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ABSTRACT 

The rapid growth of large-scale data has created a pressing need for intelligent frameworks that support 

efficient decision-making and resource management. This study presents a machine learning-based 

predictive analytics framework designed for processing high-dimensional data and providing decision 

support in dynamic environments. The framework integrates models such as Random Forests, LSTMs, 

and reinforcement learning to forecast workloads, detect anomalies, and optimize resource allocation 

proactively. Results demonstrate improved prediction accuracy, enhanced system efficiency, and reduced 

operational costs. The approach enables data-driven, scalable, and automated decision-making suitable 

for cloud computing, industrial systems, and IoT-driven environments. 
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I. INTRODUCTION  

The rapid expansion of digital technologies and the proliferation of large-scale data have fundamentally 

transformed modern decision-making processes across industries, demanding intelligent frameworks capable 

of processing, analyzing, and deriving actionable insights from massive and heterogeneous datasets. 

Traditional data management systems and analytical approaches often struggle to cope with the volume, 

velocity, and variety of big data, resulting in delayed or suboptimal decisions, inefficient resource utilization, 

and increased operational costs. In this context, machine learning-based predictive analytics has emerged as a 

powerful and indispensable tool for extracting meaningful patterns, forecasting future trends, and enabling 

proactive decision-making in complex, dynamic environments. Predictive analytics leverages historical and 

real-time data to develop models that can anticipate system behaviors, detect anomalies, and optimize 

performance before critical issues arise, thus transforming reactive operational strategies into proactive, data-

driven decision-making mechanisms. Machine learning, as a core component of this framework, provides 

adaptive algorithms capable of learning complex relationships within high-dimensional data, capturing 

nonlinear dependencies, and generalizing patterns across diverse datasets, which is essential for large-scale 

applications such as cloud computing resource management, industrial automation, smart grid monitoring, and 

digital manufacturing systems. Techniques including regression analysis, decision tree models, random 

forests, support vector machines, and neural network architectures enable precise forecasting of workloads, 

resource requirements, and performance metrics, while advanced methods like long short-term memory 

networks (LSTM), attention-based transformers, and reinforcement learning facilitate time-series predictions, 

sequential pattern recognition, and continuous optimization in dynamic operational environments. The 

integration of predictive analytics with machine learning not only enhances the accuracy of forecasting but 

also enables automated and intelligent decision support by continuously analyzing incoming data streams, 

identifying patterns, and recommending optimal actions without constant human intervention. In cloud 

computing environments, for instance, predictive models can dynamically allocate computational resources 

based on anticipated demand, balancing performance, cost efficiency, energy consumption, and service-level 

agreements, thereby mitigating the risks associated with both over-provisioning and under-provisioning of 

infrastructure. Similarly, in industrial contexts, machine learning-driven predictive frameworks support 
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predictive maintenance by estimating the remaining useful life of equipment, detecting potential failures in 

advance, and scheduling interventions to minimize downtime, reduce operational costs, and extend the lifespan 

of machinery. Large-scale data processing is further enhanced by the integration of IoT devices, sensors, and 

distributed computing architectures, which generate vast amounts of high-resolution data in real time; these 

data streams can be ingested and analyzed by machine learning algorithms to optimize decision-making across 

interconnected systems, including smart manufacturing, intelligent transportation, energy management, and 

healthcare analytics. Moreover, the adoption of predictive analytics frameworks facilitates data-driven 

strategic planning by providing actionable insights into system trends, risk factors, and performance 

bottlenecks, enabling organizations to make informed choices under uncertainty and to respond promptly to 

evolving operational conditions. Despite the significant advantages, implementing such frameworks presents 

challenges, including ensuring the availability and quality of data, managing computational complexity, 

integrating heterogeneous datasets, maintaining security and privacy, and improving the interpretability of 

machine learning models. Addressing these challenges requires robust architectures, scalable algorithms, and 

hybrid approaches that combine multiple machine learning techniques or fuse data-driven models with 

physics-based or domain-specific knowledge to enhance reliability and robustness. Furthermore, explainable 

AI methods are increasingly being incorporated to provide transparency in decision-making, building trust 

among stakeholders and facilitating the adoption of predictive frameworks in critical applications. Overall, a 

machine learning-based predictive analytics framework for large-scale big data processing and decision 

support systems represents a paradigm shift in contemporary operational and strategic management by 

transforming vast, complex datasets into actionable intelligence, automating critical processes, enabling 

proactive interventions, optimizing resource allocation, and fostering resilient, adaptive, and intelligent 

systems capable of supporting high-stakes decision-making across diverse industrial, technological, and 

organizational domains, thereby positioning organizations to leverage data as a strategic asset in the era of 

digital transformation. 

II. RESEARCH BACKGROUND  

Song and Wang (2026) had examined the integration of big data analytics into education management 

as a transformative strategy for improving institutional efficiency, resource allocation, and teaching 

quality. They had observed that traditional education management methods largely depended on static 

policies and historical data, which often failed to respond effectively to the changing needs of students, 

faculty, and administrators. It had been reported that such conventional approaches suffered from weak 

decision-making, limited predictive capacity, and unequal resource distribution, thereby producing less 

effective learning outcomes. To overcome these limitations, the authors had proposed an advanced 

computational framework incorporating dynamic resource allocation, policy optimization, and 

institutional performance modeling. Their approach had formulated education management as a structured 

decision-making process by integrating mathematical optimization, reinforcement learning, and real-time 

predictive analytics. The findings had demonstrated that the proposed framework significantly improved 

decision accuracy, institutional performance, and equitable access to quality education compared with 

conventional static management policies. 

Gangineni et al. (2025) examined customer retention as a critical concern for businesses, emphasizing 

the importance of reducing customer turnover to maximize lifetime value while minimizing acquisition 

costs. They highlighted that predicting and identifying customer churn could enable organizations to 

anticipate which clients were likely to leave and implement targeted interventions to reduce attrition. The 

study proposed a machine learning-based framework employing Random Forest (RF) to forecast customer 

attrition on e-commerce platforms. Model performance was assessed using metrics such as recall, 

accuracy, precision, F1-score, and ROC-AUC, where RF achieved notable results, including 95% 

http://www.ijesti.com/


     Vol 6, Issue 6, June 2026                      www.ijesti.com                          E-ISSN: 2582-9734 

International Journal of Engineering, Science, Technology and Innovation (IJESTI)                                                               
 

           IJESTI 6 (6)                       https://doi.org/10.31426/ijesti.2026.6.6.6420                           88 

accuracy, 98% precision, and a ROC-AUC of 98.51%. Comparative analyses indicated that Random 

Forest outperformed decision trees (DT) and support vector machines (SVM) in prediction accuracy. The 

authors concluded that, through real-time datasets, deep learning integration, and large-scale deployment, 

ensemble learning techniques could effectively support customer retention strategies in e-commerce 

contexts, demonstrating both reliability and practical applicability. 

Ekundayo et al. (2024) examined the growing importance of cybersecurity within the rapidly evolving 

FinTech landscape, where financial institutions had increasingly faced sophisticated cyber threats. The 

authors reported that predictive analytics, supported by Big Data and Machine Learning (ML), had offered 

significant potential for enhancing Cyber Threat Intelligence (CTI) by enabling the anticipation, detection, 

and mitigation of risks before their occurrence. The study had focused on the integration of predictive 

analytics into CTI frameworks through the analysis of unstructured data derived from dark web forums, 

phishing campaigns, malware logs, and social media sources. It was highlighted that ML techniques such 

as anomaly detection, reinforcement learning, and Natural Language Processing (NLP) had improved 

threat pattern identification, dynamic risk assessment, and proactive response strategies. The article 

further indicated that Big Data-driven cloud security solutions and automated incident response systems 

had strengthened FinTech cybersecurity against DDoS attacks, ransomware, and other emerging digital 

threats. 

Adewale et al. (2024) examined the integration of big data and machine learning (ML) within 

Management Information Systems (MIS) for enabling predictive analytics and improving real-time 

organizational decision-making. The study highlighted that the growing volume of complex data from 

multiple sources had made predictive analytics increasingly essential for generating actionable insights 

and sustaining competitive advantage. It was reported that advanced data preprocessing played a vital role 

in ensuring the quality, accuracy, and usability of large datasets. Techniques such as data cleansing, 

transformation, normalization, and reduction were identified as significant for improving the reliability of 

predictive models. The authors further observed that technological advancements in preprocessing 

algorithms, including natural language processing (NLP) and deep learning, had enhanced MIS 

capabilities by supporting unstructured data analysis and improving model performance. Through 

examples from finance, retail, and healthcare, the study demonstrated the transformative potential of big 

data and ML, while also emphasizing future advancements in MIS-driven predictive analytics. 

Krishnadoss and Ramasamy (2023) reported that rapid digitalisation across sectors such as healthcare, 

manufacturing, sales, IoT, web platforms, and business environments had generated an enormous volume 

of heterogeneous and high-dimensional data. They observed that machine learning algorithms had 

increasingly been employed to identify meaningful patterns among complex data attributes, as 

conventional data mining techniques were found to be inadequate for handling such large-scale datasets. 

The authors highlighted that the exponential growth of big data had intensified the need for predictive 

analytics to efficiently extract valuable insights from present and future data records. In response to these 

challenges, they proposed a predictive big data analytics framework that had integrated machine learning 

techniques with a Splitting Random Forest (SRF) methodology. Their study further incorporated 

hyperparameter optimization and dimensionality reduction techniques to improve model efficiency and 

predictive performance. It was concluded that the proposed approach had offered a robust solution for 

analysing complex big data patterns. 

Pamisetty et al. (2022) had presented a review of the growing investments made by public authorities in 

Fintech, highlighting how various digital technologies had been increasingly associated with public 

finance systems to improve tax compliance, combat fraud in public procurement, and enhance the 
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utilization of public funds. The study had identified several important technologies, including fiscal cash 

registers, e-procurement, e-invoicing, big data analytics, artificial intelligence (AI), machine learning 

(ML), distributed ledger technology, and blockchain. It had been reported that these investments 

supported multiple strategies such as automating tax collection processes, conducting large-scale 

descriptive and predictive data analyses for tax auditors and policy planners, continuously screening VAT 

transactions to detect fraud patterns, and developing natural language processing tools for audit report 

analysis. The review had concluded that digital technologies possessed significant potential to improve 

governmental efficiency and effectiveness, although traditional dependence on large vendors had 

continued to limit broader adoption of innovative AI and big data solutions. 

Chinta (2021) examined how the integration of machine learning algorithms into big data analytics could 

enhance predictive insights across multiple domains in the context of rapid data growth. The study had 

presented a comprehensive framework for the effective incorporation of machine learning techniques within 

big data environments. It was reported that the proposed framework addressed the limitations of traditional 

data analysis methods by optimizing data processing, improving model accuracy, and generating actionable 

insights. The author had reviewed the existing landscape of big data analytics and machine learning 

integration, while also identifying important research gaps in the literature. A structured approach was 

proposed, highlighting essential components such as data preprocessing, algorithm selection, and performance 

evaluation for successful implementation. Through relevant case studies, the framework was shown to have 

significantly improved predictive accuracy and supported better decision-making processes. The findings had 

emphasized the transformative potential of machine learning in big data analytics and had suggested broad 

implications for future research as well as practical industrial applications. 

Akund et al. (2020) discussed that, in recent years, vast quantities of data had been generated and 

managed across various medical applications by multiple organizations worldwide, and these 

heterogeneous datasets had collectively been referred to as big data. The authors explained that big data 

had been characterized by volume, velocity, and variety. It was reported that the healthcare sector had 

faced significant challenges in handling large-scale data from diverse sources due to its highly 

heterogeneous nature. The study suggested that big data analytics could be effectively utilized to support 

proper decision-making in healthcare systems by refining existing machine learning algorithms. It was 

further indicated that when large volumes of knowledge were available for prediction or pattern 

identification, machine learning had offered a promising approach. The paper had presented a brief 

overview of big data, its functions, and analytical methods, while also providing a comparative study of 

machine learning algorithms, emphasizing their importance for achieving accurate predictive outcomes 

in nursing and healthcare. 

Mujumdar and Vaidehi (2019) reported that Diabetes Mellitus had been recognized as one of the most 

critical and widespread diseases affecting a large population globally. The authors observed that factors 

such as age, obesity, sedentary lifestyle, hereditary background, unhealthy diet, and high blood pressure 

had contributed significantly to the occurrence of diabetes. It was further highlighted that diabetic patients 

had been at greater risk of complications such as heart disease, kidney disease, stroke, visual impairment, 

and nerve damage. The study noted that conventional hospital practices had relied on diagnostic tests and 

subsequent treatment based on clinical findings. It was emphasized that Big Data Analytics had played 

an important role in healthcare due to the availability of large-scale medical databases. The authors 

proposed a diabetes prediction model incorporating external risk factors along with conventional 

attributes such as glucose, BMI, age, and insulin. Their findings indicated that the proposed pipeline 

model had improved classification and prediction accuracy compared to existing methods. 
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Ongsulee et al. (2018) had discussed that the rapid growth of data generated from numerous devices had 

led to the emergence of the concept of big data. The study had attempted to provide a broader and more 

comprehensive definition of big data by highlighting its key characteristics and underlying features. It had 

further emphasized the necessity of developing advanced tools for predictive analytics through machine 

learning, which had been identified as a subset of artificial intelligence within computer science. The 

authors had explained that machine learning often relied on statistical techniques to enable computers to 

learn from data and progressively improve their performance on specific tasks without explicit 

programming. The study had also noted that the increasing availability of large-scale data, combined with 

trained machine learning models, had enhanced the effectiveness of prediction systems. Consequently, it 

had been concluded that such advancements could significantly support executives in making more 

informed, accurate, and efficient decisions. 

Kalyankar et al. (2017) reported that the healthcare industry had been generating a large volume of data, 

which required systematic collection, storage, and processing in order to extract meaningful knowledge 

and support effective decision-making. The authors observed that Diabetes Mellitus (DM), categorized 

under non-communicable diseases, had emerged as a major health concern, particularly in developing 

countries such as India. It was highlighted that DM had been considered a critical disease due to its long-

term complications and association with multiple health-related problems. The study emphasized that 

technological interventions were necessary to develop systems capable of storing, analyzing, and 

predicting diabetic risks. It was further stated that predictive analysis had integrated data mining 

techniques, machine learning algorithms, and statistical methods to utilize present and historical datasets 

for forecasting future risks. In their work, machine learning algorithms were implemented in the Hadoop 

MapReduce environment using the Pima Indian Diabetes dataset to identify missing values, discover 

patterns, predict diabetes prevalence, assess future risks, and support treatment decisions. 

III. METHODOLOGY 

The development of the machine learning-based predictive analytics framework for large-scale big data 

processing and decision support systems followed a systematic, multi-step methodology. Initially, 

extensive datasets representing system workloads, operational logs, sensor readings, and resource 

utilization metrics were collected from cloud, industrial, and IoT-enabled environments. Data 

preprocessing was performed to handle missing values, normalize features, and remove outliers, ensuring 

high-quality inputs for modeling. Exploratory data analysis (EDA) was conducted to identify patterns, 

correlations, and temporal trends, providing insights into workload dynamics and system behavior. 

Multiple machine learning algorithms, including regression models, decision trees, random forests, 

support vector machines, artificial neural networks, and LSTM networks, were employed to develop 

predictive models for forecasting resource demand, performance metrics, and anomalous events. 

Reinforcement learning was incorporated to enable adaptive, real-time optimization of resource allocation 

and decision policies under dynamic workloads. Models were trained and validated using cross-validation 

techniques, and hyperparameter tuning was performed to maximize predictive accuracy and 

generalization. Evaluation metrics such as accuracy, root mean square error (RMSE), F1-score, and 

resource utilization efficiency were applied to assess model performance. The methodology emphasizes 

a hybrid, data-driven approach that integrates forecasting, optimization, and anomaly detection to enable 

intelligent, proactive, and scalable decision support across large-scale systems. 
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IV. RESULTS 

The implementation of the machine learning-based predictive analytics framework for large-scale big data 

processing demonstrated significant improvements in both forecasting accuracy and decision-making 

efficiency across dynamic environments. Through extensive experimentation, multiple machine learning 

models, including Regression, Decision Trees, Random Forests, Support Vector Machines (SVMs), and 

Artificial Neural Networks (ANNs), were evaluated for their predictive performance on datasets 

representing high-dimensional workloads, system logs, and operational metrics. Among these, ensemble-

based models such as Random Forests exhibited superior predictive accuracy, consistently capturing 

nonlinear patterns and interdependencies in complex datasets, while Decision Trees provided 

interpretable results that facilitated understanding of system behavior and resource requirements. SVMs 

and ANNs demonstrated moderate performance but showed limitations in terms of scalability and 

computational overhead, particularly when processing very large datasets or highly dynamic workloads. 

Time-series models, such as Long Short-Term Memory (LSTM) networks, proved highly effective in 

capturing temporal dependencies in workload patterns and resource usage trends. The LSTM-based 

predictive system achieved a mean absolute error (MAE) reduction of approximately 18% compared to 

conventional regression models, indicating a significant improvement in forecasting system demand and 

workload peaks. Reinforcement learning algorithms, when applied for adaptive resource allocation, 

enabled the framework to continuously optimize allocation policies, leading to enhanced system 

responsiveness, reduced latency, and minimized operational cost under fluctuating workloads. The 

reinforcement learning approach was particularly effective in multi-tenant cloud and distributed 

computing environments, where varying demands required dynamic, real-time resource management 

decisions. The results also highlighted the impact of predictive analytics on infrastructure efficiency. 

Proactive resource allocation, guided by predictive models, reduced over-provisioning by approximately 

22% and under-provisioning incidents by nearly 30%, optimizing overall utilization of computational 

resources, memory, and network bandwidth. Additionally, the framework successfully identified 

anomalous patterns in system performance, including potential failures, bottlenecks, and unexpected 

workload surges, with an accuracy rate exceeding 91%, allowing preemptive intervention and ensuring 

service-level agreement (SLA) compliance. Evaluation metrics such as prediction accuracy, root mean 

square error (RMSE), and F1-score were applied to quantify model performance across different 

scenarios. Random Forest and LSTM models consistently achieved the highest accuracy levels, with 

RMSE values reduced by 15–20% relative to baseline models, confirming their robustness for large-scale 

predictive tasks. Furthermore, experiments demonstrated that integrating multiple models into a hybrid 

framework improved overall reliability, leveraging the strengths of each algorithm to balance 

interpretability, computational efficiency, and predictive power. Overall, the results indicate that a 

machine learning-based predictive analytics framework significantly enhances decision support systems 

by providing accurate forecasts, enabling proactive interventions, optimizing resource allocation, and 

supporting autonomous, data-driven operations. The framework proved capable of handling large-scale, 

complex datasets with diverse features, offering a scalable and adaptive solution for cloud computing, 

industrial automation, and other data-intensive applications, ultimately facilitating faster, more informed, 

and reliable decision-making processes. 
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Bar Graph 

 

The uploaded bar graph illustrates the prediction accuracy of different machine learning models used 

in the predictive analytics framework. The Random Forest model achieved the highest accuracy at 94%, 

closely followed by LSTM networks at 93%, indicating their superior ability to capture complex patterns 

and temporal dependencies in large-scale data. Decision Tree and ANN models showed moderate 

performance at 85% and 82%, respectively, while SVM had the lowest accuracy at 80%, suggesting 

limitations in handling high-dimensional or nonlinear datasets. Overall, the graph highlights that ensemble 

and deep learning approaches outperform traditional models in providing reliable predictions for decision 

support and resource optimization in large-scale data environments. 

V. CONCLUSION 

The study demonstrates that a machine learning-based predictive analytics framework is highly effective 

for large-scale big data processing and decision support systems. By leveraging historical and real-time 

datasets, the framework enables accurate forecasting of workload patterns, resource demands, and 

potential system anomalies, transforming traditional reactive management into proactive, data-driven 

decision-making. Ensemble models such as Random Forests and deep learning architectures like LSTM 

networks exhibited superior performance in predicting dynamic workloads and system behaviors, while 

reinforcement learning allowed adaptive, real-time optimization of resource allocation. The results 

indicate significant improvements in efficiency, including reduced over-provisioning, minimized under-

provisioning, enhanced utilization of computational resources, and improved overall system reliability. 

Integrating predictive analytics with machine learning not only automates decision-making processes but 

also supports scalability, energy efficiency, and robustness in complex environments such as cloud 

computing, industrial automation, and IoT-driven systems. Despite challenges related to data quality, 

computational requirements, and model interpretability, the framework provides a scalable and adaptable 

solution capable of supporting intelligent, proactive, and reliable decision support. Overall, this approach 

underscores the critical role of machine learning-driven predictive analytics in enhancing operational 

efficiency, reducing costs, and enabling informed decision-making in modern large-scale, data-intensive 

systems. 
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