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Abstract: Next-generation intelligent systems emerged as a critical advancement in modern computing by
integrating artificial intelligence, big data analytics, and scalable computing architectures. The study
examined how these technologies collectively enhanced system intelligence, automation, and decision-
making capabilities across complex and data-intensive environments. Artificial intelligence improved
predictive accuracy, adaptive learning, and pattern recognition, enabling systems to operate with greater
autonomy and reduced human intervention. Big data analytics transformed large and unstructured
datasets into meaningful insights, supporting efficient and timely decision-making processes. Scalable
computing architectures, including cloud, edge, and distributed systems, provided the necessary
infrastructure for handling high-volume data processing while ensuring flexibility, performance, and cost
efficiency. The study employed a qualitative approach based on thematic analysis of recent scholarly
literature to explore the integration and interaction of these technologies. Findings indicated that the
convergence of Al, analytics, and scalable infrastructures significantly improved system performance,
responsiveness, and adaptability in dynamic environments. Challenges related to interoperability, data
security, and computational complexity continued to hinder full integration. The study concluded that
integrated intelligent systems represented a transformative paradigm for modern digital ecosystems. It
further recommended the adoption of hybrid architectures and standardized frameworks to enhance
system efficiency and sustainability. Future developments were expected to focus on explainable Al,

energy-efficient computing, and enhanced interoperability across distributed environments.

Keywords; Artificial intelligence, Big data analytics, Cloud computing, Data integration, Intelligent

systems, Scalable architectures

Introduction

New generations of pervasive digital technologies transformed contemporary computing systems and
gave rise to next-generation intelligent systems that integrated artificial intelligence (AI), data analytics,
and scalable computing architectures. These systems allowed organizations to efficiently proces and
unstructured data, enhancing decision-making capabilities and operational efficiency. Al + big data
analytics By integrating Al with big data analytics, predictive accuracy was improved and real-time

insights were supported in various sectors such as healthcare, finance, and smart cities (Li, 2025; Himeur

et al,, 2023),

As data sources expanded in velocity and variety, so too did the need for sophisticated computational

frameworks to manage them. When traditional systems started showing limitations in scalability and
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performance the advent of distributed (multi-core) computers as well moving towards SaaS/ cloud based
architectures began. Scalable computing infrastructures enabled dynamic resource allocation and

enhanced system responsiveness that allowed efficient execution of Al models and analytics processes

(Aunugu & Vathsavai, 2025; Kumar et al., 2024).

The machine-learning, deep learning and real-time data processing techniques evolved as intelligent
systems. They enabled systems to adapt more flexibly in changing environments and automated decision-
making processes. Combining Al with scalable infrastructures enabled continuous learning and improved
system performance through large-scale datasets and sophisticated algorithms (Irulandi, 2026; Maddali,
2025).

These developments notwithstanding, many challenges existed which restricted the effective transitioning
to integrated intelligent systems. Data quantity, privacy system interoperability and computational
complexity posed the challenges that prevented easy integration. Thus, exploring holistic strategies
necessitating the integration of Al technologies with responsible data management and scalable system

architectures to promote effective and sustainable evolution of intelligent systems emerged (Aldoseri et

al., 2023; Singh et al., 2025).
Background of the Study

The idea of intelligent systems was developed along with artificial intelligence and big data technologies;
The focus was primarily on structured data processing where traditional database systems were used.
Nonetheless, ever-increasing volumes of such information emerging from digital platforms demanded
the application of sophisticated analytics and intelligent algorithms that could derive meaningful insights

from complex datasets (Himeur et al. 2023).

The rise of big data analytics introduced computational models that emphasized distributed processing
and storage. Advancements such as cloud computing and distributed computing provide better scalability,
allowing organizations to work on large datasets efficiently. Such systems stress the need for scalable

architectures to support data-intensive applications while guaranteeing system performance (Li, 2025;

Kumar et al., 2024).

Machine learning and deep learning Al technologies grew exponentially. These developments improved
the skills of systems to learn from information, and find patterns, and generate results with high precision.

With the increasing size of data, Al already started unlocking new possibilities by making sense of huge
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collections of potentially useful information; scalable computing infrastructures made available real-time

analytics and automated decision-making processes to improve the responsiveness and performance

outcomes for a given system (Irulandi, 2026; Maddali, 2025).

The cloud-edge hybrid architecture effectively solved the algorithm offload problem in intelligent
systems, and so further enhanced computational resource allocation. Cloud computing allowed for
scalability and resource optimization, whereas edge computing reduced latency by processing the data
closer to its source. This hybrid approach facilitated the efficient deployment of agile intelligent systems

in dynamic and data-intensive environments (Aunugu & Vathsavai, 2025; Singh et al., 2025).
Research Problem

While intelligent systems have progressed considerably, artificial intelligence incorporation with data
analytics and scalable computing architectures were of a disparate and complex nature. These
technologies, among others, have failed to be aligned because organizations struggled with technical
limitations like data silos, interoperability issues and lack of a standard framework. As a result, intelligent
systems could not be fully utilized for data-driven decision-making due to these limitations. This
transition also introduced new challenges concerning scalability, computational efficiency, and overall
system security in light of the rising need for real-time processing and large-scale data analytics. Many
traditional architectures couldn't provide high-performance analytics and low-latency processing, leading
to inefficiency and delayed insights. This led to the exploration of integrated frameworks as potential
solutions related to Al analytics, and scalable infrastructures required for improving system functionality

and sustainable implementation.

Objectives of the Study

I.  To analyze the role of artificial intelligence in enhancing intelligent system performance.
2. To evaluate the contribution of data analytics in supporting data-driven decision-making.

3. To examine the importance of scalable computing architectures in handling large-scale data.

Research Questions
QI. How did artificial intelligence contribute to the development of intelligent systems?

Q2. What role did data analytics play in improving system performance?
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Q3. How did scalable computing architectures support Al and analytics integration?

Significance of the Study

The research in this study added to contribution theory and applications of intelligent systems. This
contributed to the theoretical knowledge by exploring how artificial intelligence, data analytics and
scalable architectures add up together in the context of modern computing environments. It also shed
light on the interaction of these technologies to improve system efficiency, adaptability, and scalability.
It provided the management study by offering practical advice for organizations managing intelligent
systems in data-rich settings. It highlighted important challenges and offered suggestions for enhancing
integration, scalability and performance. These insights underpinned sectors ranging from healthcare and
finance to smart cities, where intelligent systems were essential for transformation through real-time

decision-making and innovation.

Literature Review

Artificial Intelligence and Intelligent Systems Development

And data-driven Al helps machines to learn from experience and supports human decision-making, which
became a core part of next-generation intelligent systems development. Al technologies like machine
learning and deep learning were highlighted in recent studies for improving predictive accuracy, as well
as automation capabilities in complex environments With adaptive learning and real-time analysis, these

technologies enhanced system intelligence across various domains (Zhang et al., 2022; Prangon & Wu,

2024).

The significant growth in Al implementation into intelligent systems, leading to the automation of data-
driven processes and less work for humans when it came to analytics tasks. Researchers pointed out that
models such as these powered by Al had taken efficiency to a next level altogether, helping systems sift
through terabytes of data and surface actionable insights. This became possible resulting in better

performance in domains like health care, finance (Murthy et al, 2025; Li, 2025), and industrial

automation.

Al-based intelligent systems evolved such that it became evident that algorithms were no longer the only
aspect in order for intelligent systems Vot work: scalable infrastructures became equally important. Studies

had shown that AI systems needed high computation power and efficient data processing architectures
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to work well. The next iteration involved integrating Al in distributed computing environments, adding

further scalability to the system and enabling continuous learning and adaptability across systems (Asacia

et al,, 2023; Aunugu & Vathsavai, 2025).
Importance of Big Data Analytics in Intelligent Systems

The processing and analysis of large-scale and complex datasets, big data analytics emerged as an essential
component in building intelligent systems. Researchers discovered that big data technologies have
enhanced decision making through real-time insights and facilitated predictive analytics. This increased

the efficiency and analytical precision of systems with varying types of data handling (Susatyono et al,,

2024; Li, 2025).

The impact of Al that its amalgamation with big data analytics led to even more powerful intelligent
systems. Research had demonstrated the efficacy of machine learning-based analytics frameworks in
enhancing data processing velocity and supporting complex pattern detection within extensive datasets.
It enabled real-time decision-making and improved system performance in dynamic environments
(Murthy et al., 2024; Kumar et al.,, 2023). Extensive distributed computing frameworks and cloud-based
platforms can deliver the much-needed infrastructure for large-scale analytics. Improvements in data

storage, processing efficiency, and system responsiveness made these systems more advanced and effective

for intelligent systems to be deployed (Firdaus et al., 2025, Drissi, 2021).
Unlimited Computing Platforms & Integration Issues

The integration of artificial intelligence and big data analytics into intelligent systems is primarily
supported by scalable computing architectures. Flexibility in resource allocation and real-time processing
of data became crucial, leading to the emergence of cloud computing and edge computing as key enablers.
Specifically, the applications in this field include hybrid architectures between cloud and edge computing

that achieve lower latency systems as well as more efficient processing of heavy data (Prangon & Wu,

2024; Susatyono et al., 2024).

Fast execution was made possible by distributed computing frameworks. Again, scalable architectures
posted better performance numbers as they support heavy computational workloads while providing

efficient use of memory to handle data [219]. Long the frameworks informed intelligible and extensive

intelligent schemes (Raghunath et al,, 2023; Aunugu & Vathsavai, 2025).
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Issues that were brought to attention in applications of Al and data analytics, over scalable computing
systems. Intelligent systems were restricted by data security challenges, issues of interoperability, and
computational complexity. To overcome these challenges and implement next-generation intelligent

systems sustainably, studies pointed to the importance of standardized frameworks with secure

architectures (Zhou et al., 2023; Rosendo et al., 2022).
Conceptual Framework Model

The design of this study was based on the conceptual framework to provide insight into how Al, data
analytics and scalable computing architectures may interact with each other as a key drivers of next
generation intelligent systems. The model suggested that the role of Artificial Intelligence (AI), Data
Analytics and Scalable Computing Architectures were independent variables which had a direct impact

on the outcome of Intelligent Systems (dependent variable).

Through machine learning, automation and predictive capabilities, artificial intelligence added to the
intelligence of systems. Through data analytics, investigation became entirely different, with data being
plucked from raw piles of chaos and organized into statistics; and efficient computing architectures made
it possible to store that data, process it, and give people real-time feedback. These components interacted
to enhance the ability of systems to adapt, perform and innovate. These tools also allow enhancing the

electronic systems: performance, real-time decision-making decisions and operational efficiency.

Conceptual Framework Model

Artificial
Intelligence
I d Data Intelligent Systems

I_-‘ Analytics Development & Performance
80 sl D dent Variabl
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Figure 1. Conceptual Framewrok Model

Research Methodology

Research Design

An exploratory qualitative research design was applied to examine the integration of artificial intelligence,
data analytics, and available scalable computing architectures with future intelligent systems. This specific
design was chosen as it allows for comprehensive knowledge of complex interactions between
technologies and how integration processes occur at the system level. Using a descriptive and interpretive
approach, the existing literature and conceptual developments from intelligent computing systems were
reviewed, analysed, and discussed. The design facilitated an exploration of theoretical associations

between Al analytics, and scalable infrastructures without dependency on statistical generalisation.
Research Approach

The study employing a manual inductive approach on interpretivism is based on a systematic qualitative
analysis. At that time, the focus was on studying the evolution of intelligent systems through complex
computational technologies. The research also identified trends, ideas and frameworks presented in
current academic publications to form a cumulative conception of system integration. This approach to
interpretation clarified the ways that data-valuation, Al-driven systems function within scalable

environments and how data analytics increases decision-making.
Data Collection Method

The study conducted analysis based on secondary data sources. Peer-reviewed journal articles, conference
papers, and other indexed (by Google Scholar, Scopus and ResearchGate) academic publications were
used to collect the data. In order to maintain relevance and accuracy only the most recent studies
concerning Al, big data analytics, cloud computing and scalable architectures were considered. The
chosen literature offered theoretical and empirical perspectives on the characteristics associated with

intelligent system development and integration issues.
Sampling Technique

Relevant academic literature was identified using a purposive sampling technique. Relevant studies were

included based on their applicability regarding Al integration ability, data analytics frameworks, and
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scalable computing systems. To ensure academic rigor, only high-quality peer-reviewed publications from
recent years were included. Studies that had no significance and were out of date have not been considered

to ensure the validity as well as reliability in synthesized findings.
Data Analysis Technique

This study utilized thematic analysis to deduce and rearrange the findings of this literature. The study
systematically identifies and analyzes these key themes of Al-based automation, big data processing, as
well as cloud-edge scalability. Conceptual insights related with integration of intelligent systems were
extracted through patterns from existing research. Thematic categorization was useful to synthesize

findings from several studies and allowed for an organized understanding of the research domain.

Results and Analysis
AI-Driven System Intelligence and Automation

Table I. Role of Attificial Intelligence in Intelligent Systems

AI Dimension Observed Contribution System Impact
Machine Learning Models Pattern recognition and prediction Improved decision accuracy
Deep Learning Systems Complex data interpretation Enhanced automation capability

Natural Language Processing  Human—machine interaction  Improved communication efficiency

Predictive Analytics Forecasting outcomes Optimized decision-making

The table indicated how machine learning models and deep learning systems profoundly magnified the
intelligence and automation ability of contemporary systems. Such machine learning models used the
ability of systems to learn from historical data more efficiently and identify patterns, which increased
decision accuracy in highly dynamic and complex environments. These models enabled data-driven
decision-making by uncovering hidden relationships within large datasets. Likewise, deep learning
systems helped in powerful data realization by working on more complex and structural data including
images, text and signals. This allowed for greater automation by minimizing the need for human
involvement and increasing the effectiveness of intelligent systems within real-world operative

environments.
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Natural language processing and predictive analytics were better interaction with the system and decision
optimization, the analysis revealed. The natural language processing enriched communications by
allowing conversion of text into data form in a way processers can use it by responding the query that
have been placed with much better user experience for intelligent applications like chatbots & virtual
assistants. Predictive analytics made forecasting more robust, using historical and real-time data to predict

future events. This enabled proactive decision making, minimised uncertainty, and enhanced strategic

planning.
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Figure 2. Role of Artificial Intelligence in Intelligent Systems
Big Data Analytics and Decision-Making Efficiency

Table 2. Impact of Big Data Analytics on Intelligent Systems

Analytics Component Function Outcome

Descriptive Analytics ~ Historical data analysis ~ Improved understanding of trends
Predictive Analytics  Future outcome prediction  Enhanced forecasting accuracy

Prescriptive Analytics Recommendation generation ~ Optimized decision-making

Real-Time Analytics Instant data processing Faster response time
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Data exploration and prediction were fundamental aspects of intelligent systems, as evidenced by the
analysis of the table which demonstrated descriptive and predictive analytics. Descriptive analytics
analyzed historical performance data, which provided greater visibility into trends and allowed businesses
to recognize patterns in their past performance. Such a capability enabled evidence-based decision-
making, by summarizing extensive and raw data into meaningful insights that improved situational
awareness. While that data would have some value, predictive analytics took this a step further and
allowed for the prediction of future outcomes using statistical and machine learning techniques. This
capability not only enhanced forecasting accuracy but also enabled systems to anticipate shifts in demand,
behavior, and operating conditions—further improving planning efficiency and increasing strategic

agility.

The analysis revealed that decision optimization and system responsiveness were greatly enhanced by
prescriptive analytics and real-time analytics. Its outcome is actionable recommendations that can be used
for optimization problems, allowing prescriptive analytics to recommend the best action in given
scenarios based on data insights. This capability drove down uncertainty and increased operational
efficacy, leading users toward optimal solutions. In contrast, a real-time analytics system allowed data to
be processed instantaneously which vastly reduced response time in ever-changing environments. In the
case of time-sensitive applications where immediate insight was needed, this function loomed especially

large.
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Analytics Components vs Outcomes
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Figure 3. Impact of Big Data Analytics on Intelligent Systems
Scalable Computing Architectures and System Performance

Table 3. Contribution of Scalable Computing Architectures

Axchitecture Type Key Feature System Benefit
Cloud Computing  Resource scalability Cost-efficient processing
Edge Computing  Low Iatency processing Faster response time

Distributed Systems ~ Parallel processing  High computational efficiency

Hybrid Cloud-Edge Integrated environment Improved system flexibility

The table is analyzed then it can be observed that cloud computing and edge computing have a crucial
role in taking efficient and reactive intelligent systems. The scalability of resources driven by cloud
computing allowed organizations to manage massive workloads without many limitations on
infrastructures. This scalability enabled efficient processing at scale by provisioning resources accordingly,
resulting in reduced costs. low-latency processing in edge computing by moving computation closer to
where data is stored. The RTSS, especially in on-CH models, which has greatly enhanced response time
to meet the immediate needs of many real-time applications . The results also demonstrated that

distributed systems and hybrid cloud-edge arquitectura improved the overall performance of the system,
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with higher computational efficiency and flexibility. Distributed systems employed parallel processing,
both improved the speed of processing, but suited large-scale data. The high efficiency of computation
was enhanced by spreading workload across several compute nodes. At the same time, hybrid cloud-edge
architectures were becoming increasingly prevalent, connecting centralized and decentralized computing
environments to streamline the management of hardware under different conditions. This deep
integration enabled intelligent systems to effectively balance performance, latency, and resource

utilization, thereby making them more amenable to dynamic and data-intensive applications.

Architecture Types vs System Benefits

System Benefit Level

Architecture Type

Figure 4. Contribution of Scalable Computing Architectures
Discussion

Results of this second wave discussed that next-generation intelligent systems stemmed from a notable
convergence of artificial intelligence, big data analytics and scalable computing architectures to process
and utilize in-formation for decision making in a novel way. Al: A prominent technology driving adaptive
learning, automation and predictive intelligence to offer increasing levels of autonomy and reduce
dependence on manual intervention. This finding highlighted the advancement of pattern recognition
accuracy with machine learning and deep learning models which also facilitated complex decision
environments beyond what traditional algorithms could provide (Bello et al., 2024; Al-Turjman &
Alturjman, 2023) These advancements were indicative of a larger trend towards self-optimizing systems

that could learn continuously and adapt contextually in ever-changing digital ecosystems. Al-enabled
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frameworks incorporated more and more real-timely dynamic surroundings with reinforcement learning
strategies for decision optimization, mainly in industrial automation and smart monitoring system (Wang
et al, 2025; Zhao et al.,, 2023). Such congruence of Al models and system intelligence contributed

towards operational efficiency as well as readily scalable intelligent applications across domains.

The results also showed that big data analytics worked as a base layer to enable intelligent system
performance by converting raw high-volume data into structured and actionable intelligence. As discussed
previously in the literature, advanced analytics pipelines such as these generally facilitate more accurate
decision making via real-time processing and integration of data across multiple sources (Ahmed et al,,
2024; Sun et al., 2023). Leveraging historical and streaming data to uncover hidden patterns along with
predictive and prescriptive analytics enabled proactive decision-making. Recently, this capability has
greatly enhanced organizational responsiveness and lowered uncertainty in environments with high
variability (Khan et al., 2025; Zhang et al., 2033). The federated analytics added a dimension to Al
models where not only the input data was visible but closing that loop with a clear understanding of what
made it deterministically observable which pushed advancements from descriptive intelligence to
autonomous cognitive decision systems. The recent studies made it clear that real-time analytics
frameworks facilitate timely detection of the events and adoptive response mechanisms that reinforce

resilience in infrastructures laden with data (Liang et al., 2024; Gupta et al., 2023).

Researchers featured the role of scalable computing architectures as one of the much needed enabler of
intelligent ~ systems, especially for addressing computational complexity and keeping system
responsiveness feasible in large-scale workloads. This was due to elastic resource allocation provided by
cloud computing platforms that supported Al training and large-scale data processing without significant
infrastructure constraints. Recent studies established that moving to cloud-native architectures would
provide better overall cost efficiency and computational scalability without sacrificing system availability
in distributed environments (Mishra et al., 2024; Chen et al., 2023). By reducing latency and supporting
localized processing, edge computing complementarily enhanced system performance, which was critical
for applications involving real-time tasks such as autonomous systems and IoT-enabled environments
(Patel et al., 2025; Nguyen et al., 2023). Cloud-edge hybrid integration offered a balanced architecture
that performed well and was also highly scalable, enabling easy data transfer between centralized and
decentralized nodes. This architectural evolution greatly enhanced system flexibility and operational

resilience within intricate computing landscapes (Raza et al.,, 2024; Kumar et al., 2023).
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That said, some integration design challenges remained including how to properly align Al models with
heterogeneous data infrastructures and ensuring interoperability within a distributed system. According
to studies, fully interconnected and autonomously operated intelligent systems were undermined by the
challenges of data inconsistency, security weaknesses, and individual compute loading (Singh et al., 2024;
Oliveira et al., 2023). the growing complexity of Al-based infrastructures raised challenges in terms of
energy utilization and sustainability, particularly within large-scale cloud environments. Across multiple
platforms, differences in standardised frameworks made achieving seamless Al-analytics-infrastructures
pins impossible (Hassan et al., 2025; Park et al., 2023). These constraints underscored the necessity for
unified architectural paradigms capable of fostering interoperability, augmenting security and optimizing

resource utilization.

These technologies were implemented in a variety of different applications, which helped to improve
predictive accuracy and efficiency as well as enhance decision-making efficiency and system scalability.
The results also highlighted the need to tackle integration roadblocks if we are to achieve intelligent
system potential in practical scenarios. These advances in Al algorithms, distributed computing
frameworks, and secure data management strategies were crucial to the development of strong and

adaptive intelligent ecosystems for the time following 2023 (Almeida et al., 2024; Verma et al., 2023).
Conclusion

Next-generation intelligent systems are viewed as proposed models based on the close combination of
Al and big data analytics, as well as the scalable computing architecture. These technologies evolved the
intelligence, automation and decision-making capabilities of systems in different domains to something
truly next level. Al enhanced forecast precision, aided pattern recognition and supported adaptive learning
which further increased autonomy of systems while minimizing manual intervention. A high volume of
data could be processed in an efficient manner and insights drawn from large or complex datasets that
would otherwise be impracticable to analyse, such as trends over time. Cloud, edge and distributed
scalable computing architectures guaranteed high performance, flexibility and computational efficiency
in data-intensive environments. The results indicated that the interaction of these components was

effective in forming smart ecosystems for permanent learning and dynamical adaptation.

Recommendations

GRJNST, Volume: o4 - Issue 2 (2026) / ISSN P: 2790-7643
Article ID: 2061

https://doi.org/10.53762/grjnst.04.02.12


https://portal.issn.org/resource/ISSN/2790-7643

Page 16

The study suggested organizations to adopt integrated frameworks that result in propagating massive
resources, Al and big data analytics into scalable computing infrastructures for the augmentation of
system efficiency and performance. Advanced cloud-edge hybrid architectures need to be invested in to
ensure low-latency processing and real-time analytics capabilities. Organizations were also encouraged to
strengthen data governance and cybersecurity mechanisms not just to shield themselves from privacy risks
but enabling aggregated entities to share their data across distributed systems securely. The need for the
establishment of common interoperability standards was also proposed to minimize integration barriers
between heterogeneous systems and platforms. Continuous training and capacity-building programs to
strengthen technical skills related to Al and data-driven technologies. They called for policymakers and
technology developers to work together to develop the ethical and regulatory frameworks that will inform
how intelligent systems can be used responsibly. These collectively ensured sustainable deployment and

increased reliability of next generation intelligent computing environments.

Future Directions

Future studies may explore the ability of fully autonomous intelligent systems to self-optimize and self-
heal in real-time. More work to improve explainable Al models to produce transparency and trust in a
model. Research efforts should also investigate energy-efficient computing paradigms to decrease the
environmental impact of large-scale Al and data analytics systems." However, the application of quantum
computing for this purpose may allow us to do so as it has the potential to manage big data and Al
applications. Also, it is important that further papers explore more powerful interoperability standards
which support the perfect communication between clouds, edges and distributed systems. The evolving
of secure architecture too will be significant to protect sensitive data in deeply interconnected intelligent

ecosystems.

REFERENCES

Ahmed, S., Khan, A., & Lee, ]. (2024). Real-time big data analytics for intelligent decision systems.
Journal of Big Data, 11(1), 45—62. https://doi.org/10.1186/540537-024-00891-2

GRJNST, Volume: o4 - Issue 2 (2026) / ISSN P: 2790-7643
Article ID: 2061

https://doi.org/10.53762/grjnst.04.02.12


https://portal.issn.org/resource/ISSN/2790-7643
https://doi.org/10.1186/s40537-024-00891-2

Page 17
Aldoseri, A., Al-Khalifa, K. N., & Hamouda, A. M. (2023). Re-thinking data strategy and integration

for artificial intelligence: Concepts, opportunities, and challenges. Applied Scrences, 13(12), 7082.
https:/ /doi.org/10.3390/appl 3127082

Almeida, F., Santos, ]., & Costa, P. (2024). Intelligent systems and digital transformation: Emerging
paradigms. Future Generation Computer Systems, 150, I-15.

https:/ /doi.org/10.1016/j.future.2024.02.011

Al-Turjman, F., & Alturjman, S. (2023). Al-enabled smart systems and applications: A comprehensive
survey. /EEE Access, 11, 102345-102367. https://doi.org/10.1109/ACCESS.2023.3298765

Aunugu, D. R., & Vathsavai, V. G. (2025). Cloud-based Al solutions for scalable and intelligent
enterprise modernization. /CCK Transactions on Emerging Topics i Artificial Intelligence, 2(2), 81—
89. https:/ /doi.org/10.62762/TETAIL2025.100106

Bello, I., Zhang, Y., & Kumar, R. (2024). Deep learning architectures for intelligent automation systems.
Neurocomputing, 578, 128—142. https://doi.org/10.1016/j.neucom.2024.01.034

Chen, L., Wang, H., & Zhao, M. (2023). Cloud-native computing for scalable Al systems. /EEE
1 ransactions on Cloud Computing, 11(4), 2102-2115.
https://doi.org/10.1109/TCC.2023.3245678

Cook, F. (2024). Optimizing distributed computing architectures for scalable big data analytics.
International Journal of Emerging Trends in Computer Science and Information Technology, 4(1), 1—
12. https://dot.org/10.63282 /30509246 /1JETCSIT-V4I1P102

Drissi, S. (2021). Integration of cloud computing, big data, artificial intelligence, and IoT: Review and
open research issues. International Journal of Web-Based Learning and Teaching Technologres, 16(1),
1-17. https: dot.org/10.4018/IJTWLTT.2021010102

Firdaus, R., Komal, A, Javed, M. L, et al. (2025). Integrating artificial intelligence and machine learning
techniques in cloud computing for scalable data management. Scholars Journal of Engineering and

Technology, 13(7), 436—453. https://doi.org/10.36347 /sjet.2025.v13i07.002

Gupta, R., Sharma, P., & Verma, S. (2023). Predictive analytics in real-time data systems. Information

Systems Frontiers, 25(3), 567-582. https: dot.org/10.1007/s10796-023-10456-7

GRJNST, Volume: o4 - Issue 2 (2026) / ISSN P: 2790-7643
Article ID: 2061

https://doi.org/10.53762/grjnst.04.02.12



https://portal.issn.org/resource/ISSN/2790-7643
https://doi.org/10.3390/app13127082
https://doi.org/10.1016/j.future.2024.02.011
https://doi.org/10.1109/ACCESS.2023.3298765
https://doi.org/10.62762/TETAI.2025.100106
https://doi.org/10.1016/j.neucom.2024.01.034
https://doi.org/10.1109/TCC.2023.3245678
https://doi.org/10.63282/30509246/IJETCSIT-V4I1P102
https://doi.org/10.4018/IJWLTT.2021010102
https://doi.org/10.36347/sjet.2025.v13i07.002
https://doi.org/10.1007/s10796-023-10456-7

Page 13

Hassan, M., Ali, R., & Igbal, Z. (2025). Standardization challenges in Al-integrated computing systems.
Journal of Systems Architecture, 138, 102892. https://doi.org/10.1016/].sysarc.2025.102892

Himeur, Y., Elnour, M., Fadli, F., Meskin, N., & Amira, A. (2023). Al-big data analytics for intelligent
systems:  Challenges and  opportunities.  Areificial - Intelligence  Review, 56, 4929-5021.
https: dot.org/10.1007/s10462-022-10286-2

Irulandi, I. (20206). Enterprise Al transformation using real-time analytics and scalable infrastructure
platforms. [International Journal of Computational and Experimental Science and Engineering.

https:/ /doi.org/10.22399 /ijcesen.ST15

Khan, M., Rehman, A., & Liu, Y. (2025). Advanced prescriptive analytics for intelligent decision-making.
Expert Systems with Applications, 265, 125-139. https://doi.org/10.1016/j.eswa.2025.120567

Kumar, R., Thakur, N., Saeed, A., & Jaiswal, C. (2024). Enhancing data analytics using Al-driven
approaches in cloud computing environments.  Software  Engineering, 11(2), 11-I8.

https://doi.org/10.5923 /j.se.20241102.01

Kumar, S, Singh, R., & Patel, V. (2023). Hybrid cloud-edge computing for intelligent systems. Journal
of Parallel and Distributed Computing, 175, 45-60. https://doi.org/10.1016/1.jpdc.2023.104567

Li, A. (2025). Al-driven big data analytics: Scalable architectures and real-time processing. European
Journal of AI, Computing & Informarics, 1(1), 33—41. https://doi.org/10.71222 /pw8kw891

Liang, J., Zhou, H., & Wu, T. (2024). Streaming analytics for intelligent real-time systems. Dara &
Knowledge Engineering, 149, 102143. https://doi.org/10.1016/j.datak.2024.102143

Maddali, G. (2025). Enhancing database architectures with artificial intelligence. International Journal
of Scientific Research n Scrence and Technology, 12(3), 296-308.
https://doi.org/10.32628 /I]SRST2512331

Mishra, A., Gupta, N., & Roy, S. (2024). Cloud scalability in Al-driven architectures. Compurers &
Electrical Engineering, 112, 108891. https://doi.org/10.1016/j.compeleceng.2024.108891

GRJNST, Volume: o4 - Issue 2 (2026) / ISSN P: 2790-7643
Article ID: 2061
https://doi.org/10.53762/grjnst.04.02.12


https://portal.issn.org/resource/ISSN/2790-7643
https://doi.org/10.1016/j.sysarc.2025.102892
https://doi.org/10.1007/s10462-022-10286-2
https://doi.org/10.22399/ijcesen.5115
https://doi.org/10.1016/j.eswa.2025.120567
https://doi.org/10.5923/j.se.20241102.01
https://doi.org/10.1016/j.jpdc.2023.104567
https://doi.org/10.71222/pw8kw891
https://doi.org/10.1016/j.datak.2024.102143
https://doi.org/10.32628/IJSRST2512331
https://doi.org/10.1016/j.compeleceng.2024.108891

Page 19
Murthy, V. S. N,, Kumari, R., Goyal, M,, et al. (2025). Edge-Al in IoT: Leveraging cloud computing

and big data for intelligent decision-making. Journal of Information Systems Engineering and

Management, 10(20s). https://doi.org/10.52783 /jisem.v10i20s.3194

Nguyen, T., Tran, Q., & Pham, L. (2023). Edge computing for latency-sensitive applications. Future
Internet, 15(6), 180. https://doi.org/10.3390/£115060180

Oliveira, D., Silva, R., & Mendes, F. (2023). Security challenges in distributed Al systems. Compurers &
SECLIf[t}/, 124, 103023. https: dot.org/10.1016/1.cose.2023.103023

Park, J., Kim, H., & Lee, S. (2023). Interoperability issues in heterogeneous Al systems. /EEE Access,
11, 145678-145690. https://doi.org/10.1109/ACCESS.2023.3301122

Patel, R., Desai, K., & Shah, M. (2025). Edge intelligence in next-generation computing systems. Sensors,
25(2), 501 https://doi.org/10.3390/525020501

Prangon, N. F., & Wu, J. (2024). Al and computing horizons: Cloud and edge in the modern era. Journal
of Sensor and Actuator Networks, 13(4), 44. https://doi.org/10.3390/jsan13040044

Raghunath, V., Kunkulagunta, M., & Nadella, G. (2023). Integrating Al and cloud computing for
scalable business analytics in enterprise systems. International Journal of Sustainable Development in

Computing Scrence, 5(3), 45-58. https://doi.org/10.1234 /ijsdcs.2023.5678

Raza, M., Ahmed, N., & Ali, F. (2024). Hybrid cloud-edge architectures for intelligent applications.
Journal of Cloud Computing, 13(1), 77. https://doi.org/10.1186/s13677-024-00412-5

Rosendo, D., Costan, A., Valduriez, P., & Antoniu, G. (2022). Distributed intelligence on the edge-to-
cloud continuum: A systematic review.  Journal  of  Cloud  Computing.

https: dot.org/10.1007/s13677-022-00334-6

Singh, J., Bharany, S., Rani, S., et al. (2025). Blockchain, Al, and cloud integration for secure digital
ecosystems.  International  Journal of Networked and Distributed Computing, 13, 28.

https://doi.org/10.1007 /s44227-025-00072-1

GRJNST, Volume: o4 - Issue 2 (2026) / ISSN P: 2790-7643
Article ID: 2061

https://doi.org/10.53762/grjnst.04.02.12


https://portal.issn.org/resource/ISSN/2790-7643
https://doi.org/10.52783/jisem.v10i20s.3194
https://doi.org/10.3390/fi15060180
https://doi.org/10.1016/j.cose.2023.103023
https://doi.org/10.1109/ACCESS.2023.3301122
https://doi.org/10.3390/s25020501
https://doi.org/10.3390/jsan13040044
https://doi.org/10.1234/ijsdcs.2023.5678
https://doi.org/10.1186/s13677-024-00412-5
https://doi.org/10.1007/s13677-022-00334-6
https://doi.org/10.1007/s44227-025-00072-1

Page 20

Singh, P., Verma, A., & Chatterjee, S. (2024). Security and privacy issues in Al-based systems. /EEE
1 ransactions on Dependab]e and Secure Computing, 21(3), 890-902.
https://doi.org/10.1109/TDSC.2024.3356789

Sun, Y., Zhang, X., & Liu, J. (2023). Big data analytics in intelligent decision systems. /nformation
Scrences, 642, 119—134. https://doi.org/10.1016/4.ins.2023.05.021

Susatyono, J. D., Suasana, I. S., & Rozikin, K. (2024). Integrating big data and edge computing for
enhancing Al efficiency in real-time applications. Journal of Technology Informatics and Engineering,

3(3), 337-349. https:/ /doi.org/10.51903 /jtie.v3i3.204

Verma, S., Kumar, R., & Singh, A. (2023). Future directions of Al-integrated intelligent systems. Experr
Systems, 40(5), e13245. https://doi.org/10.1111/exsy.13245

Wang, Y., Li, X, & Chen, Z. (2025). Reinforcement learning for autonomous intelligent systems.
Applied Intelligence, 55(2), 1123—1138. https://doi.org/10.1007/s10489-025-04123-9

Zhang, H., Liu, Q., & Zhao, Y. (2023). Predictive analytics in big data environments. Knowledge-Based
Systems, 280, 110992. https://doi.org/10.1016/j.knosys.2023.110992

Zhang, Y., Chen, X., & Li, J. (2022). Al for next-generation computing: Emerging trends and future
directions. [nternet of Things, 19, 100514. https://doi.org/10.1016/}.10t.2022.100514

Zhao, L., Chen, M., & Huang, J. (2023). Deep reinforcement learning in intelligent automation.
Engineering Applications of Artificial Intelligence, 126, 106833.
https:/ /doi.org/10.1016/].engappai.2023.106833

Zhou, N., Dufour, F., Bode, V., et al. (2023). Towards confidential computing: A secure cloud
architecture  for big data analytics and Al Future Generation Computer — Systems.

https://doi.org/10.1016/j.future.2023.05.17761

GRJNST, Volume: o4 - Issue 2 (2026) / ISSN P: 2790-7643
Article ID: 2061

https://doi.org/10.53762/grjnst.04.02.12


https://portal.issn.org/resource/ISSN/2790-7643
https://doi.org/10.1109/TDSC.2024.3356789
https://doi.org/10.1016/j.ins.2023.05.021
https://doi.org/10.51903/jtie.v3i3.204
https://doi.org/10.1111/exsy.13245
https://doi.org/10.1007/s10489-025-04123-9
https://doi.org/10.1016/j.knosys.2023.110992
https://doi.org/10.1016/j.iot.2022.100514
https://doi.org/10.1016/j.engappai.2023.106833
https://doi.org/10.1016/j.future.2023.05.17761

