies across various sectors 

such as healthcare, finance, e-commerce, cloud 

computing, and education to analyze the scalability, 

effectiveness, and adaptability of predictive analytics 

techniques within different operational environments. 

Integration Techniques: 

Research and develop more streamlined methods for 

integrating predictive analytics and AI-driven solutions 

into existing database infrastructures, emphasizing ease 

of adoption and minimal operational disruption. 

Model Transparency and Interpretability: 

Prioritize advancements in explainable AI (XAI) to 

enhance the interpretability and transparency of 

predictive analytics models. Clear explanations of 

model predictions and decisions are crucial for user 

trust and broader adoption. 

Data Quality and Management: 

Address critical challenges associated with data quality, 

including methods for robust data preprocessing, 

cleansing, and anomaly handling, to ensure optimal 

functioning of predictive models. 

Cost-Benefit Analysis: 

Perform comprehensive cost-benefit analyses of AI 

integration into database management systems, 

examining both direct computational costs and indirect 

costs such as maintenance, training, and required 

skillsets. 

Scalable AI Frameworks: 

Explore and enhance scalability techniques within AI-

driven frameworks, especially for large-scale databases 

in cloud environments, to ensure sustained performance 

and operational robustness under heavy workloads. 

Advanced Algorithms Exploration: 

Continue exploring advanced machine learning 

algorithms, such as deep reinforcement learning and 

federated learning, to further automate and optimize 

database tuning processes. 
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Security and Ethical Implications: 

Investigate the security implications of AI-driven 

systems, including developing robust mechanisms for 

detecting and mitigating algorithmic biases and 

ensuring data security within predictive analytics 

environments. 

Future Technology Integration: 

Examine the integration of emerging technologies such as 

blockchain, edge computing, and 5G to further enhance the 

capabilities, responsiveness, and security of AI-powered 

DBMS. 

These recommendations aim to set clear directions for future 

research and practical implementation of AI-powered 

predictive analytics in database management. 

 

8. DISCUSSION 

The literature demonstrates that integrating AI and 

predictive analytics into database management significantly 

improves performance, scalability, and automation. Studies 

using models like Random Forests, LSTM, and 

reinforcement learning reported reduced query latency, 

enhanced fault detection, and optimized resource usage. AI 

also enabled proactive tuning, real-time analytics, and 

improved cybersecurity across cloud and enterprise systems. 

Tools such as NeurDB and AI-augmented PostgreSQL 

showed measurable gains in efficiency. However, 

challenges like data quality, model transparency, and 

integration complexity remain. Overall, AI-driven database 

systems offer strong potential for autonomous, responsive, 

and efficient management in dynamic environments. 

 

9. CONCLUSION 

This study systematically explored the integration 

of Artificial Intelligence (AI) and predictive analytics into 

Database Management Systems (DBMS) for proactive and 

effective performance tuning. The review highlighted 

significant improvements achieved by employing AI-driven 

techniques, notably in query optimization, workload 

prediction, index selection, and anomaly detection. 

Experimental insights from existing literature underscored 

substantial enhancements in query execution times, 

throughput, and overall system responsiveness. 

Traditional database tuning approaches, characterized by 

static configurations and reactive interventions, have 

struggled to manage the increasing complexities and 

dynamic workloads inherent in modern database 

environments. Conversely, AI-powered solutions 

demonstrate the capability to forecast performance 

degradation proactively, suggest precise tuning actions, and 

optimize resource allocation in real-time. These 

advancements substantially reduce operational overhead, 

enhance scalability, and ensure higher reliability in database 

operations. 

Despite promising results, this study acknowledges 

challenges such as data quality, model transparency, 

computational overhead, and integration complexities, 

emphasizing the need for ongoing research into explainable 

AI, robust data management practices, and advanced 

machine learning models. Future work should prioritize 

extensive empirical validations, real-world case studies, and 

scalable framework development to effectively integrate AI-

powered predictive analytics into diverse operational 

contexts. 

Ultimately, the integration of predictive analytics and AI 

within DBMS not only addresses historical limitations but 

also lays a robust foundation for autonomous database 

management. This approach is poised to significantly 

transform database performance management, offering 

proactive, responsive, and efficient solutions suitable for 

dynamic cloud and enterprise environments. 
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