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Abstract: Efficient inventory management is essential for retail businesses, as inaccurate demand forecasting often leads to product
wastage, revenue loss, and reduced customer satisfaction. Traditional forecasting methods are limited in handling dynamic market
conditions and changing consumer behavior. This paper presents Invenlytics Al, a machine learning—based framework designed to
improve retail demand forecasting and inventory optimization. The proposed system analyzes historical sales and operational data
to generate accurate demand predictions and real-time stock alerts. A comparative study was conducted using Linear Regression,
Random Forest, and XGBoost models on a retail dataset containing 500 records. Model performance was evaluated using Mean
Absolute Error (MAE), Root Mean Square Error (RMSE), and R2 score. Experimental results show that XGBoost achieved the best
predictive performance with strong generalization capability. In addition, the framework is implemented as a web-based system to
support real-time monitoring and decision-making. Overall, Invenlytics Al provides an effective solution for.reducing inventory
waste, improving stock efficiency, and supporting data-driven retail management. The proposed approach demonstrates the practical
value of machine learning in building intelligent and sustainable inventory systems.

Index Terms - Inventory Management, Demand Forecasting, Machine Learning, XGBoost, Retail Analytics.

l. INTRODUCTION

Inventory management plays a vital role in the success of retail businesses. Maintaining the right balance between product
availability and storage cost is challenging due to unpredictable customer demand, seasonal trends, and market competition. Poor
inventory planning often results in stock shortages, excessive storage, and wastage of perishable goods, which negatively affects
profitability and customer satisfaction.

Traditional inventory forecasting methods are mainly based on manual estimation or basic statistical techniques. These approaches
are limited in handling large volumes of data and complex relationships between different factors such as pricing, discounts,
holidays, and customer behavior. As a result, retailers increasingly require intelligent systems that can analyze historical data and
provide accurate demand predictions.

Recent advancements in artificial intelligence and machine learning have enabled the development of data-driven solutions for
inventory optimization [4], [5], [6]. Machine learning models can identify hidden patterns in sales data and generate reliable
forecasts to support better decision-making. Among these techniques, ensemble learning methods such as Random Forest and
XGBoost have shown strong performance in handling nonlinear and high-dimensional data.

In this research, Invenlytics Al is proposed as an intelligent framework for retail demand forecasting and inventory optimization.
The system integrates data preprocessing, feature engineering, and machine learning models to predict future demand and generate

timely alerts for stock management. A web-based interface is also developed to provide real-time monitoring and analytical insights
for retailers.
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The main contributions of this study are summarized as follows:

e  Development of an end-to-end machine learning framework for inventory management
e Implementation and comparison of multiple forecasting models
o  Experimental evaluation using real retail inventory data
e Integration of predictive analytics with a practical decision-support system
1. RELATED WORK

The application of machine learning in retail inventory management has gained significant attention in recent years. Several
studies have explored predictive modeling techniques to improve demand forecasting and reduce inventory waste.

Umamaheswaran et al. proposed an Al-based forecasting approach using Artificial Neural Networks (ANN) to enhance supply
chain efficiency. Their work demonstrated improved prediction accuracy using historical sales data [1]. Similarly, Veluru developed
a gradient boosting—based system for retail inventory optimization, highlighting the importance of automated demand prediction in
reducing stockouts and overstock situations [2].

Recent research has emphasized the effectiveness of ensemble learning models. Ganguly and Mukherjee demonstrated that
optimized Random Forest models can outperform traditional regression techniques in retail sales prediction [7]. Ni et al. introduced
a hybrid SSA-XGBoost model for supply chain demand forecasting, achieving high accuracy through hyperparameter optimization
and feature engineering [8]. These findings indicate that boosting-based methods are particularly effective in capturing nonlinear
relationships within retail datasets.

Other studies have focused on real-time inventory optimization. Olaleye et al. explored dynamic supply chain models using
reinforcement learning techniques to improve responsiveness and scalability [3]. Mukkath presented an event-driven architecture
for real-time inventory monitoring using streaming data technologies [14].

Although previous research confirms the effectiveness of machine learning in demand forecasting, many studies primarily focus on
model accuracy without integrating practical system deployment. Limited work combines predictive modeling with real-time alert
mechanisms and web-based decision-support systems suitable for small and medium retailers.

This research addresses this gap by proposing Invenlytics Al, a machine learning—driven framework that not only evaluates multiple
forecasting models but also integrates them into a deployable web-based inventory management system.

I11. DATASET DESCRIPTION

The experimental evaluation of the proposed Invenlytics Al framework was conducted usinga retail inventory dataset containing
500 records and 10 attributes. The dataset represents operational and sales-related information collected from a simulated retail
environment and reflects common inventory management scenarios.

Each record in the dataset corresponds to a product entry with details related to stock availability, pricing, and historical sales
patterns. The dataset includes both quantitative and categorical attributes that influence customer demand and inventory decisions.

The main features present in the dataset are summarized as follows:

Product: Unique identifier for each product

Stock Available: Current quantity of items in stock

Days Until Expiry: Remaining shelf life of products

Price: Unit selling price

Discount: Percentage discount applied

Reorder Level: Minimum stock threshold

Is Holiday: Indicator for holiday periods (0 or 1)

Lag_1, Lag_2, Lag_3: Historical sales values from previous periods

Since direct demand values were not available, a target variable named future_demand was derived using the average of the three
lagged sales features. This approach enables the modeling of short-term demand trends based on recent sales behavior.
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V. METHODOLOGY

The proposed Invenlytics Al framework follows a systematic methodology for retail demand forecasting and inventory
optimization. The overall workflow includes data preprocessing, feature engineering, model development, performance evaluation,
and system integration. Each stage is designed to ensure accurate prediction and practical usability.
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Figure 1: Architecture of the proposed Invenlytics Al system.
e Data Preprocessing

The dataset was first cleaned to remove duplicate entries and inconsistencies. All attributes were examined for missing values and
incorrect data types. Numerical features such as stock level, price, and discount were standardized to maintain uniformity. Outliers
were analyzed and handled to minimize their effect on model performance.

Data preprocessing was performed using Python libraries such as Pandas and NumPy, which ensured efficient data manipulation
and preparation.

e Feature Engineering

Feature engineering was applied to enhance the predictive capability of the models. Historical sales patterns were captured using
lagged variables (lag_1, lag_2, and lag_3). These features represent recent demand trends and play a crucial role in forecasting.

Since direct demand values were unavailable, a derived target variable named future_demand was created using the average of the
lag features. This variable represents short-term demand behavior and serves as the prediction target.

Additional operational features such as discount rate, holiday indicator, and expiry duration were included to reflect real-world
retail conditions.

e  Model Development
Three machine learning models were implemented and evaluated in this study:

1. Linear Regression
2. Random Forest Regressor
3. XGBoost Regressor

Linear Regression was used as a baseline model due to its simplicity and interpretability. Random Forest was selected for its ability
to handle nonlinear relationships and reduce overfitting through ensemble learning [9], [10]. XGBoost was chosen for its high
efficiency, scalability, and strong predictive performance in forecasting tasks [11], [12], [13].

Hyperparameters of the XGBoost model were optimized to improve accuracy and generalization. Parameters such as learning rate,
tree depth, and number of estimators were tuned experimentally.
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Figure 2: Workflow of the demand forecasting process using XGBoost.

e Training and Validation Strategy

The processed dataset was divided into training and testing sets using an-80:20 split. The training set was used to build the models,
while the testing set was used to evaluate their performance.

To ensure robustness and minimize bias, five-fold cross-validation was applied during model evaluation. This technique helps in
assessing the stability and reliability of the trained models.

e Performance Evaluation Metrics
The models were evaluated using standard regression performance metrics:

1. Mean Absolute Error (MAE): Measures average prediction error
2. Root Mean Square Error (RMSE): Penalizes large errors
3. R2Score: Indicates the proportion of variance explained

These metrics provide both statistical and practical insights into forecasting performance.
e  System Integration

The best-performing model was integrated into the Invenlytics Al platform using the Flask web framework. The trained model was
stored using Joblib and deployed for real-time prediction.

The system processes uploaded inventory data, generates demand forecasts, and classifies products into alert categories. The results
are displayed through an interactive web dashboard, enabling efficient decision-making.
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Figure 3: Use case diagram of the Invenlytics Al system.
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V. EXPERIMENTAL SETUP

The experimental evaluation of the proposed Invenlytics Al framework was conducted using a standard desktop computing
environment. All experiments were implemented in Python and executed on a Windows-based system equipped with an Intel
processor, 8 GB RAM, and sufficient storage capacity for data processing.

e Software Environment

The system was developed using Python 3.11 along with popular machine learning and data processing libraries. The main libraries
used in this study include:

Pandas and NumPy for data preprocessing and analysis
Scikit-learn for model training, validation, and evaluation
XGBoost for gradient boosting implementation

Joblib for model storage and deployment

Flask for backend integration

agrwnE

The development environment was managed using Visual Studio Code and command-line tools.
e Data Splitting Strategy

The processed dataset was divided into training and testing subsets using an 80:20 ratio. The training data was used for model
learning, while the testing data was reserved for independent performance evaluation.

To enhance reliability and reduce experimental bias, five-fold cross-validation was applied during model training. This technique
ensures that each data sample contributes to both training and validation processes.

e Model Configuration
Each machine learning model was configured based on experimental tuning and practical considerations.

1. Linear Regression: Used as a baseline model with default parameters
2. Random Forest: Configured with 200 decision trees and a fixed random seed
3. XGBoost: Configured with 300 estimators, learning rate of 0.05, maximum depth of 5, and subsampling parameters

These configurations were selected to balance computational efficiency and prediction accuracy.
e Evaluation Procedure

Model performance was evaluated using MAE, RMSE, and R2 score. Predictions generated on the test dataset were compared
against actual values of the derived target variable.
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Cross-validation scores were averaged across five folds to assess model stability. The best-performing model was selected based
on overall accuracy and generalization capability.

V1. RESULT AND DISCUSSION

This section presents the experimental results obtained from applying different machine learning models to the retail inventory
dataset. The performance of Linear Regression, Random Forest, and XGBoost models was evaluated using MAE, RMSE, and R2
score metrics. Five-fold cross-validation was employed to ensure the reliability and stability of the results.

e  Performance Comparison

Model MAE | RMSE | R?(Test) | R2(CV)
Linear 0.00 0.00 1.00 1.00
Regression
Random 1.28 1.68 0.97 0.97
Forest
XGBoost 1.01 1.30 0.98 0.98

Table 1: Performance Comparison of Machine Learning Models

Linear Regression achieved perfect accuracy due to the linear dependency between lag-based features and the derived target
variable. This result indicates the presence of data leakage, as the prediction target was constructed directly from input features.
Therefore, Linear Regression is not considered reliable for real-world deployment.

Random Forest demonstrated strong predictive performance with an R? score of 0.97 and low prediction error. Its ensemble structure
enables effective handling of nonlinear relationships and reduces overfitting.
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Figure 4: MAE comparison of Al models in inventory forecasting.

XGBoost achieved the best overall performance, with the lowest MAE and RMSE values and the highest R2 scores across both test
and cross-validation sets. This indicates that XGBoost effectively captures complex feature interactions and provides robust
generalization capability.

e Discussion of Results

The superior performance of XGBoost can be attributed to its gradient boosting mechanism, which has been widely applied in retail
demand forecasting research [10], [11], which iteratively minimizes prediction error and enhances model learning. The inclusion
of subsampling and regularization parameters further improves its resistance to overfitting.

The close alignment between test and cross-validation results demonstrates the stability and reliability of the proposed framework.
This consistency indicates that the model is capable of maintaining high accuracy across unseen data.

The experimental findings also highlight the importance of feature engineering in retail demand forecasting. Lagged sales features
played a crucial role in capturing recent demand trends, while pricing, discount, and holiday indicators contributed to improved
prediction accuracy.

IJCRT2604459 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | d866


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 4 April 2026 | ISSN: 2320-2882

From a practical perspective, the high forecasting accuracy achieved by XGBoost enables retailers to make informed inventory
decisions. Accurate demand prediction reduces the risk of overstocking and stock shortages, leading to improved operational
efficiency and reduced product wastage.

Overall, the results validate the effectiveness of Invenlytics Al as a reliable and scalable solution for intelligent retail inventory
management.

VII. CONCLUSION

This paper presented Invenlytics Al, a machine learning—based framework for retail demand forecasting and inventory
optimization. The proposed system integrates data preprocessing, feature engineering, and ensemble learning models to provide
accurate and reliable demand predictions for retail environments.

A comparative analysis was conducted using Linear Regression, Random Forest, and XGBoost models on a retail inventory dataset.
Experimental results demonstrated that XGBoost achieved the best performance, with high R2 scores and low prediction errors,
indicating strong generalization capability. The consistency between test and cross-validation results further confirms the robustness
of the proposed approach.

The integration of the optimized model into a web-based platform enables real-time monitoring and automated alert generation,
supporting efficient decision-making for retailers. By improving forecasting accuracy, the system helps reduce inventory waste,
minimize stockouts, and enhance overall operational efficiency.

Overall, Invenlytics Al provides a practical and scalable solution for intelligent inventory management and demonstrates the
effective application of machine learning in building sustainable and data-driven retail systems.

VIII. FUTURE

Future research can extend this framework by incorporating real-time POS data, loT-based inventory tracking, and deep
learning models for long-term demand forecasting.
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