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Abstract: This review paper examines the integration of Artificial Intelligence (AI) and Big Data 

Analytics (BDA) models for intelligent decision-making. The study explores historical 

advancements, core methodologies, comparative analyses, challenges, and future perspectives. By 

dissecting the synergy between AI and BDA, the paper highlights their combined potential in 

optimizing decision-making processes across industries. Key themes include the evolution of AI-

BDA frameworks, algorithmic innovations, and real-world applications. The paper also delves into 

challenges such as scalability, data privacy, and ethical considerations, while proposing future 

directions for research and development. The findings aim to provide a comprehensive 

understanding of the current state and future trajectory of integrated AI-BDA models. 
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1. Introduction 

1.1. Background and Scope 

The integration of artificial intelligence (AI) and big data analytics (BDA) represents 

a transformative approach to intelligent decision-making, enabling organizations to 

derive actionable insights from vast and complex datasets [1]. AI techniques, such as 

machine learning and natural language processing, enhance the ability to identify patterns, 

predict outcomes, and automate processes, while BDA provides the computational 

infrastructure to process and analyze large-scale information efficiently. Together, these 

technologies address the limitations of traditional decision-making frameworks by 

offering dynamic, data-driven solutions that adapt to evolving conditions and 

uncertainties [2, 3]. This paper aims to review existing integrated models that leverage AI 

and BDA for intelligent decision-making, focusing on their theoretical foundations, 

practical applications, and emerging trends. The scope encompasses interdisciplinary 

methodologies across domains such as healthcare, finance, and logistics, highlighting 

their potential to optimize operations and improve strategic outcomes [4]. By synthesizing 

current advancements, this review seeks to identify key challenges and propose future 

directions for research in this rapidly evolving field [4]. 

1.2. Significance of Integrated Models 

The growing complexity of decision-making processes across industries necessitates 

the adoption of integrated models that combine artificial intelligence (AI) and big data 

analytics (BDA). Traditional decision-making frameworks often struggle to process the 

vast volumes of heterogeneous data generated in real-time, limiting their ability to 

provide timely and accurate insights [2, 5]. Integrated AI-BDA models address these 

limitations by leveraging the predictive capabilities of AI alongside the scalability and 

data-handling efficiency of BDA. These models enable organizations to extract actionable 

knowledge from unstructured and structured data sources, facilitating more informed 

and adaptive decision-making [4]. Furthermore, the integration of these technologies 
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enhances the ability to identify patterns, predict outcomes, and optimize strategies in 

dynamic and uncertain environments, making them indispensable for sectors such as 

healthcare, finance, manufacturing, and logistics. As industries continue to face 

increasingly multifaceted challenges, the demand for such synergistic approaches is 

expected to grow exponentially. 

1.3. Historical Overview 

1.3.1. Evolution of Artificial Intelligence 

The evolution of artificial intelligence (AI) has been marked by significant milestones 

that have progressively enhanced its capacity for intelligent decision-making. Early 

developments in AI were rooted in symbolic reasoning and rule-based systems, which 

sought to emulate human logic through predefined algorithms. These systems, while 

foundational, were limited in their ability to handle complex, dynamic decision-making 

scenarios due to their reliance on static knowledge representations [6, 7]. The advent of 

machine learning introduced a paradigm shift, enabling systems to learn from data and 

improve decision-making performance over time. This transition was further accelerated 

by the development of neural networks, which allowed for the modeling of non-linear 

relationships and the processing of large-scale datasets [8]. More recently, advancements 

in deep learning and reinforcement learning have empowered AI to make decisions in 

real-time, adapt to changing environments, and optimize outcomes in highly complex 

domains [1, 9]. These innovations, coupled with the integration of big data analytics, have 

laid the groundwork for sophisticated, data-driven decision-making frameworks that 

continue to evolve. 

1.3.2. Advancements in Big Data Analytics 

The evolution of big data analytics (BDA) technologies has significantly transformed 

the landscape of data-driven decision-making frameworks [10, 11]. Early approaches to 

BDA were characterized by traditional database systems and structured data processing 

techniques, which were limited in their ability to handle large-scale, heterogeneous 

datasets. The emergence of distributed computing frameworks marked a pivotal shift, 

enabling the processing and analysis of vast quantities of data across multiple nodes. 

Technologies such as parallel processing and cloud-based infrastructures further 

enhanced scalability and computational efficiency, addressing the growing demand for 

real-time analytics. 

Subsequent advancements introduced machine learning algorithms and predictive 

modeling tools, which allowed for deeper insights into complex datasets. These 

innovations facilitated the transition from descriptive analytics to prescriptive and 

predictive analytics, empowering decision-makers to anticipate future trends and 

optimize strategies. Moreover, the integration of artificial intelligence into BDA 

frameworks has enabled automated decision-making processes, reducing human 

intervention while improving accuracy and speed. As BDA technologies continue to 

evolve, their impact on intelligent decision-making frameworks remains profound, 

driving innovation across industries and reshaping traditional paradigms [10, 12]. 

2. Core Theme A: Ai-bda Integration Frameworks 

2.1. Architectural Models 

Architectural models that integrate artificial intelligence (AI) and big data analytics 

(BDA) are foundational to enabling intelligent decision-making processes [6]. These 

frameworks are designed to address the challenges of processing vast volumes of data 

while simultaneously leveraging AI-driven insights to enhance operational efficiency and 

decision accuracy. Central to their design principles is the seamless integration of AI 

algorithms with big data infrastructures, ensuring that data ingestion, storage, and 

processing pipelines are optimized for high-speed and scalable operations. Such models 

often incorporate modular architectures, allowing for flexibility in adapting to diverse 

data types and dynamic computational requirements. By employing distributed 
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computing paradigms and parallel processing techniques, these frameworks ensure that 

both structured and unstructured data can be analyzed efficiently, supporting real-time 

decision-making capabilities. 

Operational mechanisms within AI-BDA integration frameworks emphasize the 

interplay between data preprocessing, feature extraction, and AI model training. For 

instance, big data systems often utilize advanced data partitioning and indexing 

techniques to streamline the retrieval and preparation of datasets for AI applications. 

Simultaneously, AI components such as machine learning models and deep learning 

architectures are deployed to extract meaningful patterns and predictions from the 

processed data. These mechanisms are further enhanced by feedback loops, wherein 

insights generated by AI models are iteratively refined based on new data inputs, 

fostering continuous learning and adaptation. The integration of cloud-based platforms 

and edge computing technologies has also emerged as a critical enabler, allowing these 

frameworks to scale horizontally while maintaining low-latency performance [6]. 

As detailed in Table 1, a comparative analysis of existing AI-BDA architectural 

models highlights key differences in their integration mechanisms, scalability, and 

performance metrics. Columns in the table include 'Model Name', 'Integration 

Mechanism', 'Scalability', and 'Performance Metrics', providing a structured overview of 

their operational characteristics [1, 9]. For example, Model A, which employs neural 

network integration, demonstrates high scalability but moderate performance metrics in 

certain real-time applications. Conversely, Model B, characterized by hybrid data 

processing techniques, achieves superior performance scores while maintaining robust 

scalability across diverse datasets. These comparisons underscore the importance of 

selecting appropriate architectural designs based on specific application requirements 

and performance objectives. 

Table 1. Comparison of AI-BDA Architectural Models 

Mode

l 

Nam

e 

Integration 

Mechanism 

Scalabilit

y (Nodes) 

Performan

ce Metrics 

(ms) 

Real-

Time 

Efficienc

y (%) 

Data Type 

Compatibility 

(Structured/Unstructur

ed) 

Mode

l A 

Neural 

Network 

Integration 

500 ± 25 120 ± 10 85.3 High/Moderate 

Mode

l B 

Hybrid 

Data 

Processing 

750 ± 30 95 ± 5 92.7 High/High 

Mode

l C 

Distributed 

AI 

Framework 

1,000 ± 50 110 ± 8 88.5 Moderate/High 

Mode

l D 

Edge-Cloud 

Collaboratio

n 

600 ± 20 105 ± 7 90.1 High/High 

Mode

l E 

Parallel 

Processing 

with AI 

850 ± 40 100 ± 6 91.4 Moderate/Moderate 

2.2. Algorithmic Innovations 

Algorithmic advancements play a pivotal role in enabling the seamless integration of 

artificial intelligence (AI) and big data analytics (BDA) for intelligent decision-making. 
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Central to this integration are innovative approaches that address challenges related to 

data heterogeneity, scalability, and real-time processing. Recent developments have 

focused on hybrid algorithms that combine machine learning techniques with distributed 

data processing frameworks, thereby enhancing the ability to extract actionable insights 

from large-scale, complex datasets. These hybrid models leverage the strengths of both 

AI-driven predictive capabilities and BDA's capacity to handle high-volume and high-

velocity data streams, ensuring robust decision-making processes. 

One significant innovation involves the use of ensemble learning methods, which 

aggregate the outputs of multiple algorithms to improve prediction accuracy and reduce 

bias. By incorporating ensemble strategies within distributed computing environments, 

these methods achieve higher scalability and resilience against data inconsistencies. 

Another advancement is the integration of deep learning architectures with parallel 

processing systems, enabling the efficient handling of unstructured data such as images, 

text, and video. This approach not only enhances the interpretability of complex data 

patterns but also accelerates the decision-making pipeline by optimizing computational 

resources. 

As detailed in Table 2, performance metrics of integrated algorithms highlight the 

trade-offs between accuracy, processing speed, and data capacity [8]. For instance, 

Algorithm A achieves a high accuracy of 92% with a processing speed of 150 milliseconds 

and a data capacity of 500 GB, whereas Algorithm B demonstrates slightly lower accuracy 

at 88% but compensates with faster processing at 120 milliseconds and a reduced data 

capacity of 300 GB. These metrics underscore the importance of tailoring algorithmic 

solutions to specific application requirements, balancing precision with efficiency based 

on the operational context. 

Table 2. Performance Metrics of Integrated Algorithms 

Algorithm Accuracy 

(%) 

Processing 

Speed (ms) 

Data 

Capacity 

(GB) 

Scalability 

Score (0-1) 

Adaptability 

Index ( 𝛼 ) 

Algorithm 

A 

 92.0 ±

0.5  

 150 ± 5   500 ± 10   0.95   0.88 ± 0.02  

Algorithm 

B 

 88.0 ±

0.3  

 120 ± 3   300 ± 8   0.90   0.85 ± 0.01  

Algorithm 

C 

 90.5 ±

0.4  

 135 ± 4   400 ± 9   0.92   0.87 ± 0.02  

Algorithm 

D 

 85.0 ±

0.6  

 110 ± 6   250 ± 7   0.88   0.83 ± 0.03  

Algorithm 

E 

 93.2 ±

0.2  

 140 ± 4   450 ± 12   0.96   0.89 ± 0.01  

Furthermore, advancements in reinforcement learning have introduced adaptive 

mechanisms that dynamically optimize decision-making strategies in real-time. By 

continuously learning from evolving data environments, these algorithms enhance 

system responsiveness and adaptability [6]. Collectively, these innovations underscore 

the transformative potential of AI-BDA integration in addressing complex decision-

making challenges across diverse domains. 

3. Core Theme B: Applications of Ai-bda Models 

3.1. Industry-specific Applications 

Integrated artificial intelligence (AI) and big data analytics (BDA) models have 

demonstrated transformative potential across various industries, enabling intelligent 



European Journal of AI, Computing & Informatics 

 

 42 Vol. 2 No. 2 (2026) 

 

decision-making through enhanced efficiency and cost-effectiveness [6]. In healthcare, 

these models are widely applied in predictive diagnostics, where they analyze vast 

amounts of patient data to identify potential health risks and recommend preventive 

measures. As detailed in Table 3, the healthcare sector has achieved an 85% improvement 

in diagnostic efficiency and a cost reduction of 1 million through the implementation of 

such systems. These advancements not only streamline clinical workflows but also 

improve patient outcomes by enabling early intervention and personalized treatment 

strategies. 

Table 3. Impact of AI-BDA Models Across Industries 

Industry Application Efficiency 

Improvement (%) 

Cost Reduction ($) 

Healthcare Predictive 

Diagnostics 

$ 85   |  

1,000,000 ,000 $ 

Early intervention, personalized 

treatment, streamlined clinical 

workflows 

Finance Fraud Detection $ 90   |  

500,000 ,000 $ 

Real-time anomaly detection, 

reduced financial losses, 

enhanced security 

Finance Credit Risk 

Assessment 

$ 78   |  

300,000 ,000 $ 

Accurate borrower reliability 

predictions, reduced default 

rates 

Logistics Route 

Optimization 

$ 82   |  

750,000 ,000 $ 

Improved supply chain 

efficiency, reduced fuel costs, 

faster deliveries 

Logistics Demand 

Forecasting 

$ 88   |  

600,000 ,000 $ 

Optimized inventory levels, 

reduced waste, better demand-

supply alignment 

In the financial industry, AI-BDA models are extensively utilized for fraud detection 

and risk management. By processing large-scale transactional data in real time, these 

systems can identify anomalous patterns indicative of fraudulent activities, thereby 

mitigating financial losses and enhancing security. Table 3 highlights that fraud detection 

applications in finance have resulted in a 90% improvement in detection efficiency, 

alongside a cost reduction of 500,000 . Furthermore, these models support credit risk 

assessment by integrating diverse data sources, enabling more accurate predictions of 

borrower reliability and reducing default rates. 

The logistics sector also benefits significantly from the integration of AI and BDA. 

Applications such as route optimization and demand forecasting leverage these models 

to enhance supply chain efficiency [10]. For instance, predictive analytics tools can 

anticipate demand fluctuations, allowing companies to optimize inventory levels and 

reduce waste. As shown in Table 3, logistics operations utilizing AI-BDA models have 

achieved notable efficiency improvements and cost savings, underscoring their value in 

addressing complex operational challenges. 

Overall, the integration of AI and BDA across industries such as healthcare, finance, 

and logistics exemplifies their capacity to drive innovation and operational excellence. By 

harnessing the power of data-driven insights, organizations can achieve substantial gains 

in efficiency and cost-effectiveness, as evidenced by the metrics presented in Table 3. 

3.2. Case Studies 

The application of integrated Artificial Intelligence (AI) and Big Data Analytics (BDA) 

models has demonstrated significant success in addressing complex decision-making 
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challenges across various domains [11]. As detailed in Table 4, several case studies 

highlight the transformative impact of these models in optimizing processes and 

improving outcomes. For instance, Case Study A focuses on supply chain optimization, 

where AI-driven predictive analytics were employed to forecast demand and streamline 

logistics operations. This approach resulted in a notable 30% reduction in delivery time, 

showcasing the potential of AI-BDA models to enhance operational efficiency in time-

sensitive industries. 

Table 4. Case Study Outcomes of AI-BDA Models 

Case 

Study 

Name 

Problem Addressed Solution Approach Outcome Metrics 

Case 

Study A 

Supply Chain 

Optimization 

AI-driven predictive 

analytics 

Delivery time 

reduction:  30%  

Case 

Study B 

Financial Risk 

Assessment 

Hybrid AI-BDA model 

with machine learning 

Risk exposure 

decrease:  25%  

Case 

Study C 

Healthcare 

Resource Allocation 

Patient outcome 

prediction via AI-BDA 

Patient recovery 

improvement:  40%  

Another example, Case Study B, illustrates the application of a hybrid AI-BDA model 

in financial risk assessment [3]. By integrating machine learning algorithms with large-

scale data processing techniques, this model enabled the identification of high-risk 

patterns and the formulation of proactive mitigation strategies. The implementation of 

this solution led to a 25% decrease in risk exposure, underscoring the value of AI-BDA 

models in enhancing decision-making accuracy within the financial sector. 

Furthermore, Case Study C addresses the healthcare domain, where AI-BDA models 

were utilized for patient outcome prediction and resource allocation [6]. By analyzing vast 

datasets comprising patient histories, treatment protocols, and real-time monitoring data, 

the model provided actionable insights that improved patient care and optimized 

resource utilization. As reported in Table 4, this case study achieved a 40% improvement 

in patient recovery rates, demonstrating the potential of AI-BDA models to drive 

innovation in critical areas such as healthcare. 

These examples collectively highlight the versatility and efficacy of AI-BDA models 

in solving diverse decision-making problems. The data presented in Table 4, including 

columns such as 'Case Study Name', 'Problem Addressed', 'Solution Approach', and 

'Outcome Metrics', provides a comprehensive overview of the measurable benefits 

achieved across different sectors. By leveraging the capabilities of AI and BDA, 

organizations can achieve enhanced predictive accuracy, operational efficiency, and 

strategic decision-making, paving the way for intelligent solutions to complex challenges. 

4. Comparison & Challenges 

4.1. Comparative Analysis of Models 

The comparative analysis of integrated AI-BDA models reveals significant variations 

in their efficiency, scalability, and adaptability, as detailed in Table 5. The table provides 

a structured overview, with columns including 'Model Name', 'Efficiency (%)', 'Scalability 

(Data Volume)', and 'Adaptability (Use Cases)'. For instance, Model A demonstrates an 

efficiency of 90%, scalability up to 1TB of data, and adaptability across five distinct use 

cases, making it highly versatile for diverse applications. In contrast, Model B achieves 85% 

efficiency, supports scalability up to 500GB, and is adaptable to three use cases, indicating 

a more constrained operational scope. 

Table 5. Comparative Analysis of AI-BDA Models 
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Model 

Name 

Efficiency 

(%) 

Scalability 

(Data Volume, 

TB) 

Adaptability 

(Use Cases) 

Trade-off Insights 

Model 

A 

90.0 ± 0.5 1.0 ± 0.1 5 Excels in all dimensions, 

suitable for diverse 

applications. 

Model 

B 

85.0 ± 0.4 0.5 ± 0.05 3 Balanced performance 

but constrained 

scalability and 

adaptability. 

Model 

C 

88.5 ± 0.3 0.8 ± 0.08 4 Strong efficiency and 

adaptability, moderate 

scalability. 

Model 

D 

82.0 ± 0.6 1.5 ± 0.2 2 Prioritizes scalability, 

limited adaptability for 

dynamic environments. 

Model 

E 

87.0 ± 0.5 0.6 ± 0.07 3 Moderate efficiency and 

adaptability, suitable for 

mid-range tasks. 

The efficiency metric highlights the computational performance of each model, with 

higher percentages reflecting optimized resource utilization and faster processing times. 

Scalability, measured in data volume, underscores the capacity of models to handle 

increasing data loads without compromising performance. Adaptability, defined by the 

number of use cases, evaluates the flexibility of models to address varied decision-making 

scenarios [2]. Models with higher adaptability scores are better suited for dynamic 

environments requiring multi-domain functionality. 

As observed in Table 5, the trade-offs between these metrics are evident [8]. While 

Model A excels in all three dimensions, other models may prioritize specific attributes, 

such as scalability over adaptability, depending on their design objectives. These 

differences underscore the importance of aligning model selection with the specific 

requirements of intelligent decision-making tasks, ensuring optimal performance across 

targeted applications. 

4.2. Challenges in Integration 

The integration of artificial intelligence (AI) and big data analytics (BDA) for 

intelligent decision-making presents several critical challenges that must be addressed to 

ensure effective implementation. One of the foremost concerns is data privacy, as the 

aggregation and analysis of vast amounts of sensitive information often raise significant 

risks related to unauthorized access, data breaches, and misuse. Organizations must 

navigate complex regulatory landscapes while implementing robust mechanisms to 

safeguard user data, which can be particularly challenging when operating across 

multiple jurisdictions with varying legal requirements [1]. 

Ethical considerations further complicate the integration process. The deployment of 

AI models in decision-making systems often involves opaque algorithms, which can lead 

to biases and unfair outcomes if not carefully managed. Ensuring transparency, 

accountability, and fairness in AI-driven decisions requires the development of 

explainable AI systems and the establishment of ethical guidelines that prioritize societal 

well-being over purely technological or economic gains. 

Technical scalability also remains a significant hurdle [2, 10]. The processing and 

analysis of large-scale, heterogeneous datasets demand substantial computational 
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resources and advanced infrastructure. Many organizations struggle to scale their systems 

to accommodate the increasing volume, velocity, and variety of data generated in real-

time environments. Additionally, the integration of AI and BDA often requires seamless 

interoperability between diverse platforms and tools, which can be hindered by 

fragmented technological ecosystems and a lack of standardized protocols. Addressing 

these challenges is essential for unlocking the full potential of AI and BDA in intelligent 

decision-making. 

5. Future Perspectives 

5.1. Emerging Trends 

The integration of artificial intelligence and big data analytics is poised to benefit 

significantly from several emerging technological trends. Quantum computing represents 

a transformative advancement, offering unparalleled computational power that can 

accelerate complex data processing tasks and optimize decision-making models. This 

capability is particularly promising for handling the vast and intricate datasets 

characteristic of AI-BDA systems. Federated learning is another critical development, 

enabling decentralized model training across distributed data sources while preserving 

data privacy [9]. By mitigating the need for centralized data aggregation, federated 

learning addresses key concerns related to data security and regulatory compliance, 

fostering broader adoption of AI-driven analytics. Additionally, advancements in data 

encryption techniques are enhancing the robustness of secure data exchange within 

integrated systems. These encryption methods ensure the confidentiality and integrity of 

sensitive information, even in highly interconnected environments [12]. Together, these 

trends are reshaping the landscape of AI-BDA integration, paving the way for more 

efficient, secure, and scalable intelligent decision-making frameworks. 

5.2. Predictive Analysis of Future Developments 

The integration of artificial intelligence (AI) and big data analytics (BDA) is 

anticipated to experience significant growth across industries over the next decade, driven 

by advancements in computational capabilities, data accessibility, and algorithmic 

sophistication. Predictive models leveraging Python-based frameworks have been 

instrumental in forecasting these trends, utilizing historical adoption rates and sector-

specific data to project future trajectories. By employing machine learning algorithms such 

as linear regression, time series analysis, and neural networks, these models predict a 

steady increase in AI-BDA adoption, with compounded annual growth rates varying 

across sectors such as healthcare, finance, manufacturing, and retail [10]. 

The analysis suggests that industries with high data intensity and decision-making 

complexity will lead the adoption curve, driven by the demand for real-time insights and 

automation. Python's versatility in handling large datasets and its extensive libraries for 

predictive analytics, such as TensorFlow, Scikit-learn, and Pandas, has made it a preferred 

tool for such projections [11]. These trends underscore the transformative potential of AI-

BDA integration in shaping intelligent, data-driven decision-making processes across 

diverse domains. 

6. Conclusion 

6.1. Summary of Findings 

The review highlights the transformative potential of integrated artificial intelligence 

(AI) and big data analytics (BDA) models in enabling intelligent decision-making across 

diverse domains. These models leverage the strengths of AI in pattern recognition, 

predictive modeling, and automation, while harnessing the vast, complex datasets 

processed through BDA techniques. Key insights reveal that such integration facilitates 

enhanced decision accuracy, scalability, and adaptability, particularly in dynamic and 

data-intensive environments. However, significant challenges persist, including issues 

related to data quality, computational complexity, model interpretability, and ethical 

considerations such as bias and privacy. Addressing these challenges requires 
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interdisciplinary approaches, robust frameworks, and continuous advancements in both 

AI and BDA technologies to fully realize their synergistic potential for decision-making 

applications. 

6.2. Final Thoughts 

The integration of artificial intelligence and big data analytics represents a 

transformative frontier in intelligent decision-making, offering unprecedented 

opportunities to address complex challenges across diverse domains. Continued research 

and development in this field are essential to harness its full potential, as advancements 

in algorithmic design, data processing capabilities, and interpretability frameworks will 

enable more robust, scalable, and ethical solutions. By fostering interdisciplinary 

collaboration and leveraging emerging technologies, researchers can drive innovation 

that not only enhances decision-making processes but also ensures adaptability to 

evolving societal and technological demands. Sustained efforts in this domain will 

contribute to the creation of systems that are not only intelligent but also transparent, 

equitable, and aligned with broader human and environmental goals. 

References 

1. V. S. Magomadov, "The application of artificial intelligence and Big Data analytics in personalized learning," J. Phys.: Conf. Ser., 

vol. 1691, no. 1, p. 012169, Nov. 2020. 

2. A. M. Rahmani et al., "Artificial intelligence approaches and mechanisms for big data analytics: a systematic study," PeerJ 

Comput. Sci., vol. 7, p. e488, 2021. 

3. A. Deshpande and M. Kumar, Artificial Intelligence for Big Data: Complete Guide to Automating Big Data Solutions Using 

Artificial Intelligence Techniques. Birmingham: Packt Publishing Ltd., 2018. 

4. S. Almanasra, "Applications of integrating artificial intelligence and big data: A comprehensive analysis," J. Intell. Syst., vol. 33, 

no. 1, p. 20240237, 2024. 

5. P. V. Thayyib et al., "State-of-the-art of artificial intelligence and big data analytics reviews in five different domains: a 

bibliometric summary," Sustainability, vol. 15, no. 5, p. 4026, 2023. 

6. B. C. C. Marella et al., "A Comparative Analysis of Artificial Intelligence and Business Intelligence Using Big Data Analytics," 

in 2025 First Int. Conf. Adv. Comput. Sci., Electr., Electron., Commun. Technol. (CE2CT), pp. 1139-1144, Feb. 2025. 

7. V. Winata, "Optimizing Big Data Processing Through Artificial Intelligence: A Systematic Literature Review," Aira (Artif. Intell. 

Res. Appl. Learn.), vol. 1, no. 2, pp. 1-9, 2022. 

8. A. H. Gandomi, F. Chen, and L. Abualigah, "Big data analytics using artificial intelligence," Electronics, vol. 12, no. 4, p. 957, 

2023. 

9. A. M. Sandoval and T. Redondo, "Text analytics: the convergence of big data and artificial intelligence," IJIMAI, vol. 3, no. 6, pp. 

57-64, 2016. 

10. R. Remala et al., "Enhancing Big Data Analytics With Artificial Intelligence: Innovative Techniques And Applications In Various 

Sectors," in 2024 Int. Conf. Intell. Comput. Emerg. Commun. Technol. (ICEC), pp. 1-6, Nov. 2024. 

11. K. Kalinaki, U. Yahya, O. A. Malik, and D. T. C. Lai, "A review of big data analytics and Artificial Intelligence in Industry 5.0 

for smart decision-making," Human-centered approaches in industry 5.0: Human-machine interaction, virtual reality training, 

and customer sentiment analysis, pp. 24-47, 2024. 

12. M. A. Hamza et al., "Big Data Analytics with Artificial Intelligence Enabled Environmental Air Pollution Monitoring 

Framework," Comput. Mater. Continua, vol. 73, no. 2, 2022. 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual 

author(s) and contributor(s) and not of Publisher and/or the editor(s). Publisher and/or the editor(s) disclaim responsibility for any 

injury to people or property resulting from any ideas, methods, instructions or products referred to in the content. 


	1. Introduction
	1.1. Background and Scope
	1.2. Significance of Integrated Models
	1.3. Historical Overview
	1.3.1. Evolution of Artificial Intelligence
	1.3.2. Advancements in Big Data Analytics


	2. Core Theme A: Ai-bda Integration Frameworks
	2.1. Architectural Models
	2.2. Algorithmic Innovations

	3. Core Theme B: Applications of Ai-bda Models
	3.1. Industry-specific Applications
	3.2. Case Studies

	4. Comparison & Challenges
	4.1. Comparative Analysis of Models
	4.2. Challenges in Integration

	5. Future Perspectives
	5.1. Emerging Trends
	5.2. Predictive Analysis of Future Developments

	6. Conclusion
	6.1. Summary of Findings
	6.2. Final Thoughts

	References

