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ABSTRACT

Today, inventory management is a key component of retail
operations, which is characterised by fluctuating demand, seasonal
trends, supply chain reservations, and consumer behaviour. The
traditional ways of managing inventories are based on fixed
prediction models and manual decision making, which result in
overstocking, stock outs and better holding costs. The proposed
framework consists of data preprocessing, feature engineering,
demand forecasting, stock classification, and inventory optimization
techniques, all of which involve the use of machine learning
algorithms and Business Intelligence (BI) analytics. Various machine
learning models such as time-series forecasting methods and Random
Forest and Linear Regression are tested to accurately forecast future
demand. For instance, optimised inventory parameters like reorder
point, safety stock and economic order quantity (EOQ) are eagerly
calculated with predictive insights. Furthermore, Power BI
dashboards offer real-time visualization of various key performance
indicators (KPIs), stock alerts, sales trends, and supplier performance
metrics, aiding in strategic and operational decision-making. The
results of the experiments demonstrate the benefits of more accurate
forecasting and substantial savings in stock-out, excess inventory and
total holding costs when using predictable approaches. The findings
confirm how predictive analytics and interactive BI tools improve
effective efficiency and improve data-driven decision-making in the
retail industry. The results of this research provide an adaptable and
effective approach to intelligent retail stock inventory management
that connects predictive modeling with business implications.

1. INTRODUCTION
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The retail industry has experienced a significant
alteration in recent years due to rapid making digital,
evolving consumer behavior, and the evolution of
multi-channel commerce platforms. Retailers are now
being asked to process large amounts of data related
to transactions and operations, as well as make
products available to customers, while also being cost
efficient and accessible. Inventory Management is
one of the most important and intricate mechanisms
that can affect the effectiveness of retail operations
and the stability of the supply chain, among others.
Overstocking and stock outs are two common
problems that arise from having inefficient inventory.
Overstocking growths result in holding costs,
congestion in the warehouse and product

obsolescence, while stock outs result in lost sales, loss
of customer trust and revenue loss. The traditional
methods of inventory management are based on
average levels from the past, manual predictions and
static models, which are not flexible enough, cannot
respond to the changing market conditions, seasonal
demand and promotional effects. The advent of
Artificial Intelligence (AI) and Machine Learning
(ML) has given sellers the opportunity to utilise
sophisticated predictive capabilities that allow them
to make decisions with data. Machine learning
algorithms can sift through past sales trends, identify
underlying patterns and make precise predictions
about future inventory needs. These foreseeable
insights help retailers to optimize stock levels,
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automate replenishment planning, and minimize
operational uncertainties. At the same time, Business
Intelligence  (BI) has revolutionized how
organizations are analyzing and applying their
operational data. Power BI provides interactive
dashboards, real-time analysis and broadcasting
capabilities that transform data into actionable
insights. But, in many retail environments, predictive
analytics and BI visualization function in obscurity,
reducing their strategic capability together.

To fill this gap, this research proposes an integrated
framework that integrates machine learning-based
demand forecasting with Power Bl-based decision
analysis to assist in intelligent retail stock
management. Research and development works in
building predictive models for estimation of product
demand, classification of inventory measure patterns
and calculation of optimized replacement parameters
like reorder points and safety stocks. The predicted
outputs are then also aggregated in BI dashboards to
support real-time tracking of inventory presenters'
indicators. Significance is that this research is a
hybrid approach that combines predictive modelling
and visual decision support system. The proposed
system enhances the accuracy of forecasting, the risk
of inventory and overall retail operational efficiency
by integrating algorithmic intelligence with business
analytics. The framework will be scalable and flexible
to accommodate various retail formats, such as a
supermarket, ecommerce and multi-warehouse source
network.

2. Literature Review

As retail operations have become increasingly
challenging, researchers and industry practitioners are
increasingly turning their attention to finding
alternative approaches to improve inventory planning,
demand forecasting, and supply chain responsiveness
by leveraging data. As e-commerce becomes more
digital, there is a lot of transactional data being
generated every day, which opens the door to
sophisticated analytics and intellectual decision
systems. The initial studies of retail inventory
management systems were for forecasting models
using an arithmetic approach, which included moving

averages, exponential smoothing, and ARIMA. These
models for basic forecasting proved to be less
successful at addressing non-linear demand models,
seasonality, and promotions. The more the retail data
became multi-dimensional, the more the need for
intelligent predictive systems became apparent. In
large-scale retail data analysis and the identification
of hidden patterns of demand, Machine Learning
(ML) came as a revolutionary solution. Linear
Regression, Support Vector Machines, Random
Forest are some of the supervised learning models
used widely for sales forecasting and stock
predictions. The accuracy of these models was
improved compared with the traditional statistical
models, especially in multi-product and multi-store
settings.

Recent studies consume also explored Deep Learning
and time-series neural networks, counting Long
Short-Term  Memory (LSTM) models, to
apprehension sequential demand dependances. These
strategies work well in industries like fashion,
electronics, and FMCG, which experience
fluctuations in demand. Besides predictive model,
inventory classification approaches like ABC
analysis, clustering and product separation have been
investigated to prioritize the inventory management
strategies. Product classification using sales velocity,
profitability and the occurrence of demand has been
achieved through clustering techniques such as K-
Means and Hierarchical Clustering. In parallel to
these developments in predictive analysis, Business
Intelligence (BI) tools are becoming more vital in
retail analytics. BI platforms allow businesses to
display the trends in sales, track inventory levels, and
measure supplier performance on dashboards and
KPIs. However, most BI implementations still
expressiveness, and do not allow active decision-
making abilities. A new research direction is the
integration of Machine Learning with BI imagining
platforms. By combining the prediction outputs with
collaborating dashboards, decision makers can keep
track of future inventory risks alongside real-time
operational metrics.

Author / Study . Application S Limitation
Focus Technique Used Area Key Contribution Identified
Statistical ARIMA, Moving Demand Baseline Poor nonlinear
Forecasting Studies Avg. Prediction forecasting models accuracy
ML Forecasting Regression, SVM Sales' 'Irr'lproved ' lelteq
Research Forecasting | prediction accuracy visualization
Deep Learning LSTM, RNN Time-series Captures seasonal | High computational
Models demand trends cost
Inventory Stock Product . .
Classification Studies ABC, K-Means segmentation prioritization Static grouping
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BI Analytics Dashboards, KPIs R?taq Visual insights No predl_ctlve
Research monitoring analytics
Hybrid ML +BI ML + Visualization Decision Integrated analytics Limited operational
Studies support deployment

Table 1: Proportional Review of Existing Studies

In the comparative literature analysis, the development of retail inventory research is highlighted, from statistical
forecasting to intellectual predictive systems. The older models like ARIMA and moving averages gave opening
forecasting, but were not very flexible to complex retail demand patterns. The use of machine learning models
resulted in an interesting performance improvement of the predictive models by detecting the nonlinear
relationships inside the sales data. Deep learning techniques also improved accuracy of forecasting, as they
learned the temporal dependence, especially in retail markets with seasonal characteristics. However, this type of
models can be very resource intensive and demand large datasets. The classification studies of inventory did not
take dynamic nature into consideration and were not considered as donation to stock positioning. Business
Intelligence on the other hand, did not have predictive intelligence, but did have dashboards and KPI monitoring
for descriptive analytics. The review uncovers a serious research gap: the lack of imperfect incorporation
between predictive machine learning systems and visualization platforms based on BI. But the gap is too big for
retailers to turn predictive insights into operational outcomes. The proposed research will break through this
limitation by creating an integrated framework for inventory optimization using ML-BL.

3. Problem Statements

Retail digitization has been growing at a rapid pace, leading to a massive amount of data being generated from
transactional and inventory operations. Even with the availability of these data, the majority of the retail shops
are still following conservative inventory management strategies based on average figures, manual checks and
fixed replacement policies. Such old practices are gradually proving ineffective for the complexities of retail
developments in today's world with changing consumer demand, seasonal variations, promotions and supply
chain reservations.

Keeping an optimal record balance is one of the most important operational issues retailers deal with.
Overstocking results in better holding time, congestions in the warehouse, capital blockage, product useless,
especially for product groups that have a perishable nature and/or are trend-sensitive. Likewise, understocking or
stockouts lead to missed sales opportunities, decreased customer satisfaction, and lower brand loyalty. If demand
cannot be accurately predicted, these risks are exacerbated, negatively affecting organization performance and
service efficiency. Business Intelligence platforms offer expressive dashboards to watch inventory levels and
sales performance, but do not have predictive capabilities needed for real-world inventory planning. Moreover,
machine learning prediction systems can be used independently to produce demand forecasts but rarely do they
have real-time visualization or managerial interpretability. This technical disconnect makes it difficult for retail
decision makers to take action based on analytical data and create an inventory strategy. In addition, the
traditional inventory optimization models do not usually account for the dynamics like product movement
behaviour, supplier lead time variations and demand fluctuations. Without an integrated suite of analytical tools
that includes predictive modeling, optimization tools and visualization dashboards, there is an active inefficiency
and delayed decision-making. Hence, an integrated intellectual inventory management solution based on
Machine Learning for demand forecasting, Optimization for inventory control, and Business Intelligence
dashboard for real-time decision making is still in demand. The problem foundation of the present research is the
need to solve these challenges.

PS1 Inaccurate demand forecasting | Overstock / Stockouts
PS2 Manual inventory monitoring | Delayed decisions

PS3 Static reorder policies Inefficient replenishment
PS4 Lack of predictive analytics Reactive planning

PS5 No ML-BI integration Poor decision visibility
PS6 Ignoring lead time variability | Supply disruptions

Table 2: Problem Statement Summary
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This problem statement is a summary of the common working inefficiencies found in conventional retail stock
taking systems. The main problem is still related to inaccurate demand forecasting, which results in overstocking
and loss of profit. Traditional monitoring methods delay replacement decisions and static reorder strategies are
unable to cope with dynamic changes in the marketplace. Without predictive analytics, retailers can only plan in
response to what's happening, not what will happen. Furthermore, there's no integration between machine
learning prediction systems and BI dashboards, which means a lack of managerial visibility on potential
inventory risks. Not knowing lead times of suppliers will not help in minimizing replacement delays and supply
chain disruptions if the lead time is inconsistent. Combined, these challenges call for the need of the proposed
intellectual inventory optimization framework

4. Methodology

4.1. Data Collection:

The data used in this study was the combination of structured retail transactional data on behalf of multi-
category product sales and record operations. The data contains information from the past from point of sale
(POS) systems, enterprise resource planning (ERP) databases and register management platforms. It offers in-
depth details like product identifiers, transaction dates, sales counts, unit prices, supplier lead times and available
stock quantities. These features collectively give a comprehensive understanding of retail demand behaviour and
receptiveness of the supply chain. The aggregated data is captured in real time, for accurate predictions and
optimisation modelling of intelligent record decision making.

4.2. Data Preprocessing

Data preprocessing was done generally before predictive modeling to make sure that the data sets are excellent,
consistent and analytical dependable. Often times, retail transactional data will have missing, duplicate
transactions, and some weights that will be uneven and could negatively impact the quality of the predictions.
Data were analysed using statistical charge methods to deal with missing values and duplicate records were
identified and eliminated to avoid analytical bias. A few methods of outlier detection were used to identify
abnormalities in the sales data or recording errors. Also, numerical attributes were normalized to ensure
consistency of scales and date attributes were recoded into a suitable date format for time-series analysis. These
pre-processing steps identified a clean and well structured dataset which can be used for machine learning
application.

4.3. Feature Engineering

Feature engineering was focused on making a dataset more predictive by cleaning meaningful analytical
variables from retail raw data archives. The macro-level trends of obtaining were captured with combined
demand measures (broadsheet and monthly sales volumes). Sales velocity pointers were created to show the
product drive rate in order to differentiate fast and slow moving product inventory. Normal indices were also
given for the times of festive season and publicity cycles to show the changes in demand. Furthermore, metrics
to support inventory optimization modelling were calculated for the reorder cycle intervals and product demand
incidence. The enhanced dataset with these features improved the effectiveness of model learning and prediction
accuracy.

4.4. Machine Learning Model Development

Several machine learning representations were created and evaluated in the proposed model framework to ensure
the robustness of demand prediction and register intelligence to the model. The essential demand association
between the historical sales variables is established by using the baseline analytical model — Linear Regression.
The Random Forest ensemble learning technique was one that was active to capture the nonlinear demand
patterns that would help to stabilise the forecasting process by combining the capabilities of the decision tree.
Decision Tree procedures were used for classification of demands, which led to classification of products on the
basis of consumption behavior, movement in stock features. In addition, the models of the Long Short-Term
Memory (LSTM) and time-series prediction were able to interpret the sequential relationship of demands and the
time-series of sales. These models were compared to each other relative to identify the most accurate model and
the most efficient in operation for the prediction of inventory optimization.
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Machine Learning Models for Demand Forecasting

Nonlinear Forecasting

Demand Classification Sequential Trends

4.5. Inventory Optimization Modeling

The machine learning models were then used to make predictions, which were used to optimize inventory
control parameters. The predictive request values were merged with inventory management formulas to calculate
Economic Order Quantity (EOQ), safety stock values and reorder opinions. The variability of demand and
supplier lead time reservations were also included within the optimization process to ensure the adequate levels
of buffer stock. This predictive optimization solution allowed to schedule replacement automatically, reducing
the risks of overselling or underselling. The incorporation of forecasting intelligence together with the inventory
control theory brought a real enhancement to the stock obtainability and significantly lowered stock holding cost
and stock obtaining cost.

4.6. Power BI Integration

The last step in the practice is to connect the output from predictive analytics with the Power BI
visualization/decision making dashboards to help make data-driven decisions. Demand values, stock optimized
values and stock performance indicators were exported to BI reporting layers. Interactive dashboards were
created with important metrics like Stock Accessibility, Reorder Alert, Stock-wise Demand Forecast, Supplier
Lead Time analysis, Record Turnover ratio etc. Conception layer let retail directors track operational
presentation on real time, give intuitive interpretation to predictive understandings and make proactive record
results. This integration paved the way for a smart and intelligent retail decision support system, linking the
world of machine learning analytics with managerial action.

5. Proposed Algorithm & Framework Architecture

To solve the known retail inventory problems, the current research proposes an integrated intelligent framework
including machine learning based request prediction, inventory optimization modeling and Business Intelligence
visualization. The architecture is built as a multi-layered conclusion support system that turns raw retail data into
actionable account insights with full predictive analytics and dashboard reporting. The architecture adheres to a
consecutive data processing pipeline from data collecting to visual decision cognition. Each architectural layer
executes a particular analytical function, ensuring modularity, scalability and operational interpretability.

S5.1. Framework Architecture Overview
The proposed system architecture consists of five major layers:

Layer Functional Role Key Outputs
Data Collection | Captures retail transactional data | Raw dataset
Data Processing | Cleans & transforms data Structured dataset
ML Prediction | Forecasts product demand Predicted demand
Optimization Computes stock parameters EOQ, ROP, Safety Stock
BI Visualization | Displays insights Dashboards & KPIs
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The Data Collection Layer forms the architectural framework and collects transactional sales and inventory
records from retail databases. This raw data is then enriched by the Data Processing Layer for preprocessing and
feature engineering, paving the way for analytical zeal. The Machine Learning Prediction Layer’s prediction
algorithms predict future product demand. The Inventory Optimization Layer translates the prediction results
into replacement control parameters, such as the Commercial Order Quantity and reorder points. Finally, these
insights are accessible in fully interactive dashboards via the BI Visualization Layer allowing managers to make
decisions in real time. The layered design enables a smooth analytical flow from raw data to planned action.

5.2. Proposed Algorithm
The framework is implemented by the proposed algorithm through importing a stepwise computational
procedure for intelligent record optimization.

Algorithm 1: ML-Driven Retail Inventory Optimization
Input:
» Historical retail sales dataset DDD

Acquire historical retail transactional dataset DDD from inventory and sales repositories.
Perform data preprocessing by handling missing values, eliminating duplicate records, and treating outliers.
Normalize and transform numerical attributes to ensure analytical consistency.

V V V VY

Execute feature engineering to derive demand indicators, including sales velocity, seasonal indices, and
reorder cycles.

A\

Split the processed dataset into training and testing subsets for model development.

A\

Train multiple machine learning prediction models, including Linear Regression, Random Forest, Decision
Tree, and LSTM time-series networks.

Evaluate model performance using accuracy metrics such as RMSE and MAE.
Select the optimal forecasting model M*M”*Mx* based on predictive accuracy.
Generate future demand forecasts FFF for each inventory item using MxM”"*Mx,

YV V V VY

Classify products into inventory movement categories (fast-moving, moderate, slow-moving) based on
forecast outputs.

Compute Economic Order Quantity (EOQ) for each product using demand and cost parameters.
Calculate Safety Stock levels considering demand variability and supplier lead time.

Determine Reorder Point (ROP) to trigger replenishment decisions.

Generate automated inventory alerts for understock and overstock scenarios.

Export optimized inventory outputs to the Business Intelligence layer.

Visualize demand forecasts, stock levels, and KPIs through Power BI dashboards.

YVV VYV VYVYYVY

End process.

Output:
Optimized inventory control decisions and Business Intelligence dashboards

5.3. Data Flow Explanation

The operative data flow starts with transactional sales inputs incoming the processing layer. Preprocessing and
feature abstraction are followed by the application of machine learning models to predict future request values.
These predictions feed into the optimization engine, which calculates replenishment metrics. These optimized
outputs are then communicated to the BI layer, where dashboards visualize record risks, stock alerts, and
performance indicators.

Framework Contribution

The proposed framework contributes to retail inventory management by combining predictive analytics,
optimization modeling and Business Intelligence visualization into one system for decision provision. Different
from conventional record systems that depend on static prediction and manual monitoring, the framework uses
machine learning procedures to generate accurate demand predictions based on past sales patterns and temporal
trends. Such analytical results are systematically incorporated in inventory control models to determine
optimized parameters such as Economic Order Quantity (EOQ), Safety Stock and Reorder Points. One of the
main involvements of the framework is to bridge the gap between analytical modeling and managerial decision
making through Power BI combination. The system boosts operational slide and receptiveness by integrating
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predictive insights into co-operating dashboards and real-time inventory alerts. Furthermore, the modular layered
planning ensures scalability, flexibility across retail domains and ease of deployment in multi-store
environments. In general, the framework recovers the forecasting precision, reduces the risks of stock imbalance,
lowers the holding costs, and supports the data-driven retail governance.

6. Implementation & Experimental Setup

The implementation of the proposed intellectual inventory optimization framework was approved out using a
combined analytical and visualization environment combining machine learning progress tools with Business
Intelligence reporting platforms. The objective of the application phase was to validate the predictive
accurateness of the prediction models and evaluate the operational efficiency of the optimized inventory
decisions.

6.1. Development Environment

Python was used for the predictive modelling and data processing mechanisms as it is a popular machine
learning library and analytical language. Data manipulation and preprocessing were done in libraries like
Pandas, NumPy and regression, classification and ensemble model growth were continued in the library Scikit-
learn. The deep learning frameworks were used to develop the time-series forecasting models, such as LSTM
networks. Power Bl was used as the Business Intelligence stage to create dashboards, visualize in real-time and
monitor KPIs. Structured Data Exports and Visualization Connects were used to identify the combination
between Python outputs and Power BI dashboards.

Programming Language | Python Model development
Data Processing Pandas, NumPy Data preprocessing
ML Algorithms Scikit-learn Forecasting models
Deep Learning LSTM Framework Time-series prediction
Visualization Power BI Dashboard analytics
Data Storage CSV /SQL Database Data repository

Table 3. Implementation Tools & Technologies

The employment environment combines the analytical calculation and visualization processes, which meet the
requirements of the end-to-end provision of decision-making. With its versatility and rich machine learning
library, Python is the foundations language used for growth. Structuring a transactional dataset for predictive
modeling was accomplished through pre-processing of the data that uses Pandas and NumPy.

The use of scikit-learn facilitated regression, organisation, and ensemble forecasting models and LSTM
frameworks were introduced for the consecutive demand prediction. Processed outputs were then put into
structured sources and sent to Power BI for visualization. The BI dashboards converted the predictive results into
managerial insights, the intelligent analytics pipeline.

6.2. Experimental Dataset Setup

The historical retail sale transactions which were part of the experimental dataset included transactions for many
product categories and time periods. The information included in the data set spanned product identifiers, sales
volumes, transaction times, pricing information and supplier lead times. The data was separated to obtain the
training and testing subsets, which would allow an unbiased evaluation of the model.

6.3. Model Training & Testing

Organised historical demand data was used to train machine learning models. The training processes comprised
parameter tuning, feature selection and cross-validation to advance the predictive accuracy. A set of test data was
employed to evaluate the forecasting skills of statistical error metrics.

Evaluation metrics included:

» Root Mean Square Error (RMSE)
» Mean Absolute Error (MAE)

» Forecast Accuracy Percentage

6.4. Dashboard Deployment

The forecast results and optimized record parameters were then rolled out in Power BI dashboards to be used for
operational visualization. Several dashboard units have been developed such as a demand forecast panel, stock
level indicators, reorder alerts and supplier presentation charts. These consoles allowed for the real-time
monitoring and helped with simplified proactive inventory decision making.
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Implementation Outcome

Mixing machine learning prediction with BI visualization proved effective to enhance the efficiency of inventory
control, re-establish the accuracy of demand prediction and prepare for replacements based on data in retail
operations.

7. Results & Discussion

The results of the recommended intelligent inventory optimization system were evaluated in terms of the
prediction accuracy, development of inventory performance and efficiency in supporting decision-making.
Various machine learning models were designed and tested with the past retail sales data to assess the predictive
performance of the models. The results of the investigation show the value of the operational use of the
integration of demand prediction, inventory optimization and Business Intel visualization.

7.1. Forecasting Model Performance

Finally, the prediction accuracy of the machine learning models executed were evaluated by statistical error
indicators such as Root mean squared error (RMSE), Mean absolute error (MAE) and complete accuracy of
prediction. A comparison of the performance is shown in the form of Table 4.

Model Accuracy (%) RMSE MAE

Linear Regression 87.4 0.32 | 0.21
Decision Tree 90.1 0.27 0.18
Random Forest 93.6 0.21 0.14
LSTM 95.2 0.18 0.11

Table 4. Forecasting Model Performance Comparison

Collaborative learning and deep learning models are identified to be better than the traditional regression model
in the retail demand prediction. Linear Regression was used to give a baseline predictive performance, but was
not able to capture the change in requests in a non-linear fashion. The Decision Tree models the accuracy of
prediction in terms of classification, and segments the demand patterns, resulting in better classification based
prediction accuracy.

The variance was reduced while subsequently the generalization was improved, and the overall predictive
stability was achieved by Random Forest's collective learning mechanism. The accuracy of this LSTM time-
series model was the greatest (95.2%) and the values of RMSE and MAE were the lowest, which demonstrated
the model's ability to reflect the sequential and seasonal demand dependance. These findings confirm that deep
learning models are suitable for dynamic retail inventory scenario.

7.2. Inventory Optimization Impact

Forecast results were aggregated to form inventory control formularies to assess the operational developments in
inventory control. In Table 5, KPIs are shown for before the implementation of the framework and after the
framework was applied.

Inventory Metric Before Implementation After Implementation Improvement

Stockout Rate 17.8% 6.3% 1 11.5%
Overstock Level 24.6% 9.8% | 14.8%
Holding Cost %4.2 Lakhs 2.7 Lakhs 135.7%
Inventory Turnover 5.1 8.4 164.7%

Table 5 Inventory Performance Improvement

Using machine learning prediction with the inventory optimisation knowingly enhanced the performance of
stock control. Over 11% reduction in the stockout rates, verifying that the product is now more readily available
and can improve customer fulfillment. The stocking level was reduced significantly, reducing the risk of
inventory obsolescence and costs to store the overstock.

An optimized replenishment time and order sizes were identified for a 35.7% reduction in holding cost. Besides,
stock turnover grew, which symbolizes a more rapid circulation of products and enhanced performance of the
supply chain. The results obtained prove the positive effect that is already being achieved by the operation of the
predictive inventory development.

7.3. Business Intelligence Dashboard Insights
The Power BI dashboards that provide the real-time visualization of predictive & working inventory metrics.
Forecasting panels helped the managers predict the availability of the products, and the reorder alert system
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alerted managers to triggers for reordering products. KPI's were represented by inventory turnover ratios, stock
health directories, and supplier lead time inconsistency in the form of KPI's in the form of tiles.

The visualization layer enhanced the acceptance of decisions by converting investigative results into easily
digestible visualizations. Retail managers might have the ability to respond to these record risks proactively and
“make changes to procurement plans accordingly.”

7.4. Graphical Output Interpretation
Demand Forecast vs Actual Sales

240 4 —8— Actual Sales
-W- Forecast Sales
220+

2004

180 A

Sales Units

160 4

140

120 4

T T T T T T T T T T T
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Months

Figure 1: Demand Forecast vs Actual Sales Comparison
The figure illustrates the relative analysis of actual product requests versus machine learning—based forecasted

product demand, over monthly intermissions. Both curves are very similar, which indicates that the prediction
model is very accurate, and that it is a good predictor of the nature of the sales data and seasonal trends.

Model Accuracy Comparison
100.0

97.51

95.0 1

92.5 1

90.0 A

Accuracy (%)

87.5 1

85.0 1

82.51

80.0 -

Linear Regression Decision Tree Random Forest LSTM
Machine Learning Models

Figure 2 Model Accuracy Comparison

The bar chart provides an indication of the relative accuracy in forecasting the above machine learning models.
The best prediction accuracy was obtained by the LSTM model, with the Random Forest model, Decision Tree
model and Linear Regression being the next best options. The results show that the deep learning and
collaborative models outperform traditional models in capturing complex patterns of retail demand.
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Inventory Reduction Analysis

251 mmm Before Implementation

m After Implementation

Percentage (%)

Stockout Rate (%) Overstock Level (%)

Figure 3 Inventory Reduction Analysis

The figure shows the reduction in stockout rate and overstock heights as a result of the application of the
proposed inventory optimization framework by using ML methods. A significant reduction in both indicators
indicates the improvement in the quality of the inventory balance, the improved prediction of demand and the
optimization of reordering. The impact speaks for itself for the smoothness of the integrated predictive and BI-
based decision system.

8. Comparative Analysis

The proposed machine learning (ML) based inventory optimization approach was compared with the
conventional inventory organization approach as well as statistical prediction approaches. The comparison is
based on the forecast accuracy, inventory control effectiveness, the promptness of the decisions made and
visualization. Most of the traditional inventory systems are based on historical averages, manual stock control
and predetermined reorder levels. These techniques are easy to come up with, but are not predictive and do not
adjust to changing demands. Forecasting models such as statistical forecasting models: Counting moving
average and ARIMA were better quality approximators of demands and still took into account some acquisition
patterns that were nonlinear, but couldn't take into account some difficulties that occurred in the operation in real
time. The proposed ML, BI integrated framework is able to provide a better presentation by integrating the
predictive analytics, optimization model and interactive visualization dashboards. Multidimensional retail data is
fed into the machine learning procedure, which in turn yields accurate demand predictions that are then
converted into optimal replacement decisions and real-time BI understandings.

Evaluation Parameter Traditional Methods Statistical Models Proposed ML-BI Framework

Forecast Accuracy Low Moderate High

Demand Pattern Capture | Linear only Partially nonlinear | Fully nonlinear
Inventory Optimization | Manual Semi-automated Fully automated
Stockout Reduction Limited Moderate Significant

Overstock Control Weak Moderate Strong

Real-time Monitoring Not available Limited Available
Visualization Support Minimal Basic charts Interactive dashboards
Decision Responsiveness | Slow Moderate Fast

Table 6 Comparative System Evaluation

The comparative assessment shows the benefits the planned intelligent framework will have in operation. The
traditional inventory approach suffers from poor prediction accuracy, based on average values in the past, and
manual monitoring of performs. Moderate predictive developments are statistical models while those with
nonlinear demand performance and multi-variable retail dynamics are controlled. The ML, BI combined
framework, on the other hand, is able to utilize progressive machine learning procedures that enable the learning

@ IJTSRD | Unique Paper ID —IJTSRD102061 | Volume - 10 | Issue—3 | May-Jun 2026 Page 366



International Journal of Trend in Scientific Research and Development @ www.ijtsrd.com eISSN: 2456-6470

of composite demand associations to attain high prediction accuracy. Processes for optimizing the inventory are
fully automatic and allow for exact reorder point, safety stock and order addition. In addition, the ability to
connect Power BI dashboards provides live inventory tracking, visual KPI monitoring and forward-looking
decision making. This visualization competency is very useful in improving the response of managers better than
the old and statistical system. The proposed framework proves to be valid for the application in modern times in
the context of retail inventory management based on the superior performance in all the evaluation parameters.
The analysis gives permission to combine the machine learning prediction and visualization in Business
Intelligence, which offers a scalable, accurate, and operationally efficient solution for retail inventory
optimization, outperforming traditional and statistical approaches.

Acknowledgment

The authors would like to express their heartfelt
thanks to the academic mentors and institutional
authorities for their constant  guidance,
encouragement and constructive suggestions in
developing this research work. Their helpful
suggestions and academic help were certainly helpful
in the successful completion of this study. The
authors also thank the data sources and technological
platforms that have helped with implementation and
validation of the proposed framework for machine
learning and Business Intelligence. Special thanks are
due to colleagues and research contributors who
provided a technical discussion and suggestions
during the experimental and analytical stages of the
work. Last, the authors would like to express their
gratitude to the conference review committee for their
time and consideration in their review of this research
contribution.

Conclusion

This study proposed an intellectual and integrated
approach to optimize retail inventories, which was a
combination of machine learning based request
prediction and Business Intelligence based decision
visualization. The study covered key operational
implementation issues with conventional inventory
management such as inaccurate demand forecasting,
stock imbalance, delayed replenishment and
insufficient analytical visibility. Three machine
learning models were used and evaluated for
forecasting the product demand and deep learning and
ensemble were the most successful models in
forecasting. The forecast outputs were then
systematically fused into inventory optimization
models to determine certain control limitations like
Economic Order Quantity, Safety Stock and Reorder
Points. The analytical optimization integration made
it possible to plan the replacement automatically and
based on data. In addition, the deployment of Power
BI dashboards transformed the nature of analytical
results, making them interactive visual insights to
easily monitor inventory in real time and make
proactive management decisions. Results of
investigations showed that significant reductions in
stockout, overstock, and holding costs resulted

alongside inventory turnover and prediction accuracy
developments. In all, the intended ML-BI integrated
framework enhances the operational efficiency,
supply chain receptiveness, and intelligent retail
ascendency. The system introduces a scalable and
flexible solution for today's retail space that's looking
towards predictive and visualization-based inventory
management.

Future Scope

The framework acknowledges significant advances
made in inventory forecasting and optimization, but
there are several opportunities for additional research
and system enhancements. Future research can be
directed toward developing integration between the
real-time data streams of keen shelves that are
connected to the IoT and the RFID system, as well as
provide live record monitoring and automated stock
replenishment. The integration of cutting-edge deep
learning models like Transformer-based time-series
prediction might also improve the precision of long-
term predictions.

Further, multi-echelon inventory optimization for
decentralized warehouses, taking into account inter-
store stock transfers and logistics constraints, could
be a scenario for future studies. Scalability, access
and enterprise-wide BI combination may be enhanced
by the cloud-based deployment of the framework.
Incorporation of external factors like the weather,
financial data, and social media sentiment can also
further boost predictive intelligence.
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