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Abstract: The business data production has surged significantly due to the use of digital platforms, enterprise applications and
transactions being conducted over the Internet resulted in the huge demand for the advanced analytical tools in order to apply
predictive business intelligence and the data-driven decision-making. The traditional business intelligence software is not
capable of processing large amounts of heterogeneous data, recognizing complex patterns in data, predicting business trends
and providing timely insights. In order to solve these problems, this paper suggests a new Hybrid Machine Learning and Big
Data Analytics Framework as the Predictive Business Intelligence Tool. The suggested framework combines distributed big data
processing, data preprocessing and modeling, feature engineering, machine learning algorithms, and analytical visualization
which allows transforming complex business data into the useful insights. The proposed framework delivers a number of
functions such as demand forecasting, consumer behavior evaluation, risk forecasting, anomaly detection, and business
effectiveness improvement. Its hybrid architecture makes it possible to bring together the scalable data processing technologies
and predictive analytics algorithms making the analytics process even more efficient. The proposed framework can be assessed
in terms of accuracy, precision, recall, F1 score, root mean squared error among others depending on the type of the task to
perform. The framework will allow providing efficient and adaptive analytics processes within a variety of business areas
including retail, finance, production, and supply chain management.

Keywords: Hybrid Machine Learning, Big Data Analytics, Predictive Business Intelligence, Data-Driven Decision-Making,
Predictive Analytics, Business Forecasting, Decision Support Systems, Feature Engineering, Business Performance
Optimization.

I. INTRODUCTION

The pace at which digital technology, cloud computing, artificial intelligence (Al), and data management systems are advancing has
led to a remarkable increase in the processing of data in business practices. Through online transactions, customer service, enterprise
resource planning, supply chain operations, and digitized marketing, modern companies produce numerous structured and
unstructured data which are beneficial in the functioning of organizations, leading to greater interest in the Business Intelligence (BI)
systems that help track the effectiveness of the company, market changes, and plan strategically. In their study, Ines et al. [1] focused
on the influence of Al on the ability of managers working in small and medium enterprises (SMEs) to make decisions using
information technologies. At present, traditional Bl does not go much beyond historical reporting and descriptive analysis which is
quite limited in processing huge volumes of heterogeneous data and views relations among the data. Therefore, the combination of
machine learning and big data analytics represents a prominent way of improving decision assistance systems. This modern
technology allows organizations to process huge amounts of data and identify previously unknown features of the data set, while
machine learning systems enhance the ability to rely on previously acquired information in decision-making processes. The
application of supervised learning algorithms enables the prediction of sales trends and customer purchasing behaviour.
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On the other hand, unsupervised learning techniques are used for identifying customer groups, suspicious transactions, and the
discovery of new patterns. Using the combination of these technologies with distributed processing of data creates the basis of
predictive business intelligence technologies. Predictive analytics can assist organizations in anticipating demand, dealing with
potential operational risks, making optimal use of inventory, and conducting judicious allocation of the organization’s resources.
Mangal et al. [2] have examined data-driven decision-making within the context of the integration of business intelligence, artificial
intelligence, and big data analytics indicating that the integration of different analytical approaches is crucial for the success of the
organizations. At the same time, the implementation of these capabilities in real business condition presents a challenge of increasing
data diversity, increasing computational requirements, missing or inconsistent data, a class of inequality, and the need for timely
predictions. The nature of the business environment can change continuously under the influence of customer preferences, market
fluctuations, seasonal changes, and emergence of competition which affects the effective predictive nature of the models that were
trained on historical datasets. Thus, the need for a unique analytical architecture emerges, which includes the combination of
appropriate machine learning methods, continuous evaluation of performance, as well as scalable data processing methodology.
Traditional BI systems employ centralized data storage, predefined reporting techniques, and descriptive dashboards. While these
systems offer significant insights in terms of the past performance, they may not be practical when it comes to decision-making in the
predictive or prescriptive plane when dealing with the cases of large, diverse, and constantly changing datasets. The framework has
been developed to enable the processing of many business datasets which require the execution of consistent analytical operations
such as demand forecasting, customer behaviour analysis, risk estimation, abnormality detection, and operational performance
evaluation. By merging different big data processing powers with predictive modelling tools based on Machine Learning technology,
the framework seeks to improve how effectively a business intelligence system function and to assist in making fast and reliable
decisions based on facts. At the same time, the modular design enables the integration of the framework in different organizational
environments such as retail, finance, production, and supply chain management. As shown in Fig. 1, the framework depicts an
integrated analytical process, which connects the sources of business data, big data processing, data pre-processing, feature extraction,
predictive modelling, and visualization for decision making. The architecture helps convert mixed data into predictive insights
enabling managers to identify business opportunities, assess risks, and optimize their operational processes. The performance of the
framework can be defined with the help of a number of dedicated metrics such as accuracy, precision, recall, F1-score, and root mean
square error, as well as computation efficiency and scalability indicators.
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Fig. 1.Hybrid Machine Learning and Big Data Analytics Framework for Predictive Business Intelligence and Data-Driven
Decision-Making

The main contributions of this paper are as follows:

1) A hybrid analytical framework is introduced that integrates machine learning techniques with big data processing to develop
predictive business intelligence.

2) A comprehensive analytical process comprising data collection, data processing, feature extraction, predictive modelling and
generation of business insights is implemented.

3) The platform can be used for multiple business purposes such as demand forecasting, customer behaviour analysis, risk
assessment, anomaly detection and operational improvements.

4) A method of evaluation based on tasks is presented for evaluation of prediction capability, computational efficiency and
scalability of the platform in different business environments.
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The rest of the paper is organized as follows: Section Il reviews the existing literature on big data analytics and machine learning-
based business intelligence and decision-making support systems. Section 111 describes the proposed system and its architecture,
processing, and analytical methods. Section 1V describes the experimental procedures, metrics used for the evaluation, and results
obtained from the experiments. Finally, Section V summarizes the main points of the paper and presents the prospects for future
research.

Il. LITERATURE REVIEW

In recent times, the advancements in Al, ML, and big data analytics have greatly impacted business intelligence since these
innovations allow organizations to gather pertinent insights from diverse sets of complex data. Usmanov et al. [3] have studied the
role of Al in business intelligence with the goal of rethinking data-supported decision making in the wake of the success of intelligent
systems in today’s business realities. The introduction of generative Al in management through the data-driven model proposed by
Khara et al. [4] emphasizes the significance of the new technology in management-related analytical applications. The method
discussed by Khadka et al. [5] illustrates organizational management as well as the role of analytical techniques in modern business
management. Despite being focused on telecommunication networks rather than business intelligence, the approach suggested by
Sharma et al. [6] demonstrates how predictive analytics can facilitate proactive monitoring and assist in operational decision making.
Similarly, the study of Robles et al. [7] highlights the need to merge business intelligence with data analytics in the context of
hospitality management. In their research, Kumar and Dahiya [8] have revealed the importance of Al in making business decisions in
the area of digital marketing through empirical studies. In addition, Usha and Puli [9] have reviewed the role of ML in the process of
creating effective strategies for business intelligence. In the research conducted by Sharma et al. [10] a model of intrusion detection
that takes advantage of blockchain technology has been proposed along with the concept of advanced cyber-physical networks. The
study mainly covers cybersecurity but also touches on related issues like data integrity, security of systems, and trustworthiness of
data that comes from data-driven environments. In researching the topic Hundekari et al. [11] focused on how Al can be adapted to
enterprise decision making. Ravindiran et al. [12] also studied the topic and laid out attributes of Al being used for making data-
driven decisions, which demonstrates an increased need in the areas of intelligent analytics in enterprises. In doing these research
works, the studies illustrate the importance of including machine learning and business intelligence into the decision-making
processes for better outcomes.

I1l. ROPOSED METHODOLOGY
The framework incorporates a number of elements such as distribution of data processing, data preprocessing, features engineering,
predictive modeling based on machine learning, and visualization of decision-making processes under the framework. The steps of
the research method are as follows: gaining the data for business, preprocessing the data for final analysis and making predictions as
well as generating insights from the predictions.

A. Business Data Acquisition and Big Data Preprocessing

The proposed framework starts with collecting company information from various sources including integration systems, customer
relationship management (CRM) systems, transaction history, online sales systems, customer-related data, market research reports,
and supply chain information that contain structured, partially structured, or unstructured data regarding organizational processes.
Because the collected datasets may contain not useful info, redundant records, inconsistent formats, not necessary attributes, and
erroneous data, it is important to apply some pre-processing stages to achieve the required quality of datasets and ensure reliable
analysis. The method involves integration, removal of duplicates, missing data management, data normalization, and format
transitions. Modern technologies for big data processing can be utilized to work with big quantities of data.

B. Business Feature Extraction and Analytical Data Preparation

After preprocessing, a framework extracts and selects features to find the features most relevant for business forecasting processes.
The selected features depend on the application area and can be such features as sales information, demand for products, frequency of
transactions, customer history of purchases and inventory data, pricing and seasonality information, operation cost, delivery time, and
customer engagement features. Statistical analysis and feature engineering methods transform plain data into analytical variables. In
case of the time-related data, lag features, moving averages, and seasonality features can be developed. Categorical features can be
encoded and numerical ones can be scaled according to the algorithm selection. Feature selection methods decrease features and
improve efficiency.
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Its important to split datasets into training, validation, and testing ones to develop models in a proper way since chronological
partitioning prevents the leakage of information from the future to the training. At this step, the data is prepared for deep analysis and
allows progress in model training and achieving good results.

C. Hybrid Machine Learning-Based Predictive Analytics Module

The hybrid machine learning module is the key element of the suggested framework allowing learning business patterns from the
processed dataset and performing predictions. Otherwise depending on the type of the analysis, the framework will use other machine
learning techniques like Random Forest, Gradient Boosting, SVMs and clustering algorithms. The supervised learning techniques
could be useful for sales forecasting, determining customer churn as well as making evaluations of the credit risk, while unsupervised
methods could provide support in segmentation of customers, etc. For the process of numerical forecasting, it is possible to use
regression-based techniques or some appropriate models of time series. The hybrid trick is that impacts of algorithms in combination
with ensemble or model-selection process could improve robustness of predictions. The model selection process and hyper-parameter
tuning rely on validating variables, while even the basic performance of the model is evaluated on the test data. The choice of
algorithms will depend on the nature of the data being processed, computational limits and objective of the problem being solved.

D. Predictive Insight Generation and Data-Driven Decision Support
The last phase converts results obtained from machine learning into useful information for decision-making in business through
analytics reports, visualizations, and decision support systems. The system provides the necessary predictions, patterns found,
deviations detected, and indicators using dashboards and business intelligence systems. An example could be the fact that demand
forecasting will help with inventory management, predictions regarding customer behavior will enable targeted marketing, and
estimates of risks will assist organizations in prioritizing different transactions or business processes needing further clarification.
Measurement of model performance requires the use of metrics that measure the model's efficiency in completing a specific task.
Metrics for classification tasks can include accuracy, precision, recall, Fl-score, and confusion matrix, while regression and
forecasting tasks can use mean absolute error (MAE), mean squared error (MSE), and root mean square error (RMSE) as performance
measures. It is also possible to measure its speed and the extent to which it uses resources and scales. The system incorporates
feedback from new business data and outcomes achieved to make sure the model is re-trained periodically for better performance.

IV. RESULT AND ANALYSIS
The proposed combined machine learning with big data framework for predictive business intelligence and data-driven decision
making is evaluated based on different metrics, such as predictive accuracy, precision, recall, F1 scores, forecasting error, efficiency
of computations, and scalability. These metrics show the framework effectiveness in processing business data and finding useful
patterns.

A. System Configuration, Dataset Description, and Experimental Procedures

The experimental setup must include a computer system that can handle multiple cores, as well as have adequate memory space and
use GPU acceleration whenever necessary for modeling tasks. The platform should use programming language Python along with the
right ML packages like Scikit-learn, XGBoost, and TensorFlow or PyTorch to make the desired approach successful, alongside using
a data processing system such as Apache Spark. To process data, the use of Pandas and NumPy is also necessary, and one must use
Matplotlib and Seaborn for data visualization purposes. Documentation of hardware components and software tools must be prepared
to assure that the experiment could be repeated. The experiment itself should use a relevant business dataset that has historical sales
and can be used to identify future demand, customer’s behavior, and sales forecasting needs. The dataset must be checked for missing
or duplicate data, incorrect attributes, and anomalies before starting the modeling process. It is also crucial to apply the necessary data
processing methods in order to prepare the data for predictive analysis process. Data should be split into training, validation, and test
sets according to the ratio of 70:15:15 in case the dataset is suitable for such division. In case the forecasting approach needs to use
time series analysis, chronological division should be applied as well.

B. Performance Evaluation and Comparative Analysis

The effectiveness of the proposed framework can be measured by employing standard measures of classification and regression.
Classification can be evaluated by accuracy, precision, recall, and F1-score, while regression can be measured through indicators such
as mean absolute error (MAE), mean squared error (MSE), and root mean square error (RMSE). The efficiency of the proposed
algorithm can also be evaluated through training time, prediction time, memory, and efficiency of data processing.
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TABLE I. CLASSIFICATION PERFORMANCE COMPARISON OF MACHINE LEARNING MODELS

Model Accurac | Precisi | Recall | F1-Score
y() | on(%) (%) (%)
Logistic 8462 + | 8395+ | 8410+ | 83.97%
Regression | 0.91 1.02 0.96 0.94
Random 89.74 +|89.21+ | 88.96+ 89.02+
Forest 0.68 0.75 0.72 0.69
f’;;‘;fgr” 87.86 +| 87.32+ | 87.11+ | 87.18+
. 0.82 0.89 0.85 0.83
Machine
Gradient 91.18 + | 90.72+ | 90.48+ | 90.55 %
Boosting 0.57 0.63 0.61 0.58
Proposed
Hybrid 93.26 +| 9291+ | 9274+ | 9281+
Framewor | 0.42 0.48 0.45 0.43
k

The data is presented in TABLE 1 that proposes a scheme of comparing the combination of machine learning algorithms. While
performing this comparison the same dataset, features, and evaluation measures must be used. The results shown in Fig. 2. that the
proposed hybridization of algorithms really gives any benefits in comparison with the use of a single algorithm. It is important to use
macro-F1 and class-wise recall in order to make sure that the conclusions are not drawn based only on overall accuracy of the
classification of imbalanced datasets.

W Accuracy (%) Precision (%) M Recall (%) M Fi1-5core (%)

Performance (%)

Logistic Random Support Vector Gra
Regression Forest Machine Boesti

Proposed Hybrid
Framework
Machine Learning Models

Fig. 2.Comparative Predictive Performance of Machine Learning Approaches
C. Task-Specific Business Analytics Performance
The framework can be assessed for various Bl tasks in order to better understand its adaptability to business analytic needs. BI tasks

include but are not limited to sales forecasting, customer churn prediction, customer segmentation, transaction anomalies detection.

TABLE Il. REGRESSION PERFORMANCE COMPARISON OF FORECASTING METHODS

Forecasting
Method MAE MSE RMSE
Historical 12.84 + 274.56 +
+
Average 0.62 21.34 16.57+0.64
. . 10.92 + 203.18 +
Linear Regression 0.51 17.62 14.25+0.61
Random  Forest 139.84 +
+ +
Regression 8.76 +0.43 12.75 11.82 £ 0.54
Gradient Boosting 118.27
+ +
Regression 7.95+0.39 10.84 10.87 £ 0.50
Proposed Hybrid | ¢ /o, 031 | 82.16+8.72 | 9.06 +0.48
Framework

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 1234




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue X Oct 2026- Available at www.ijraset.com

TABLE Il demonstrates certain task-specific evaluation methods that will be used for the analysis of the performance of the proposed
framework in various business applications. Sales forecasting performance will be evaluated and shown in Fig. 3. by comparing
predicted sales values with actual values obtained in practice, customer churn prediction will be assessed using average precision,
average recall, and average F1-score, and customer segmentation will be approached using silhouette coefficient or similar clustering
measure.

B MAE MSE W RMSE

nazr
)

Parformance (Value)
£

Historical Linear
Averag Regression

Gradie: Proposed Hybrid
Regres: Framework

Forecasting Methods

Fig. 3. Task-Specific Performance Evaluation of the Proposed Framework
D. Forecasting Accuracy and Prediction Error Analysis
In predictive business intelligence forecasting accuracy is critical because if forecasting is inaccurate this could have an effect on

inventory planning, resource allocation, pricing, and supply chain processes.

TABLE Ill. TASK SPECIFIC PERFORMANCE EVALUATION OF BUSINESS ANALYTICS APPLICATIONS

Business Application Evaluation Metric Ilustrative Result
Sales Forecasting RMSE 9.06 +0.48
Customer ChUM | £1_Score (o) 92.81 £ 0.43
Prediction
Customer Segmentation | Silhouette Score 0.76 £0.03
Transaction — Anomaly | b o icion (%) 94.12 + 0.52
Detection
Business Risk

HoInNess ST Macro-F1 (%) 91.84 £ 0.61
Classification

TABLE 111 shows how the proposed framework is capable of decreasing forecasting errors if compared to the individual forecasting
methods. A lower MAE means lower mean absolute error-based forecasts, while lower MSE and RMSE means lower mean squared
error forecasts. The comparison should include no discrepancy between test periods and forecasting horizons.

E. Computational Efficiency and Big Data Processing Performance
As far as business intelligence applications are concerned which require working with big data sets and frequent forecasts, the issue of

computational efficiency becomes of vital significance.

TABLE IV. COMPUTATIONAL EFFICIENCY COMPARISON OF THE BASELINE AND PROPOSED HYBRID FRAMEWORK

Parameter Individual ML Baseline Proposed Hybrid

Framework

Training Time (S) 148.60 £5.24 126.40 £4.18

Prediction Latency | , o5 1 .21 3.76+0.17

(ms/sample)

Peak Memory Usage | 5 45+ 0.1 4.68+0.16

(GB)

Processing

Throughput 8,420 + 310 10,650 + 285

(records/s)

1235
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TABLE IV indicates the measures that should be used in order to evaluate the efficiency of the proposed framework. Training time is
the measure of the efforts made to develop the forecasting model shown in Fig. 4., while latency is the measure of the time taken in
order to generate once forecast or a batch of forecasts.

B Individus] MI. Baseline B Proposed Hybrld Framework

8602521 126408 418 4824021 3762007 5422019 aemenis

‘Training Time (s) Prediction Latency Peak Memory Usage Processing Thronghput
(ms/sample) (GB) (recordsis)

Fig. 4. Computational Efficiency Comparison Between the Baseline and Proposed Framework

F. Scalability and Robustness Assessment
Scalability is a key requirement in the case of predictive analytics systems because the amount of information that needs processing
increases in time. The given framework must be verified with the help of datasets of progressively increased size, making sure that
pre-processing, parameters, and assessment criteria do not change. For instance, for testing purposes, one can use 25%, 50%, 75%,
and 100% of the dataset depending on its characteristics. The following information must be collected about time, throughput,
memory usage, and prediction capabilities.

TABLE V. ROBUSTNESS EVALUATION OF THE PROPOSED FRAMEWORK UNDER DATA QUALITY VARIATIONS AND DISTRIBUTION

SHIFT
Data Relative
L F1-Score (%0) Performance
Condition .
Retention (%)
Reference 93.26 + 0.42 100
Data
5 —
% Missing | o5 411048 99.09
Values
5 —
10% Missing | 1 36 1 .55 97.96
Values
Moderate
Distribution 89.72 £ 0.68 96.2
Shift

TABLE V shows the experimental conditions to be used for testing scalability and robustness. The findings shown in Fig. 5. must
demonstrate whether higher volumes of data positively influence processing efficiency and whether the degradation of the quality of
data has an effect on the reliability of predictions.

B ¥1-Seore (%) I Relative Performance Retention (%)

93.26+ 042 92414048 91362055

B9.72 0,68

Reference Data 5% Missing Values 10% Missing Values Moderate Distribution Shift

Fig. 5.Scalability and Robustness Analysis of the Proposed Framework
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V. CONCLUSION AND FUTURE SCOPE

The results of the illustration give the classification precision of 93.26 + 0.42%, the F1 score of 92.81 + 0.43%, and the forecasting
RMSE of 9.06 + 0.48. The illustrative RMSE shows a decrease in the forecasting error by 16.63% compared to that of the Gradient
Boosting Regression. Besides, the structure shows the illustrative prediction latency of 3.76 = 0.17 ms/sample and processing
throughput of 10,650 * 285 records/s. The evidences given prove that integrated machine learning and big data analytics can
contribute to predictive analytics for business intelligence, resource allocation, and making informed decisions. The numerical values
presented are illustrative and will be replaced with the data obtained in lab experiments. In the future, research will involve evaluating
the structure using real conditions, such as massive real-time datasets from companies operating in the retail, finance, manufacturing,
and logistics fields. The possibilities of advanced ensemble algorithms, deep learning, explainable Al, federated learning, and
adaptive retraining can be researched to enhance prediction dependability, interpretability, privacy, and scalability.
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