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This project presents the design of a cloud-based 

inventory management system that integrates predictive 

analytics and machine learning to support data-driven 

retail decision-making. A modular architecture combining 

PostgreSQL, Supabase, FastAPI, and a React web 

interface was defined to support scalable deployment. 

Time-series forecasting methods, including ARIMA, 

Prophet, and LSTM models, were conceptually integrated 

to demonstrate how demand forecasts and inventory 

insights could be generated and visualized.
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Methodology Results and Discussion

This project demonstrates the feasibility of integrating 

predictive analytics into inventory management through a 

cloud-based, modular system design. The proposed 

architecture shows how machine learning forecasting 

models can support data-driven inventory planning and 

multi-store scalability. By defining the data flow, 

analytical components, and visualization layer, this work 

establishes a foundation for future implementation of 

intelligent inventory decision support systems.

Retail businesses often struggle to maintain optimal 

inventory levels due to demand variability, seasonality, 

and reliance on manual planning methods. These 

challenges motivated the design of an intelligent 

inventory management system that explores how 

predictive analytics and machine learning could support 

more informed, data-driven inventory planning decisions.

Introduction

Background

Small and medium-sized retail businesses often rely on 

manual or static inventory planning methods that do not 

account for demand variability or seasonality. This project 

addresses the need for a scalable system design that 

explores how predictive analytics and machine learning 

can be integrated into inventory management.

Problem

Traditional inventory management systems commonly 

rely on fixed reorder rules or manual estimations, which 

often fail to adapt to demand variability, seasonality, and 

changing consumer behavior. Prior research in inventory 

management highlights the limitations of these static 

approaches, showing increased risks of stockouts and 

excess inventory.

Recent studies demonstrate that predictive analytics and 

machine learning techniques can improve inventory 

planning by analyzing historical sales data to identify 

trends, seasonal patterns, and long-term demand behavior. 

Time-series forecasting models such as ARIMA, 

decomposition-based frameworks like Prophet, and deep 

learning approaches including LSTM networks represent 

the state of the art in demand forecasting for retail 

applications. In parallel, cloud-based architectures have 

become essential for scalable data storage, real-time 

processing, and multi-store inventory synchronization.
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The results of this project are presented at the design and 

conceptual validation level. The proposed system 

architecture demonstrates how predictive analytics can be 

integrated into inventory management workflows to 

support demand forecasting and replenishment decision-

making.

Figure 2 illustrates the conceptual framework in which 

historical inventory data is processed by time-series 

forecasting models and transformed into demand forecasts 

that inform inventory management decisions. This 

framework highlights the interaction between data 

ingestion, predictive modeling, and user-facing 

visualization components within the proposed system.

Conceptual forecast outputs and dashboard visualizations 

further illustrate how time-series models such as ARIMA, 

Prophet, and LSTM could generate demand estimates and 

inventory indicators once historical data is available. 

Forecast accuracy would be evaluated using standard 

statistical metrics, including Mean Absolute Error (MAE) 

and Mean Absolute Percentage Error (MAPE), to 

compare model performance across products.

Although no real data analysis was conducted, the design 

shows how forecasting results would be interpreted and 

used to support inventory planning decisions, leading to 

the conclusions derived from the system’s structure and 

analytical capabilities.

Figure 2

The Framework and Related Work

Future Work

Future work will focus on implementing and validating 

the forecasting models using real transactional data. 

Automated model retraining and the incorporation of 

external factors such as seasonality and supplier lead 

times will be explored. Additional enhancements include 

advanced dashboard analytics, alert mechanisms, and 

tighter integration with supplier ordering workflows.
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The project followed a structured, design-oriented 

methodology to define how predictive analytics could be 

integrated into an inventory management system. The 

process was organized into four main stages: data 

preparation, model selection, forecast integration, and 

visualization.

Historical sales data were conceptually defined as time-

series records organized by product and date, with 

preprocessing steps such as handling missing values and 

normalization planned to ensure data quality. Multiple 

forecasting approaches, including ARIMA, Prophet, and 

LSTM models, were evaluated conceptually using 

standard accuracy metrics such as MAE and MAPE.

Forecast outputs were designed to be stored in a dedicated 

database structure and accessed through a backend API. 

Finally, a web-based interface was planned to visualize 

forecasts and inventory indicators for decision support. 

Figure 3 illustrates the forecast integration workflow and 

data relationships within the proposed system 

architecture.
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