
International Journal of Multidisciplinary Sciences and Technology         

ISSN: 3107-9911 | Volume 2 Issue 3, 1-12, July-September 2026   

DOI: https://doi.org/10.64137/31079911/IJMST-V2I3P101 

This work is an open access and licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License 

(https://creativecommons.org/licenses/by-nc-nd/4.0/) 

Received: 15/05/2026   Revised: 25/06/2026   Accepted: 28/06/2026   Published: 10/07/2026 

  

 

 

 

 

 

 

 
 

DR. MEGAVARSHINI 

Department of Emerging Technologies and Applied Sciences, University of British Columbia, Canada. 

 

ABSTRACT: AI and big data analytics are some of the most disruptive technologies that have changed how many industries 

operate in essential ways within the digital era. Organizations are now presented with unprecedented opportunities to exploit 

intelligent decision-making systems due to the rapid exponential growth of digital data being generated via Internet of Things 

(IoT) devices, cloud computing platforms, enterprise information systems, social media and mobile application technology, 

along with industrial automation. AI, including machine learning, deep learning and natural language processing, is 

extensively used to generate action-oriented knowledge from the huge structured and unstructured data with great enabling 

power. More specifically, Big Data Analytics offers scalable computational frameworks to analyze large-scale datasets 

characterized by higher volume, velocity, variety and veracity; therefore providing solutions that support predictive analytics, 

privacy-preserving data mining (PPDM) project infrastructure in the premises of operational intelligence and strategic 

planning. AI and Big Data Analytics: AI converges with big data analytics to enable intelligent digital transformation by 

infusing automated Learning and real-time, predictive modeling of raw data in enterprise operations with autonomous 

decision support. More and more organizations across healthcare, manufacturing, finance (including insurance), 

transportation services, both within industry segments in addition to edge applications that span education, skills development, 

agriculture, energy, retail, telecommunications, logistics and public administration increasingly depend on these intelligent 

technologies to improve operational efficiency, customer satisfaction, asset utilization, sustainability, cyber resilience, 

business productivity and competitiveness. This paper provides a systematic review of Artificial Intelligence-powered Big Data 

Analytics for smart digital transformation in multi-sector industries. We contend that the proposed architecture can be utilized 

to support enterprise-wide digitization through an integrated framework of heterogeneous data acquisition, cloud-edge 

computing infrastructure, and distributed storage solutions. Intelligent feature engineering and machine learning model 

development using deep learning optimization and explainable AI mechanisms for real-time decision support. Thus, to provide 

a solution for the continuously evolving needs of modern organizations, it stresses scalable data integration, learning 

capabilities via adaptive systems and automated knowledge discovery with predictive intelligence, along with continuous 

feedback optimization resulting in fast-paced organizational evolution. In addition, it fosters data governance and includes 

security measures to protect users' information privacy as well as trust in artificial intelligence through ethical barriers and 

regulatory mechanisms. It also explores the impact of artificial intelligence (AI) powered predictive analytics on supply chain 

management, predictive maintenance, fraud and anomaly detection, personalized customer services, medical diagnosis, smart 

manufacturing, intelligent transportation, precision agriculture, energy optimization, financial risk assessment, etc. It must be 

stated that system performance evaluation shows a significant improvement in prediction accuracy and operational efficiency 

with the use of AI along with Big Data Analytics, as it not only reduces computational latency but also improves decision-

making precision by reducing wastage of resources while accepting limitations shown across them. Experimental evidence 

suggests large increases in analytical accuracy, response times and scalability, as well as productivity gains in business 

intelligence generation between conventional data processing approaches versus the newer standards of digital transformation 

happening. In addition, the study also highlights contemporary technological difficulties such as data heterogeneity and 

distributional shifts in algorithms - as well as discussing important challenges of scalability-interoperability [15], privacy 

preservation-cybersecurity threats-intentional induction attack-explainable AI model-ethical issues-computational complexity-

costs-and skilled workforce limitations. Emerging applications: Emerging technologies for intelligent enterprise ecosystems 

around federated Learning, edge intelligence, digital twins, and blockchain-enabled data governance need to be identified in 

order to gain advantage from the adoption of explainable AI; autonomous analytics (insights) generation using explanations 

and generative AI. Overall, the proposed framework shows how Artificial Intelligence and Big Data Analytics can link to 

intelligent adaptive security-based sustainable digital transformation strategies that facilitate organizational long-term 

innovation-competitive advantage across different industrial domains. The results are useful for researchers, industry 

practitioners, policymakers and technology developers who aim to execute large-scale AI-based digital transformation 

projects that respond flexibly to the fluctuating business environment while promoting economic growth, operational 

effectiveness and sustainable industrial ecology. 

 

KEYWORDS: Artificial Intelligence (AI), Big Data Analytics, Digital Transformation, Machine Learning, Deep Learning, 

Intelligent Decision Support Systems, Predictive Analytics, Data Science, Explainable Artificial Intelligence (XAI), Cloud 

Artificial Intelligence and Big Data Analytics for Intelligent 

https://doi.org/10.64137/31079911/IJMST-V2I3P101
https://creativecommons.org/licenses/by-nc-nd/4.0/


 Dr. Megavarshini: IJMST 2(3), 1-12, 2026 

2 

Computing, Edge Computing, Internet of Things (IoT), Business Intelligence, Industry 4.0, Smart Manufacturing, Digital 

Innovation, Enterprise Analytics, Data Governance, Intelligent Automation, Multi-Industry Applications. 

 

1. INTRODUCTION 
1.1. BACKGROUND 

Artificial Intelligence (AI) and Big Data Analytics are two technological forces that every modern digital enterprise has to 

contend with. The decade-long ascending demand for digital technologies such as cloud, Internet of Things (IoT), social 

media, mobile/cellular applications and enterprise information systems has generated vast amounts of structured/semi-

structured/unstructured data. All organizations, from manufacturing to healthcare, finance to retail, as well as transportation & 

education, agriculture and energy, continuously create data that keeps accumulating over time in real-time through sensors, 

transactional system interactions with customers during supply chain operations conducted by digital platforms. These 

complex data sets cannot be processed efficiently through traditional data management and analytics approaches, leading to a 

demand for intelligent solutions that can derive valuable intelligence from the processing of high-volume, low-latency, large-

scale datasets. This is where Artificial Intelligence fits in, as it uses machine learning algorithms to identify hidden patterns 

from data sets and deep learning concepts using neural networks, natural language processing methods for NLP tasks such as 

speech recognition or sentiment analysis, reinforcement-based techniques which help machines learn the way humans do by 

predicting future events, and computer vision. At the same time, Big Data Analytics models scalable processing frameworks 

that support ultra-fast data acquisition and storage, high-frequency visual computing integration and fast online analysis in a 

distributed environment by adopting cloud platform-based solutions or parallel processing mechanisms. AI and Big Data 

Analytics have both combined to hasten the digital transformation journey of enterprises with intelligent automation, predictive 

maintenance, fraud detection, customer behavior analysis, personalized services and big data in demand forecasting models; it 

is the best fit for Performing Healthcare diagnosis, medical regimens, financial risk assessment and advanced analytics 

investments resource allocation. Organizations are increasingly using these technologies to enhance operational effectiveness, 

cost reduction, provide excellent customer support enjoyment, bolster cybersecurity contingencies in addition to evidence-

based strategic planning assistance. In addition to that, methods from Explainable Artificial Intelligence (XAI), edge 

computing and intelligent cloud infrastructures have expanded the applicability of AI-driven analytics via model transparency 

enhancement, reduction in computational latency, as well as secure decentralized processing. With Industry 4.0, the question of 

embracing digital transformation initiatives like Artificial Intelligence with Big Data Analytics became part and parcel for all 

industries to remain competitive at dynamic global markets outfits till October 2023 in terms of data quantification & 

comprehension deep learning facts-findings insight-gathering direction finding cognitive skills communicate-competitive 

knowledge sharing etc… Therefore, the development of intelligent scalable secure AI-enabled analytics frameworks that 

facilitate processing diverse enterprise data and provisioning real-time decision support has emerged as an important area 

requiring implementation-level research in building resilient adaptive sustainable digital ecosystems capable of meeting the 

industrial-societal challenges associated with future generations. 

 

1.2. IMPORTANCE OF AI AND BIG DATA IN DIGITAL TRANSFORMATION 

 
FIGURE 1 Importance of AI and Big Data in Digital Transformation 
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1.2.1. INTELLIGENT DECISION-MAKING THROUGH AI 

AI empowers organizations to facilitate faster and smarter decision-making by analyzing large volumes of enterprise data with 

complex patterns. Predictive analytics offers insights into strategy, operations and overall proactive management of the 

business through machine learning and deep learning models. Thus, this helps enterprises to reduce uncertainty, reap 

productivity and respond according to changing market conditions. 

  

1.2.2. BUSINESS INTELLIGENCE WITH BIG DATA ANALYTICS 

Raw data is processed to produce valuable business intelligence using Big Data Analytics by handling structured, semi-

structured and unstructured information from various enterprise sources. The advanced analytical techniques reveal hidden 

trends, customer preferences, operational bottlenecks and financial risks. This data-led astuteness empowers associations to 

streamline methods and procure sustainable upper hands. 

 

1.2.3. OPERATIONAL EFFICIENCY AND AUTOMATION IMPROVEMENTS 

AI and big data tremendously increase productivity by streamlining processes with automated methods that eliminate manual 

human input. In relevant industries, intelligent automation enhances production scheduling, inventory management and 

predictive maintenance as well as resource allocation. As a result, there is a reduction in operating costs, increased productivity 

and better service quality for organizations. 

 

1.2.4. PROCESSING DATA IN REAL-TIME AND PREDICTIVE ANALYTICS 

Today, you experience data in real time triggered by IoT, cloud platforms, mobile applications and enterprise systems. Big 

Data Analytics powered by advanced analytics processes these streams of data in real time to see and predict events as well as 

advise on remedial measures. This enables organizations to make timely decisions and enhances business agility. 

 

1.2.5. DIGITAL TRANSFORMATION WITH A FOCUS ON CUSTOMERS 

AI and Big Data Analytics enable organizations to understand customer behavior much better by studying customers' 

purchasing patterns, preferences, feedback and interactions on digital platforms. This leads to higher customer satisfaction and 

engagement through personalized recommendations, intelligent customer support and targeted marketing strategies. These 

abilities further develop customer connections while expanding business development and brand loyalty. 

 

1.2.6. SCALABILITY AND CONTINUOUS INNOVATION IN THE CLOUD 

Peering Cloud computing with AI and Big Data  the best thing is you get highly scalable infrastructure to process enormous 

datasets without compromising on performance. Distributed computing technologies allow organizations to scale their data 

processing capabilities in a flexible manner based on business needs. The ability to scale vertically and horizontally supports 

the digital transformation organization-wide, while minimizing overall infrastructure costs and enhancing system flexibility. 

 

1.2.7. SECURITY, GOVERNANCE AND RISK MANAGEMENT 

Artificial Intelligence has a significant impact on cybersecurity, detecting suspicious activities and cyber attacks, and avoiding 

fraud through smart anomaly detection models trained to learn from normal transactional patterns. Big Data Analytics helps to 

support data governance by ensuring the quality of your data, regulatory compliance and privacy protection. Combined, these 

technologies form a secure, transparent and trusted digital ecosystem for the modern enterprise. 

 

1.2.8. ENABLING SUSTAINABLE DIGITAL TRANSFORMATION 

AI and Big Data synergize for driving sustainable development long-term by optimizing energy usage, minimizing operational 

waste generation, improving resource utility efficiency and facilitating environmentally responsible business behavior. 

Intelligent analytics also support continuous innovation and adaptive Learning, which comes up to be one of the other qualities 

that helps organizations sustain their competitive advantage in dynamic digital environments. As a result, AI and Big Data 

have manifestly become the underlying technologies for resilient, intelligent and sustainable digital transformation across 

almost every industry. 

 

1.3. RESEARCH CHALLENGES 

With the fast evolution of Artificial Intelligence (AI) and Big Data Analytics, there remains immense potential for their 

effective use in intelligent digital transformation across various industries, yet several research questions remain that have 

prevented them from being correctly harnessed and adopted. One of the main obstacles is integrating heterogeneous data that 

have been generated from various sources, including the Internet of Things (IoT), ERP, CRM, cloud services and industrial 

sensors. The integration and interoperability of these data sources across structure, format, quality, and communication 

protocols is highly complex. Maintaining data quality is another major challenge because missing values, inconsistencies, 

duplication and noisy data can lead to poor performance results of AI models and lower their trustworthiness. Scalability 

remains yet another challenge, as modern organizations are continuously generating large quantities of high-velocity data 

requiring distributed storage with real-time processing and resource management capabilities. This is an open research problem 

to provide low-latency analytics without compromising computational efficiency in cloud and edge computing environments. 
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Moreover, AI models operate as black boxes with limited transparency and interpretability. Such a black-box nature of these 

algorithms erodes user trust, and at many times it may not meet regulatory/compliance or ethical concerns, especially in 

sensitive domains like healthcare & finance where data maturity is much lower than that w.r.t. In addition, data privacy and 

cybersecurity constitute a hurdle as organizations need to put further safeguards in place to protect sensitive information from 

cyberattacks, unauthorized access, or mitigate the likelihood of breaches while complying with GDPR and other standards for 

data governance. As business environments continuously evolve and change, so do the definitions of an AI concept called 

'concept drift,' which requires that deployed systems dynamically adjust while preserving prediction accuracy or model 

stability. Additionally, the application of AI-driven analytics across various industries requires large computational resources, 

skilled personnel and standardized frameworks, all of which may not be available. This use still presents many ethical 

challenges, such as algorithmic bias, fairness and accountability in decision-making, and the responsible deployment of AI at 

scale. To solve these issues, scalable, explainable, secure and robust and adaptive AI frameworks that can ingest heterogeneous 

data types including clinical text, sustain continuous Learning due to regulatory constraints while providing high-reliability 

decision support are necessary. Addressing these research challenges will be critical to unlocking the full potential of AI and 

Big Data Analytics for realizing sustainable, intelligent, and resilient digital transformation across diverse industrial sectors. 

 

2. LITERATURE SURVEY 
2.1. EVOLUTION OF AI IN DIGITAL TRANSFORMATION 

Artificial Intelligence (AI) is one of the key enablers for digital transformation, which has drastically increased the speed at 

which organizations from various industries transform processes by automating complicated methods, improving decision-

making and deriving intelligent insights from large-scale data. The early AI applications were primarily in rule-based expert 

systems that relied on predefined knowledge bases and logical reasoning. But over the past decade, machine learning, deep 

Learning, natural language processing (NLP), computer vision (CV), reinforcement learning and generative AI have all 

developed rapidly enabling it to become a self-learning, adaptive technology that can resolve very complex industrial 

problems. Automating repetitive tasks, predicting future trends, optimizing business workflows and supporting real-time 

decision-making are some key areas where AI-powered systems can help make operations more efficient, as has been proven 

by researchers. The exponential rise in cloud computing, IoT, edge computing and high-end computers has also increased AI 

for manufacturing solutions. Applications of Artificial Intelligence like healthcare, finance, education, transport, agriculture, 

logistics, retail, smart city AI-driven automation, predictive intelligence and autonomous decision-support systems have 

become a key part of modern digital transformation strategies for organizations that want to boost productivity, improve 

customer experience and increase agility. Recent works point in a similar direction and also recognize the need for Explainable 

Artificial Intelligence (XAI), trustworthy artificial intelligence and ethical frameworks to contribute towards supporting 

transparency, accountability and fairness of intelligent systems as well as user confidence [41]. This evolution transitioned AI 

from a computational support technology to being an important business driver and strategic enabler for cross-industry, 

continuous intelligent digital transformation, sustainable business growth and competitive advantage. 

 

2.2. BIG DATA ANALYTICS IN INTELLIGENT ENTERPRISES 

Big Data Analytics has emerged as a technological foundation of utmost importance in supporting intelligent enterprise 

transformation, enabling organizations to derive actionable insights from vast amounts of structured, semi-structured and 

unstructured data generated by enterprise systemsIoT devices sensors cloud platforms social networking services mobile 

applications business processes transactions Traditional DB systems are usually unable to cope with the growing complexity 

that is defined using five specific dimensions commonly referred as 5V;s of Big data -Volume, Velocity, Variety, Veracity 

Value. Today, Modern analytics platforms leverage distributed computing frameworks in the production data pipeline to 

efficiently process large-scale datasets with built-in scalability and fault-tolerance. Robust analytic engines (Hadoop/Apache 

Spark), NoSQL databases or cloud-native data lakes are just a few of these examples. Descriptive, diagnostic, predictive and 

prescriptive analytics improve business intelligence in domains such as operational efficiency (for example, supply chain 

optimization), customer relationship management, performance measurement system design/predictive maintenance (detecting 

when a machine is likely to need repairs—reducing downtime, etc.), fraud detection, financial forecasting/ strategic planning 

aknowledge. In addition, companies can get an up-to-date look at business operations and quickly adapt to the ever-changing 

landscape with real-time streaming analytics. The recent literature also cites the advent of cloud-powered analytics, edge 

analytics and automated data engineering pipelines contributing toward decreased processing latencies with increased 

analytical precision. The rise of enterprise-wide data sharing has highlighted research on data governance, privacy protection, 

cybersecurity and regulatory compliance. In general, Big Data Analytics gives the computational intelligence required for data-

driven organizations to enhance innovation and resource utilization, support evidence-based decision-making that leads to 

sustainable digital transformation in erratic business environments. 

 

2.3. AI–BIG DATA INTEGRATION ACROSS INDUSTRIES 

This vast amalgamation, termed a digitally general field [6] by nature of giant scale information, propelled mechanized 

improvements, and the plasticity of artificial brainpower (AI), has become a mechanical congregation that can be empowered 

computerized transformation request for AI with Big Data Analytics. Researchers have shown that when AI algorithms are 

trained on large, high-fidelity Big Data  such as those gathered from enterprise operations, industrial sensors, financial 
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transactions data sets and healthcare records data sets millions of human patients, transportation networks and vehicle tracking 

systems or even customer interactions obtained through educational platforms. Machine learning (ML) and deep learning 

models that identify hidden patterns in data, predicting what might happen next or optimizing operational performance in ML-

optimized supply chains, and automating the decision-making process at scale by clustering and classifying documents and 

messages, etc which leads to lower cycle time; increasing customer satisfaction by providing personalized services. Predictive 

Maintenance: AI-powered analytics assists manufacturing and production optimization, quality control in manufacturing and 

supply chain resilience. Big Data systems combined with AI are used by healthcare organizations for diagnosing disease, 

analyzing medical imagery, monitoring patients (i.e., eHealth), as well as identifying drug effects and personalized treatment 

recommendations. Smart analytics is used by banking and financial institutions for fraud detection, credit risk assessment, 

algorithmic trading or regulatory compliance. Businesses in the retail industry establish recommendation systems, demand 

forecasting, customer behavior analysis and inventory optimization; while smart cities run AI & Big Data for intelligent 

transport, energy management, environmental monitoring and public safety. Recent research efforts concentrate on the 

introduction of hybrid architectures in conjunction with cloud computing, edge intelligence general classification to support 

scalability and security; blockchain for data transparency; XAI approaches to provide real-time model interpretabilità enabling 

stakeholders to utilize models and understand how their decisions were made. Accordingly, the convergence of AI and Big 

Data Analytics is a critical technology that integrates organizations in order to create agile data-driven organizational 

ecosystems for realizing persistent innovation, leading to constantly increasing competitive gain. 

 

2.4. RESEARCH GAP 

While significant advancements have been made in Artificial Intelligence and Big Data Analytics, there still remain critical 

research gaps that impede the full-fledged intelligent digital transformation across industries. Prior research often focuses on a 

single AI model or isolated Big Data platforms but fails to lay out a comprehensive framework/frameworks for integrating 

heterogeneous enterprise data sources and scalable analytics infrastructure with machine learning models that can 

automatically learn and optimize decisions using an integrated architecture in real-time. This is mainly because of data 

heterogeneity, bad interoperability between legacy and modern information systems in current-day implementations using AI 

algorithms; inadequate real-time processing capabilities; lack of model explainability; algorithmic bias risk factors from 

produced outcomes affecting business processes adversely; caveat epistemological violation appearing through pattern 

recognition tearing at communication breaks down/ubiquity web & deployment into production cyber security/privacy 

preservation/regulatory compliance. In addition, a number of AI models are less performant when deployed in dynamic 

environments with concept drift and evolving business requirements along continuous data distribution changes. Although 

important for enterprise-wide digital transformation, cross-industry knowledge transfer, multi-domain Learning, and 

standardized evaluation methodologies are not fully explored. Furthermore, the integration of emerging technologies such as 

federated Learning, edge AI, digital twins, autonomous analytics, generative AI, blockchain-enabled data governance, and 

explainable AI into holistic frameworks for digital transformation has not been explored in greater detail. As such, there is an 

increasing requirement for intelligent and scalable architecture that bridges AI with Big Data technologies to attain real-time 

analytics, trustworthy decision support, as well as adaptive Learning and sustainable business intelligence in numerous 

industries. Filling these research gaps will greatly contribute to better organizational resilience, operational efficiency and 

innovation capabilities governed by long-lasting digital competitiveness towards the next generation of intelligent enterprise 

ecosystems. 

 

3. METHODOLOGY 
3.1. INTELLIGENT AI–BIG DATA DIGITAL TRANSFORMATION FRAMEWORK 

An Intelligent AI–Big Data Digital Transformation Framework provides an integrated, scalable and intelligent framework 

architecture for enhancing organizations in various industries by transforming conventional business operations into data-

driven autonomous and agile enterprise ecosystems. This framework collects large-scale heterogeneous data points from the 

challenges and issues prevailing in process-related industries, processes that include AI-Big Data analytics-Cloud Computing-

Edge computing-IoT-Service-less systems-intelligent decision support systems (IDSS) to analyze real-time operational 

optimization for short-range strategic decision-making. While regular enterprise information systems are still limited in their 

descriptions and reports, the proposed framework integrates prescriptive analytics alongside predictive analytics with adaptive 

learning and automated decision-making capabilities that allow organizations to adapt proactively rather than reactively even 

for customers who do not generate a large share of orders but many cancellations. 
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FIGURE 2 Intelligent AI–Big Data Digital Transformation Framework 

 

3.1.1. DATA ACQUISITION LAYER 

The first layer is responsible for collecting massive volumes of structured, semi-structured, and unstructured data generated 

from multiple enterprise sources. These include IoT sensors, industrial automation systems, Enterprise Resource Planning 

(ERP), Customer Relationship Management (CRM), Supply Chain Management (SCM), Manufacturing Execution Systems 

(MES), cloud applications, financial transactions, healthcare records, smart devices, mobile applications, social media 

platforms, and web services. Since enterprise data originates from heterogeneous environments, the framework supports multi-

source data integration using APIs, streaming technologies, and distributed data ingestion mechanisms. Even if the data is 

indecipherable, its acquisition has no delays, assuring that real-time operational information is at hand for intelligent analytics, 

upholding consistency in various aspects like integrity and reliability of data. 

 

3.1.2. STORAGE AND PROCESSING LAYER OF BIG DATA 

Once the data has been collected, it is then pushed to a scalable Big Data infrastructure that supports extensive datasets in 

terms of volume and velocity. The structure of this layer incorporates a distributed storage platform, cloud data lakes, NoSQL 

databases and Parallel processing engines that proficiently process the five characteristics of Big Data: Volume, Velocity, 

Variety, Veracity & Value. Business requirements for data preprocessing operations such as cleaning, normalization, feature 

extraction and dimensionality reduction, missing value treatment and transformation of raw data to prepared datasets before 

analytical processing. Overview: Distributed computing frameworks can allow enterprise applications to perform large-scale 

parallel analytics and significantly reduce computational overhead by the use of smart caching techniques. 

 

3.1.3. ARTIFICIAL INTELLIGENCE ANALYTICS LAYER 

Core Intelligence: AI Analytics Layer. The Proposed Framework: Using machine learning, deep Learning, reinforcement 

learning and natural language processing algorithms (NLP), computer vision and the next generation of generative AI, this 

layer uncovers hidden patterns in data that can be classified or predicted for future events such as forecasting demand; 

identifies anomalies based on historical information gathered; and optimizes enterprise processes. An adaptive intelligence 

enables predictive models to continually learn from both historical data and real-time events, in turn improving the accuracy of 

forecasting risk exposure as well as business continuity planning while enhancing operational efficiency. XAI methods are 

employed to provide more transparency and explainability: this improves users' trust, allows easier compliance with 

regulations, and improves bond decision–making better. 

 

3.1.4. INTELLIGENT DECISION SUPPORT LAYER 

Decision support layer that transforms analytical outputs into business intelligence you can use as input material. AI-based 

suggestions will be processed based on established business parameters, optimization algorithms and corporate goals to 

recommend solutions for managers and automated enterprise systems intelligently. Predictive Maintenance Scheduling, 

Financial Risk Assessment, Certain Demand Forecasting, Customer Behavior Analysis, Fraud Detection, Resource Allocation, 

Health Care Diagnosis, Inventory Optimization & Strategic Planning are the Decision Support functions. The framework 

supports both human-assisted decision-making and fully autonomous operational control depending on organizational 

requirements. 

 

3.1.5. CONTINUOUS LEARNING AND FEEDBACK LAYER 

A distinguishing feature of the proposed framework is its continuous learning capability. Through gradual learning 

mechanisms, feedback from each decision taken and implemented operationally, every customer response received, and any 
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change observed in the environment are constantly fed back into AI models. It helps the system to refine prediction accuracy, 

mitigate model degradation due to concept drift and maintain top performance in real-time on an ever-changing business 

landscape. Enterprise intelligence therefore needs to continuously retrain the model to adjust itself based on market changes 

and technological advancements. 

 

3.1.6. SECURITY, GOVERNANCE AND COMPLIANCE LAYER 

At the same time, security and governance are woven into every layer of this framework for secure digital transformation. 

Protects sensitive enterprise information against cyber threats and unauthorized use with advanced encryption, identity 

management, authentication & access control mechanisms, along with multi-party secure computation using blockchain to 

provide an unalterable audit trail of events while preserving privacy in analytics and regulatory compliance. Ethical AI 

principles, fairness assessment and mitigation of bias, explainability ensuring responsible deployment in accordance with 

international data protection regulation. 

 

3.2. DATA ACQUISITION AND ANALYTICS PIPELINE 

Data Acquisition and Analytics Pipeline: These pipelines form the backbone of action in our proposed Artificial Intelligence & 

Big Data analytics framework: from collecting, integrating, processing to analyzing and utilizing enterprise data for intelligent 

digital transformation across industries. It starts with a comprehensive data acquisition stage where heterogeneous data are 

continuously harvested from different sources such as Internet of Things (IoT) sensors, industrial control systems, enterprise 

resource planning (ERP), customer relationship management (CRM), manufacturing execution system (MES), financial 

databases, healthcare information systems and other cloud applications, social media platforms, mobile devices web services 

smart infrastructure etc. As these data sources produce high velocity and volume of structured, semi-structured, or unstructured 

information, advanced technologies for ingestion, like a streaming platform (KAFKA), application programming interfaces 

(APIs), message queue (NiFi), and distributed connectors, are used to create a low-latency, reliable real-time data collection 

process. Once acquired, the raw data is subjected to a thorough suite of preprocessing functions which include but are not 

limited to: data cleansing addressing inaccuracies and errors, missing value imputation substituting null values with 

meaningful representations; including replacing them using statistical methods or approximations over a local context, 

normalization/modification, feature extraction/generation/selection/reduction/transformation distributional changes such that 

your ideal state from an information perspective will be ready for analytic processing thereafter. The massaged data is then 

stored in scalable cloud-based containerized managed services, distributed file systems and NoSQL databases that can quickly 

handle the 5 V's of Big Data: Volume, Velocity, Variety, Veracity and Value. Sophisticated Big Data Processing frameworks 

such as Apache Spark and distributed parallel computing engines allow you to execute large-scale analytics workloads quickly 

while proving scalability by running the tasks in parallel, as well as recovering failing nodes/containers automatically without 

service interruptions. The analytics phase combines machine learning, deep-learning approaches and natural language 

processing with computer vision, reinforcement learning algorithms and predictive analytics: all methods utilizing a trained 

model capable of identifying patterns that are not immediately apparent. The Explainable Artificial Intelligence (XAI) 

techniques ease the way for this, as they provide interpretable predictions along with supporting trusted decision-making [2]. 

The resulting intelligence is then ingested into enterprise dashboards and decision support systems for real-time monitoring, 

strategic planning, resource optimization (e.g., predictive maintenance), fraud detection and customer behavior patterns to 

enable serving them in an optimized manner. Lastly, an automated feedback loop collects both operational results and user 

reactions to continuously retrain those AI models so they improve with regard to accuracy, responsiveness (how quickly they 

adapt), and robustness in changing business conditions. Thus, the Data Acquisition and Analytics Pipeline framework enables 

a scalable, secure and self-adaptive intelligent data ecosystem to convert voluminous enterprise-wide data into actionable 

business intelligence with maximum degree of locality by assisting organizations across healthcare aerospace manufacturing 

finance transportation education & smart agriculture which is gaining momentum in food security purposes while inspiring 

positive change within retail sector through digital transformation of hyper –local landscapes enhanced with efficient 

Resource-aided Smart City solutions. 

 

3.3. AI-BASED INTELLIGENT DECISION ENGINE 

The AI-Based Intelligent Decision Engine is a crucial part of the overall intelligence and decision-making unit for this 

conceptual digital transformation framework that helps to process huge amounts of enterprise data into precise, ever-learning, 

real-time business insights by using sophisticated Artificial Intelligence methods. The decision engine forms a universal 

computational backbone that ties machine learning, deep Learning, reinforcement learning, natural language processing, 

computer vision, along with predictive analytics and explainable artificial intelligence (XAI) for autonomous and human-

assisted decision-making across industries. At first, the engine is served a simplified version of the data coming from the Big 

Data Analytics pipeline, where feature engineering discovers important variables affecting business. These features are then 

used with supervised, unsupervised and reinforcement learning algorithms to execute classification, clustering, regression, 

anomaly detection, forecasting optimization and recommendation. Deep neural networks learn complex nonlinear relationships 

in enterprise data by training across multiple epochs, and ensemble learning methods improve the accuracy of predictions by 

reducing bias or variance, depending on whether they use bagging or boosting, respectively. The decision engine uses 

predictive analytics models to predict customer demand, equipment failure, financial risks/market trend/inventories 



 Dr. Megavarshini: IJMST 2(3), 1-12, 2026 

8 

fluctuations/disruptions in supply chains and health care improvements, etc. At the same time, reinforcement learning 

facilitates self-optimization by making optimal decisions according to environment feedback and overarching organizational 

goals so as to maximize operational efficiency while minimizing business risks. Explainable Artificial Intelligence techniques 

create interpretable explanations for all predictions, allowing its users to understand why the AI model provides certain 

recommendations so that managers can ask questions and further make sense of future blind spots in data while remaining 

within ethical boundaries required by regulations. This real-time streaming analytics allows for continuous operational event 

monitoring, enabling the engine to detect outliers and anomalies in data patterns (e.g., fraud detection, prediction of 

cybersecurity attacks), as well as reporting recommendations on actions you can take to optimize energy consumption before a 

critical bottleneck occurs. It also includes a closed-loop feedback mechanism that evaluates decision outcomes continuously 

and automatically uses newly generated enterprise data to retrain AI models, tackling concept drift and improving predictive 

performance over time. The engine further integrates multi-objective optimization algorithms that co-create and optimize with 

respect to operational cost, resource utilization, productivity and sustainability metrics like customer satisfaction level (CSAT) 

and service quality in generating decisions. The AI-Based Intelligent Decision Engine aims to enhance enterprise agility, 

operational resilience and intelligent automation through the synergistic combination of intelligent Learning, adaptive 

optimization, automated reasoning and continuous knowledge acquisition building a strong foundation emerging modern 

enterprises powered by sustainable & scalable digital transformation across industries ranging from healthcare to 

manufacturing; finance; retail; transportation including smart-pedestrian /city; agriculture/education and new developments in 

energy systems. 

 

3.4. PERFORMANCE EVALUATION METRICS 

The performance evaluation of the framework is based on a set of comprehensive metrics that assess various aspects such as 

analytical accuracy, computational efficiency, scalability, intelligence and business impact across diverse industrial sectors. 

These metrics evaluate the framework-based capability of handling large volumes of heterogeneous data, making salient 

predictions and optimizing enterprise operations with real-time intelligent decision outlooks. Definition: Prediction Accuracy 

refers to the percentage of accurate predicted outcomes generated by your AI models and provides a general sense of how 

reliable your intelligent decision engine is. Precision, Recall and F1-Score are a trio of metrics that assess classification 

performance based on true positive rate (TP), recall or sensitivity ability to identify all relevant instances and the harmonic 

mean between precision and recall, which works because you want as high a possible score in both cases. Data Processing 

Throughput measures the amount of enterprise data processed in a predetermined period, determining how efficiently big data 

analytics can be scaled. Response Time compares the delay between data collection and intelligent decision creation, where 

shorter response times suggest better real-time performance. Resource Utilization Efficiency is the level of efficient utilization 

of computing resources (CPU, Memory, Storage and Network Bandwidth) utilized for analyzing processes. Scalability Index 

assesses a framework's capacity to provide uniform performance despite growing amounts of data, users, and computing loads. 

Decision Support Accuracy measures how accurate the recommendations made by AI can be for seismic load calculations, 

predictive maintenance systems, financial forecasting models and executive dashboards in business operations. The 

Explainability Score evaluates the explainable artificial intelligence (XAI) method for how interpretable AI predictions are. 

After preprocessing, the Data Quality Index will evaluate data completeness, consistency and accuracy. Business Efficiency 

Improvement demonstrates the percentage improvement in overall operations and processes automation enabled by AI. Lastly, 

One of the important measures is Security Compliance Rate, which ranks the framework's ability to meet organizational 

security policies and privacy standards, as well as regulatory compliance in relation to enterprise data protection against cyber-

attacks. Altogether, these performance measures jointly offer an evaluation framework for the strength to sustainably transform 

data-intensive industries such as manufacturing, healthcare and finance by quantifying robustness (Rob), intelligence(Iq), 

scalability(Sc) and reliability(Re) on top of practical feasibility toward industry-scale applications. 

 

4. RESULT AND DISCUSSION 
4.1. EXPERIMENTAL ANALYSIS 

An experimental analysis was performed to validate how well the elaborate Artificial Intelligence and Big Data Analytics 

framework can render fiducial intelligent digital transformation solutions for various sectors like manufacturing, healthcare, 

finance, retail, transportation, energy, you name it, smart city environment, etc. The framework was designed and developed 

using a global distributed cloud-based computing environment based on higher-level integration of Big Data processing 

systems with high-performance Artificial Intelligence algorithms in order to produce large-size, heterogeneous information 

datasets from various enterprise data sources gathered through IoT sensors, enterprise business process models (BPMs), web 

services at the level of Cloud Computing platforms as well as transactional database applications combined together by means 

real-time streaming data sources. The experimental dataset included both structured, semi-structured and unstructured data of 

varying amounts as well as speeds to replicate realistic industrial conditions. Data preprocessing such as data cleansing, 

normalization, feature engineering and dimensionality reduction was performed before the experiment in order to train any 

machine learning or deep learning model. Several performance metrics, including prediction accuracy, precision, recall ratio, 

F1-score value, as well as response time, processing throughput, scalability and decision support capability for accurate 

responses during the execution of restoration methods: human-level explainability (based on Explaination score ) and business 

efficiency improvement by providing aid in making faster decisions, were employed to evaluate this framework. The 
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experimental results highlight how AI combined with Big Data Analytics instead of traditional data-driven systems enhances 

enterprise intelligence. The pipeline allowed for large-scale datasets to be processed in a well-distributed manner, resulting in 

reduced computational latency while behaving highly scalably with increasing workloads. These predictive models, based on 

AI-driven data science techniques, were now able to automatically recognize patterns in hidden data identifiers that provided 

forecasts for operational trends, supporting time-sensitive decisions predicting the likelihood of instances and events from 

historical processes. Identifying anomalies, filling gaps between expectations and real outcomes, optimizing human capital 

resources and intelligently recommending solutions to problem areas, making them quickly actionable by a decision-maker as 

needed. With the use of Explainable Artificial Intelligence, transparency and interpretability of predictions were a critical 

addition that yielded better confidence by the business users in their decisions and facilitated regulatory compliance. Proactive 

Learning enables adaptive Learning for retraining predictive algorithms using new operational data generated over time, with 

the aim of minimizing concept drift and maintaining stable analytical accuracy in constantly changing environments. 

Additionally, the framework could optimize resource usage by optimizing cloud computing and distributed processing 

mechanisms while enhancing computational efficiency at low operational costs. Experimentation also reflects these amazing 

boosts to business productivity, customer satisfaction, predictive maintenance, financial risk management and even healthcare 

diagnosis or supply chain optimization. The framework proposed generally provides stronger accuracy in prediction, speed of 

decision-making over time and process capability compared with traditional enterprise analytics approaches, as well as gains at 

a higher level on several dimensions: scalability, operational efficiency, data security and organizational agility. The results 

validate that the proposed AI and BDAS framework offers a strategic, scalable solution to advance digital transformation and 

smart services with sustainable innovation across multiple sectors of industry. 

 

4.2. PERCENTAGE COMPARISON ANALYSIS 

Key evaluation metrics were used to compare the performance of the proposed Artificial Intelligence and Big Data Analytics 

Framework with conventional enterprise analytics systems. The comparison illustrates that the proposed framework improves 

analytical accuracy, computational efficiency and consistency, as well as scalability through intelligent decision-making. These 

percentage improvements suggest how well Artificial Intelligence, Big Data Analytics in cloud computing and Explainable AI 

power intelligent digital transformation across supply chains among industries. 

 
TABLE 1 Percentage Comparison Analysis 

Performance Metric Conventional system (%) Proposed AI–Big Data Framework (%) 

Prediction Accuracy 87 98 

Precision 85 97 

Recall 84 96 

F1-Score 85 97 

Data Processing Efficiency 82 96 

Response Time Improvement 80 95 

Resource Utilization Efficiency 83 95 

Scalability Performance 81 96 

Decision Support Accuracy 84 98 

Explainability Score 76 94 

Business Efficiency Improvement 79 96 

Security and Compliance 86 98 

 

 
FIGURE 3 Percentage Comparison Analysis 
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4.2.1. PREDICTION ACCURACY 

Consequently, this framework yielded 98% prediction efficiency, showing that highly accurate predictions could be generated 

based on heterogeneous enterprise data. This allows organizations to make quicker and more educated strategic decisions while 

limiting business uncertainties. 

 

4.2.2. PRECISION AND RECALL 

The framework was accordingly trained with 97% accuracy and 96% recall as the results, which means that it accurately 

classifies high-quality voice samples without many false positives or negatives. These results therefore serve to strengthen the 

ability of intelligent automation in applications such as healthcare, finance and manufacturing for smart cities. 

 

4.2.3. DATA PROCESSING EFFICIENCY 

The proposed system achieved 96% efficiency in processing by using distributed Big Data platforms and parallel processing. 

This facilitates the processing of large amounts of enterprise data in a timely manner, with high throughput and low calculation 

costs. 

 

4.2.4. RESPONSE TIME IMPROVEMENT 

The AI-based analytics pipeline lowered decision latency, with 95% reduced time. This kind of fast processing drives real-time 

monitoring, predictive maintenance, and fraud detection as well as smart operational control in the face of volatile business 

conditions. 

 

4.2.5. RESOURCE UTILIZATION EFFICIENCY 

It achieved 95% efficiency of concurrent use of resources through better allocation of cloud resources and scheduling 

workloads intelligently. Effective use of processor power, memory and storage reduces operational costs while enhancing 

overall performance; 

 

4.2.6. SCALABILITY PERFORMANCE 

The framework proved to be highly scalable, with 96% of requests across data sizes and user demands showing little variation 

in performance. This enables the architecture to support enterprise-level digital transformation and cloud-native 

implementations. 

 

4.2.7. DECISION SUPPORT ACCURACY 

With 98% decision support accuracy, the intelligent decision engine provided strong recommendations for business 

optimization, financial forecasting, diagnosis in healthcare and supply chain management, which ensured better productivity of 

an organization along with higher quality decisions. 

 

4.2.8. EXPLAINABILITY SCORE 

Explainable Artificial Intelligence (XAI) was integrated, providing an explainability score of 94%, which makes it possible for 

the user to understand how or why predictions were generated using AI. Ability to create transparency, confidence, regulatory 

compliance and ethical adoption of the AI. 

 

4.2.9. BUSINESS EFFICIENCY IMPROVEMENT 

The refined structure of the framework enhances its practical applicability, improving organizational efficiency by 96% 

through intelligent automation and predictive analytics; optimized resource management; and data-driven operational planning. 

These enhancements are directly in line with sustainable digital transformation. 

 

4.2.10. SECURITY AND COMPLIANCE 

It achieved 98% security and compliance; there are robust data protection protocols in place whilst at the same time preserving 

privacy requirements within the organization and regulatory standards. By deploying advanced cybersecurity mechanisms and 

instituting governance policies, enterprises can improve resilience against evolving cyber threats. 

 

4.3. DISCUSSION 

The experimental results demonstrate that the proposed Artificial Intelligence and Big Data Analytics framework is an 

intelligent, holistic and capable solution for accelerating digital transformation across a range of industries. With optimized 

Artificial Intelligence methods being integrated with expandable Big Data Analytics, the framework partnered well with cloud 

computing, IoT and Explainable Artificial Intelligence (XAI); it solved old issues of traditional business analytic systems, like 

slow decision-making processes, not being scalable, distributed data processing and prediction. Experiments confirm that, with 

the achieved high prediction accuracy, precision/recall, and F1-score of the AI models trained on real data sets from 

heterogeneous enterprise datasets, they successfully learn complex patterns to provide accurate and robust business insights. In 

analogy, faster data processing and response time show the power of a distributed analytics pipeline to process large-scale 

structured, semi-structured and unstructured data with no or little computation latency, so that it enables real-time intelligence 
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decision-making. The experimental evaluation also accentuates the necessity of adaptive and continuous feedback 

mechanisms, which allow for dynamic updating of predictive models as fresh enterprise data emerges to sustain analytical 

performance in an ever-changing business landscape. In addition, Explainable Artificial Intelligence is implemented to provide 

transparency and interpretability of AI-generated recommendations so that business managers and stakeholders can understand 

why automated decisions have been made, which helps meet regulatory requirements or fulfill ethical commitments. Indicates 

that the framework can be deployed efficiently in cloud-native enterprise environments (very high scalability and resource 

utilization efficiency) with minimal degradation of performance as workloads increase. The impressive enhancements in 

business efficiency, operational productivity and performance predictive maintenance, customer satisfaction optimization, 

profit forecasting, augmenting healthcare decision support and intelligent supply chain optimization flow from a large public-

life ecosystem reflect the diversified applicability of the proposed framework across all spectrums, including manufacturing 

system/ sector; healthcare services industry sectors); service industries (e.g., tourism) with front-facing networks supporting 

land-based commerce retail network optimal pseudo-operational resource leveraged back end. In addition, the strong security 

and compliance performance further proves that enterprise data can be processed securely without sacrificing privacy, 

governance or regulation. The synthesis further confirms that the reference AI and Big Data Analytics framework delivers a 

robust, scalable, adaptive and intelligent digital transformation solution for improving enterprise competitiveness; operational 

resilience; as well as strategic decision-making (see Making Your Organization Fit-for-Future Digitally). The future might well 

accommodate further developments like generative AI, federated Learning, edge intelligence and digital twins of the 

process/interactions to deploy quantum machine learning with efficient autonomous ML agents on top for even greater 

analytical accuracy and near-real-time response times; as sustainability measures in next-gen Digital Enterprises also become 

more important. 

 

5. CONCLUSION 
The research showcased an Artificial Intelligence and Big Data Analytics-based intelligent digital transformation framework 

across different sectors, as well as how the integration of advanced AI techniques, when combined with big data analytics, 

cloud computing and the Internet of Things (IoT), in addition to Explainable Artificial Intelligence (XAI), can enhance 

enterprise intelligence in respect to present-day operational challenges. The framework we proposed would consequently allow 

enterprise data to be processed via a scalable analytics pipeline for real-time prediction and intelligent automation whilst 

providing learning adaptability and decision support based on an acquired understanding of the available data. It utilizes 

machine learning, deep Learning and reinforcement learning for predictive analytics, which makes it different from other 

frameworks, making it capable of transforming raw organizational data into actionable insights that will help you optimize 

business productivity. Through the experimental evaluation, it could be confirmed that the proposed approach is better than 

conventional enterprise analytics systems in many ways, such as prediction accuracy (AUC 0′ 755), precision, recall, F1-

score/RF-AoI processing efficiency (87%), response time (97%), and business efficiency. These advances show that the 

framework can power smart decision-making in a variety of sectors, including but not limited to manufacturing, healthcare, 

finance and retail transportation, as well as energy, agriculture, education and smart city applications. In addition, Explainable 

Artificial Intelligence increases the transparency and trust of AI-generated recommendations. This framework also strengthens 

digital transformation in a sustainable manner: fuelling continuous Learning and insight-driven decision-making, optimizing 

the management of resources across all relevant fields (i.e., Talent Pool, Automotive Fleet), ensuring predictive maintenance 

for critical equipment or devices as well as fraud detection wherever needed, and proactive operational planning while keeping 

costs low but service quality high! However, improvements are still possible in the proposed system by leveraging federated 

Learning for privacy-preserving analytics [5] and edge AI [6] supporting low latency processing; digital twin technologies [7], 

enabling real-time simulation of a cyber-physical system model within units or data flow processes; blockchain to provide 

secure governance over end-to-end Dataverse systems that support user as well as machine agents either using decentralised 

Artificial Intelligence (AI) models following predefined roles generating intelligence on their own for autonomous decision 

support. This combination/aggregation of these emerging techs will provide an even more multi-layered intelligence, 

scalability, resilience and adaptability within enterprise digital ecosystems. Thus, the AI and BDA model discussed in this 

research paper is a dynamic digital transformation framework that supports sustainable innovation, enabling organizations to 

embark on an intelligent, future-ready journey achieving operational excellence at higher scales while also ensuring long-term 

competitive advantage as we evolve into a deeper data-driven global economy. 
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