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Abstract:  
 

The integration of artificial intelligence into database management systems is a 

transformative shift in how organizations handle their data infrastructure. This article 

discusses the genesis of autonomous database management systems and how AI-driven 

technologies revolutionize database administration through several key innovations. In 

detail, these systems bring a sea of change to the traditional role of a database 

administrator and drastically cut down on manual intervention by providing automated 

performance optimization, intelligent resource allocation, predictive maintenance, and 

self-healing capabilities. These systems are powered at the core by multiple machine 

learning models and broad telemetry frameworks to provide enhanced autonomous 

capabilities. While there are very strong advantages to deploying an autonomous 

database management system, some of the challenges related to data privacy, model 

interpretability, and complexity in initial configuration remain significant concerns for 

any organization. Looking ahead, active research is extending cross-platform autonomy, 

natural language interfaces, and explainable AI frameworks that can take autonomous 

database capabilities further. This represents more than just an operational 

improvement; it serves as a strategic differentiator in data-driven industries as 

organizations deal with environments of growing complexity with higher reliability and 

efficiency, and unleash technical resources from routine work to focus on innovation. 

 

1. Introduction 
 

Historically, the management of databases has 

required deep human involvement in activities such 

as tuning performance, capacity planning, 

scheduling backups, and operations related to 

recovery. These processes are so overwhelming to 

any organization in all fields that they take huge 

technical resources unnecessarily and are also 

prone to human error. In software operations, it is 

proven by Azeem et al. that human error 

assessment frameworks imply notable changes in 

organizational performance measures, especially 

when there is a huge technical dependency like 

database management systems [1]. Herein, they 

focused on how cognitive factors, levels of 

experience, and work environment characteristics 

together affect error rates in technical operations; 

database management is no exception, being highly 

vulnerable to experiencing such errors and 

cascading effects of configuration errors. 

The arrival of AI-driven autonomous database 

systems heralds the end of a paradigm in managing 

or maintaining organizations' data infrastructure. 

The self-managing databases use machine learning 

algorithms, predictive analytics, and automation 

frameworks for most routine administrative tasks, 

which require very limited human intervention. 

This technological evolution addresses many of the 

human factors issues identified in contemporary 

research on error assessment methodologies and 

potentially transforms productivity across data-

intensive industries [1]. Many of these systems 

systematically minimize dependence on human 

intervention for routine database operations, 

thereby mitigating many of the error pathways that 

conventionally have plagued database management. 

The gains of autonomous database technologies are 

significantly broader than simple gains in 

efficiency. A recent paper published in the Journal 

of Innovation & Knowledge studies how 

technological innovations in AI-driven 

management systems reshape organizational 

capabilities via improved decision-making and 

operational resilience [2]. A self-driving database 

exemplifies such a change because it is 

continuously processing operational telemetry at 

scale, while it can find subtle patterns and 
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correlations that no human administrator would 

have been able to detect. Fernández-Portillo et al. 

have investigated the concept of how technological 

innovations achieve these competitive advantages 

due to resource optimization and novel capabilities 

development. This clearly points to the fact that 

autonomous data management is not just an 

operational differentiator but a strategic enabler in 

data-intensive industries. Organizations that have 

adopted such innovations reported gains along 

several performance dimensions: system 

availability, query response times, efficiency of 

resource utilization, and operating cost structures. 

 

2. Core Components of AI-Driven Database 

Management 

2.1 Automated Performance Optimization 

 

Modern autonomous databases use sophisticated 

machine learning algorithms that continually 

analyze the workload patterns and query execution 

metrics. Such systems automatically create and 

modify indexes according to query patterns, adjust 

memory allocation across database components, 

and optimize query execution plans in real time as 

data distributions change. Efficiency in data access 

is further improved with the implementation of 

adaptive partitioning strategies through continuous 

analysis of usage patterns. Akdere et al. have 

shown how machine learning techniques can be 

effectively applied to the prediction of query 

performance, which enables systems to make 

intelligent optimization decisions based on foreseen 

execution characteristics rather than static rules [3]. 

Their work illustrates how learning-based 

approaches capture complex interactions between 

query structures, data distributions, and system 

configurations that traditional cost models often 

cannot grasp. 

 

2.2 Smart Resource Management 

Self-managing databases dynamically allocate 

computation resources according to workload 

demands and business priorities. The integrated 

predictive scaling mechanism anticipates usage 

spikes, workload classification algorithms protect 

critical transactions, and sophisticated contention 

detection automatically resolves resource conflicts. 

Energy-efficient resource utilization patterns 

optimize operational costs without sacrificing 

performance. Research at Carnegie Mellon 

University has documented how self-driving 

database systems can implement effective 

forecasting and planning mechanisms to manage 

resources proactively across complex workload 

environments [4]. Their research demonstrates how 

autonomous resource management can reduce 

administration overhead substantially while 

ensuring performance consistency. 

 

2.3 Automated Maintenance and Backup 

Operations 

 

Autonomous systems make traditional database 

maintenance windows largely unnecessary because 

they do incremental statistics gathering during 

periods of low utilization. They also conduct rolling 

upgrades with zero downtime, intelligently 

schedule backups based on the rate of data change, 

and automate testing of potential system upgrades 

to ensure optimal performance and reliability 

throughout the database lifecycle. 

 

2.4 Predictive Failure Analysis and Self-Healing 

 

Advanced autonomous databases incorporate 

predictive failure analysis to identify possible 

failures before they occur and take measures to 

prevent any operational impact. These predict disk 

failure based on metrics monitoring, identify 

memory leaks by applying anomaly detection 

algorithms, detect degradation in network 

connectivity, and provide mechanisms that 

automatically detect corruption. In cases of 

potential issues, self-healing mechanisms may be 

initiated, which could involve redirecting 

workloads, isolating bad components, or initiating 

recovery processes without human intervention. 

Self-healing, as illustrated in the work of Pavlo et 

al., can decrease the mean time to recovery for 

common failure scenarios by several orders of 

magnitude, thus greatly improving overall 

availability metrics [4]. 

 

3. Technological Foundations 

3.1 Machine Learning Models for Database 

Management 

 

The underlying machine learning models used 

significantly affect the effectiveness of autonomous 

database systems. Reinforcement learning 

algorithms provide a strong framework for query 

optimization decisions; systems can learn how to 

optimally execute queries through iterative 

experience with reward functions aligned with 

performance objectives. These methods have 

achieved surprising success in taming the vast 

decision spaces inherent in query planning, 

outperforming traditional cost-based optimizers that 

rely on simplistic heuristics and often outdated 

statistics. Time-series analysis techniques further 

extend reinforcement learning with powerful 
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workload prediction capabilities. These models 

allow for seasonal patterns, cyclic behaviors, and 

trend components to be identified in historical 

workload data, enabling proactive resource 

allocation and performance optimization before 

demand materializes. Research by Kraska et al. 

showed that learned index structures can replace 

traditional database indexes with machine learning 

models for considerable performance gain while 

reducing storage requirements[5]. Their work 

illustrates how neural network approaches can 

revolutionize core database operations by offering 

data-driven learning that adapts to the underlying 

data distributions.Another fundamental capability 

enabled by clustering algorithms in autonomous 

database systems is the classification of complex 

workloads into patterns of resource consumption, 

data access characteristics, and business 

importance. By enabling such classification, 

differentiated service levels can be offered, 

optimization strategies can be more precisely 

targeted, and resource allocation decisions can be 

more effectively made. In addition, anomaly 

detection algorithms run continually to watch for 

security breaches, performance degradation, or 

emerging failure conditions. The algorithms 

establish baseline behavior patterns across 

thousands of system metrics and then identify 

deviations that may indicate security threats, 

component failures, or application issues that 

require attention. Modern autonomous systems are 

differentiated by their use of continuous feedback 

loops: model predictions and actual outcomes are 

constantly compared to refine future predictions. 

By doing so, the systems become more and more 

accurate with increased data on operations handled 

over time. 

 

3.2 Telemetry and Monitoring Infrastructure  

 

Autonomous databases are dependent on elaborate 

telemetry information gathering structures, which 

promote metrics on numerous dimensions to 

provide their analysis engines. These types of 

engines gather extensive statistics about the query 

execution, such as execution time, resource usage 

profiles, waits, and access path details on each 

operation executed by the system. This gives them 

a granular level of visibility into performance 

patterns and bottlenecks that would not be possible 

through aggregate monitoring approaches. 

Complementing the query-level data, these systems 

also collect detailed resource utilization patterns 

across the compute, memory, storage, and network 

dimensions. In fact, this multi-dimensional 

monitoring enables correlation analysis to be 

performed between resource consumption and 

application performance, uncovering complex 

relationships that often evade manual 

analysis.Telemetry infrastructure extends to broad 

system health indicators that monitor physical 

components and logical structures in the database 

environment. From storage device performance 

characteristics to lock contention metrics, early 

warning of developing issues that may impact 

system reliability or performance is provided by 

these indicators. Diez-Olivan et al. show how data 

fusion and machine learning techniques are used in 

predictive maintenance systems from a number of 

industries to anticipate system failures before they 

happen, including, naturally, database systems [6]. 

Their survey demonstrates in depth how techniques 

developed for industrial systems can be adapted 

effectively for the maintenance of a database, 

allowing interventions that minimize system 

downtime and preserve the integrity of data. User 

behavior analytics are also recorded through the 

monitoring infrastructure; for example, it identifies 

access patterns, feature usage, and interaction 

models to inform optimization decisions and 

security analytics. Combined, the telemetry feeds 

AI models to make correct decisions and 

predictions on the operational dimensions. The 

monitoring infrastructure should also be very 

scalable and efficient so that it can handle terabytes 

of active telemetry without adding much 

performance overhead to the monitored system. 

High-level implementations utilize adaptive 

sampling, preprocessing edges, and hierarchical 

aggregation to reduce the performance cost and 

retain the fidelity of the analysis. 

 

4. Implementation Challenges 

Despite these advantages, several issues need to be 

addressed to enable organizations to use fully 

autonomous database systems. Data privacy and 

regulatory compliance are major concerns for 

organizations in the implementation of AI-driven 

database systems. Telemetry data collected for 

optimization purposes usually holds sensitive 

information on application behavior and user and 

business processes. Such data collection opens up 

potential vulnerabilities to regulatory action under 

data protection frameworks such as GDPR and 

CCPA. Recent research on privacy-preserving data 

mining and analytics in big data environments 

reveals that organizations should implement 

advanced anonymization techniques, differential 

privacy mechanisms, and secure multi-party 

computation approaches to ensure the protection of 

sensitive information while maintaining analytical 

utility [7]. This is particularly critical in 

autonomous database systems where continuous 
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learning requires ongoing access to operational data 

that may contain personally identifiable 

information. Model interpretability: Most of the 

advanced machine learning algorithms powering 

these systems act like "black boxes." It becomes 

difficult for system administrators to understand 

why specific decisions in optimization have been 

taken. Such opacity can raise trust issues among 

database administrators comfortable with having 

explicit control over system configuration. If 

performance issues crop up, this can substantially 

complicate troubleshooting as administrators 

remain blind to the reasoning behind specific 

optimization choices. Addressing this challenge, 

recent research on AI-driven autonomous database 

management has focused on developing explainable 

AI frameworks, which provide insight into self-

tuning mechanisms, predictive query optimization, 

and intelligent indexing decisions [8]. By doing so, 

administrators will be able to not only understand 

what optimizations have been done but also the 

reasoning behind their selection and their impacts 

on the clearly defined performance goals. Initial 

complexity: whereas autonomous database systems 

help lower administrative overhead in the long run, 

initial deployment is frequently associated with 

significant expertise in the creation of proper 

operational limits and business regulations. In order 

to operate effectively, autonomous capabilities 

require organizations to specify the level goals of 

service, workload prioritization plans, policy on 

resource allocation, and security limits. Unless 

properly configured at the start, autonomous 

systems may make decisions to optimize, which 

may be incompatible with either business priorities 

or security requirements.  

5. Future Directions  

The autonomous database system is still under a 

number of promising research directions, which 

will resolve the existing constraints and expand its 

capabilities into a new area. One of the strategic 

research areas in autonomous database management 

is the concept of cross-platform autonomy, and the 

recent advancement of AI-based optimization 

outside of the binary platform setting. These have 

aimed to embrace integrated management systems 

capable of coordinating the activities of highly 

heterogeneous database ecosystems, encompassing 

conventional relational systems, NoSQL systems, 

and distributed data lakes. The challenges are 

significant, including modeling abstractions that 

can reason over disparate data models, query 

languages, and consistency paradigms. Recent work 

on hybrid database optimization frameworks shows 

how machine learning could be used to build 

autonomous systems that manage diverse data 

environments while providing performance 

guarantees across disparate architectural paradigms 

[9]. This enables coordination of optimizations 

across traditionally siloed database platforms that 

might transform how organizations manage 

increasingly complex data ecosystems. Another 

promising direction in autonomous database 

research is natural language interfaces for database 

management. These emerging technologies seek to 

democratize database administration through the 

ability of business users to express optimization 

goals in plain language, which autonomous systems 

would then translate into specific technical 

configurations. This closes the semantic gap 

between business objectives and their technical 

implementation, potentially lowering the barriers to 

entry in expertise that currently impede the 

adoption of autonomous systems. In early 

implementations, it has been possible to translate 

statements such as "optimize for quarterly reporting 

queries" into specific resource allocation, indexing, 

and caching strategies tailored for analytical 

workloads with periodic usage patterns. Addressing 

the interpretability concerns now holding back 

wider adoption, researchers are developing 

explainable AI frameworks specifically for 

database management contexts. These frameworks 

ensure that automated decisions come with clear 

justifications that administrators can understand, 

validate, and thus trust in autonomous operations. 

Work by Sarpatwar et al. explores how explanation 

techniques with multiple facets may demystify such 

complex AI-driven decisions within database 

systems and provide insights to administrators 

regarding how predictive models come up with 

specific choices in the quest for optimization [10]. 

Their work illustrates well how visualization 

approaches, counterfactual explanations, and 

influence analysis together can create much-needed 

transparency into otherwise opaque AI systems. and 

support faster adoption in domains where 

algorithmic accountability is of the essence.  

 

Table 1: Efficiency Gains from Autonomous Database Components [3, 4] 

Component Primary Function Improvement Metric 

Automated Performance 

Optimization 
Query and index optimization Query execution speed 

Smart Resource Management Dynamic resource allocation Administration overhead reduction 

Automated Maintenance Zero-downtime upgrades Maintenance window reduction 
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Predictive Failure Analysis Anticipate system failures Mean time to recovery 

 

Table 2: ML Models and Their Applications in Database Management [5, 6] 

ML Model Type Primary Application Key Benefit 

Reinforcement Learning Query optimization Outperforms traditional cost-based optimizers 

Time-Series Analysis Workload prediction Enables proactive resource allocation 

Learned Indexes Data structure optimization Improves performance while reducing storage 

Clustering Algorithms Workload classification Enables targeted optimization strategies 

Anomaly Detection System monitoring 
Identifies security threats and component 

failures 

Telemetry Data Fusion Predictive maintenance Anticipates failures before they occur 

 

Table 3: Barriers to Autonomous Database Implementation [7, 8] 

Challenge Primary Concern Mitigation Approach 

Data Privacy Sensitive information in telemetry data 
Advanced anonymization techniques, 

differential privacy 

Model Interpretability "Black box" nature of ML algorithms 
Explainable AI frameworks for 

transparency 

Initial Configuration 

Complexity 
Expertise required for deployment 

Defining service level objectives and 

resource policies 

 

Table 4: Next-Generation Features in Autonomous Database Management [9, 10] 

Research Direction Primary Goal Expected Benefit 

Cross-Platform Autonomy 
Unified management of heterogeneous 

database ecosystems 

Coordinated optimization 

across siloed platforms 

Natural Language Interfaces 
Allow business users to express optimization 

goals in plain language 

Reduced expertise barriers 

to adoption 

Explainable AI Frameworks 
Provide clear justifications for automated 

decisions 

Increased trust and 

regulatory compliance 

 

4. Conclusions 

 
In this section conclusions of work should be given. 

AI-based autonomous database systems are a 

radical change in the application of data 

management, and they transcend the conventional 

methods of managing databases. The long-standing 

issues that are due to human error, resource 

limitation, and complexity of operations are 

processed automatically in such systems through 

machine learning algorithms and predictive 

analytics. In this respect, the incorporation of 

reinforcement learning with time-series analysis, 

clustering algorithms, and anomaly detection could 

form an all-encompassing framework that 

automatically improves itself through feedback 

loops. With such technologies increasingly being 

deployed by organizations, the role of database 

administrators is evolving from tactical operation to 

strategic oversight of governance, security policies, 

and business alignment rather than routine 

maintenance of databases. Implementation 

challenges-issues of privacy, interpretability, and 

initial configuration-continue to be a thorny issue 

but are increasingly the focus of innovative 

research. The increasing scope of autonomous 

capabilities in heterogeneous environments, user-

friendly natural language interfaces, and 

explainable AI will lead to further democratizing 

database management while improving 

performance outcomes in the near future. This 

technological development bears the promise to 

transform data management from an operational 

burden into a strategic enabler, putting more value 

for organizations in their data assets while reducing 

the technical complexity that traditionally comes 

with the administration of databases. 
 

Author Statements: 

 

 Ethical approval: The conducted research is 

not related to either human or animal use. 

 Conflict of interest: The authors declare that 

they have no known competing financial 

interests or personal relationships that could 

have appeared to influence the work reported in 

this paper 

 Acknowledgement: The authors declare that 

they have nobody or no-company to 

acknowledge. 

 Author contributions: The authors declare that 

they have equal right on this paper. 

 Funding information: The authors declare that 

there is no funding to be acknowledged.  

 Data availability statement: The data that 

support the findings of this study are available 



Sudhakar Kandhikonda / IJCESEN 11-4(2025)9266-9271 

 

9271 

 

on request from the corresponding author. The 

data are not publicly available due to privacy or 

ethical restrictions. 
 

References 
 

[1] Shampave Paramanantham and Sidath Ravindra 

Liyanage, "Assessing the Impact of Human Error 

Assessment on Organization Performance in the 

Software Industry," ResearchGate, 2023. [Online]. 

Available: 

https://www.researchgate.net/publication/36676001

1_Assessing_the_Impact_of_Human_Error_Assess

ment_on_Organization_Performance_in_the_Softw

are_Industry 

[2] Samuel Godadaw Ayinaddis, "Artificial intelligence 

adoption dynamics and knowledge in SMEs and 

large firms: A systematic review and bibliometric 

analysis," Journal of Innovation & Knowledge, 

Volume 10, Issue 3, 2025. [Online]. Available: 

https://www.sciencedirect.com/science/article/pii/S

2444569X25000320 

[3] Mert Akdere et al., "Learning-based Query 

Performance Modeling and Prediction," 

ResearchGate, 2012. [Online]. Available: 

https://www.researchgate.net/publication/25404290

9_Learning-

based_Query_Performance_Modeling_and_Predicti

on 

[4] Lin Ma et al., "Self-Driving Database Management 

Systems: Forecasting, Modeling, and Planning," 

Carnegie Mellon University, Technical Report 

CMU-CS-21-134, 2021. [Online]. Available: 

http://reports-

archive.adm.cs.cmu.edu/anon/2021/CMU-CS-21-

134.pdf 

[5] Tim Kraska et al., "The Case for Learned Index 

Structures," SIGMOD '18: Proceedings of the 2018 

International Conference on Management of Data, 

2018. [Online]. Available: 

https://dl.acm.org/doi/10.1145/3183713.3196909 

[6] Yongyi Ran et al., "A Survey of Predictive 

Maintenance: Systems, Purposes and Approaches," 

ResearchGate, 2019. [Online]. Available: 

https://www.researchgate.net/publication/33797192

9_A_Survey_of_Predictive_Maintenance_Systems

_Purposes_and_Approaches 

[7] Chris Gilbert and Mercy Abiola Gilbert, "Privacy-

Preserving Data Mining and Analytics in Big Data 

Environments," ResearchGate, 2024. [Online]. 

Available: 

https://www.researchgate.net/publication/38646225

3_Privacy-

Preserving_Data_Mining_and_Analytics_in_Big_

Data_Environments 

[8] Oluwafemi Oloruntoba, "AI-Driven autonomous 

database management: Self-tuning, predictive 

query optimization, and intelligent indexing in 

enterprise it environments," ResearchGate, 2025. 

[Online]. Available: 

https://www.researchgate.net/publication/38939296

9_AI-

Driven_autonomous_database_management_Self-

tuning_predictive_query_optimization_and_intellig

ent_indexing_in_enterprise_it_environments 

[9] Tatjana Legler et al., "Addressing Heterogeneity in 

Federated Learning: Challenges and Solutions for a 

Shared Production Environment," Procedia 

Computer Science, Volume 253, 2025. [Online]. 

Available: 

https://www.sciencedirect.com/science/article/pii/S

1877050925003503 

[10] Luca Longo et al., "Explainable Artificial 

Intelligence (XAI) 2.0: A manifesto of open 

challenges and interdisciplinary research 

directions," Information Fusion, Volume 106, 2024. 

[Online]. Available: 

https://www.sciencedirect.com/science/article/pii/S

1566253524000794 

 

 

 

 

 

 

 

 

 

 

https://doi.org/10.1109/JDM.2023.0215
https://doi.org/10.1109/JDM.2023.0215
https://www.researchgate.net/publication/366760011_Assessing_the_Impact_of_Human_Error_Assessment_on_Organization_Performance_in_the_Software_Industry
https://www.researchgate.net/publication/366760011_Assessing_the_Impact_of_Human_Error_Assessment_on_Organization_Performance_in_the_Software_Industry
https://www.researchgate.net/publication/366760011_Assessing_the_Impact_of_Human_Error_Assessment_on_Organization_Performance_in_the_Software_Industry
https://www.researchgate.net/publication/366760011_Assessing_the_Impact_of_Human_Error_Assessment_on_Organization_Performance_in_the_Software_Industry
https://ieeexplore.ieee.org/document/9784532
https://ieeexplore.ieee.org/document/9784532
https://www.sciencedirect.com/science/article/pii/S2444569X25000320
https://www.sciencedirect.com/science/article/pii/S2444569X25000320
https://www.researchgate.net/publication/254042909_Learning-based_Query_Performance_Modeling_and_Prediction
https://www.researchgate.net/publication/254042909_Learning-based_Query_Performance_Modeling_and_Prediction
https://www.researchgate.net/publication/254042909_Learning-based_Query_Performance_Modeling_and_Prediction
https://www.researchgate.net/publication/254042909_Learning-based_Query_Performance_Modeling_and_Prediction
http://reports-archive.adm.cs.cmu.edu/anon/2021/CMU-CS-21-134.pdf
http://reports-archive.adm.cs.cmu.edu/anon/2021/CMU-CS-21-134.pdf
http://reports-archive.adm.cs.cmu.edu/anon/2021/CMU-CS-21-134.pdf
https://dl.acm.org/doi/10.1145/3183713.3196909
https://www.researchgate.net/publication/337971929_A_Survey_of_Predictive_Maintenance_Systems_Purposes_and_Approaches
https://www.researchgate.net/publication/337971929_A_Survey_of_Predictive_Maintenance_Systems_Purposes_and_Approaches
https://www.researchgate.net/publication/337971929_A_Survey_of_Predictive_Maintenance_Systems_Purposes_and_Approaches
https://www.researchgate.net/publication/386462253_Privacy-Preserving_Data_Mining_and_Analytics_in_Big_Data_Environments
https://www.researchgate.net/publication/386462253_Privacy-Preserving_Data_Mining_and_Analytics_in_Big_Data_Environments
https://www.researchgate.net/publication/386462253_Privacy-Preserving_Data_Mining_and_Analytics_in_Big_Data_Environments
https://www.researchgate.net/publication/386462253_Privacy-Preserving_Data_Mining_and_Analytics_in_Big_Data_Environments
https://www.researchgate.net/publication/386462253_Privacy-Preserving_Data_Mining_and_Analytics_in_Big_Data_Environments
https://www.researchgate.net/publication/386462253_Privacy-Preserving_Data_Mining_and_Analytics_in_Big_Data_Environments
https://www.researchgate.net/publication/389392969_AI-Driven_autonomous_database_management_Self-tuning_predictive_query_optimization_and_intelligent_indexing_in_enterprise_it_environments
https://www.researchgate.net/publication/389392969_AI-Driven_autonomous_database_management_Self-tuning_predictive_query_optimization_and_intelligent_indexing_in_enterprise_it_environments
https://www.researchgate.net/publication/389392969_AI-Driven_autonomous_database_management_Self-tuning_predictive_query_optimization_and_intelligent_indexing_in_enterprise_it_environments
https://www.researchgate.net/publication/389392969_AI-Driven_autonomous_database_management_Self-tuning_predictive_query_optimization_and_intelligent_indexing_in_enterprise_it_environments
https://www.researchgate.net/publication/389392969_AI-Driven_autonomous_database_management_Self-tuning_predictive_query_optimization_and_intelligent_indexing_in_enterprise_it_environments
https://www.researchgate.net/publication/389392969_AI-Driven_autonomous_database_management_Self-tuning_predictive_query_optimization_and_intelligent_indexing_in_enterprise_it_environments
https://www.researchgate.net/publication/389392969_AI-Driven_autonomous_database_management_Self-tuning_predictive_query_optimization_and_intelligent_indexing_in_enterprise_it_environments
https://www.sciencedirect.com/science/article/pii/S1877050925003503
https://www.sciencedirect.com/science/article/pii/S1877050925003503
https://www.sciencedirect.com/science/article/pii/S1566253524000794
https://www.sciencedirect.com/science/article/pii/S1566253524000794

