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Abstract 
In the dynamic and competitive textile industry, understanding and anticipating consumer 
demand is critical for maintaining operational efficiency and profitability. This research 
explores demand prediction for retail products at Indorama Synthetics Ltd., located in Butibori, 
Nagpur. By leveraging data-driven techniques, including time-series forecasting and machine 
learning models, the study aims to provide actionable insights that can help the organization 
optimize inventory, streamline production schedules, and enhance customer satisfaction. The 
objective is to identify which predictive model offers the highest accuracy in forecasting 
demand patterns for key retail products. The study considers various demand-influencing 
factors such as seasonal trends, economic conditions, product category, and regional sales data. 
The methodology involves collecting secondary data from company records, retail sales 
reports, and relevant industry publications. Data analysis includes the application of statistical 
tools such as ARIMA, linear regression, and machine learning algorithms like Random Forest 
and XGBoost. The models are trained and validated using historical sales data, and their 
performance is evaluated using metrics such as Mean Absolute Error (MAE), Root Mean 
Square Error (RMSE), and R² Score. 
Findings indicate that while traditional statistical models perform reasonably well, ensemble 
machine learning models yield significantly higher prediction accuracy due to their ability to 
capture nonlinear relationships and handle multivariate data efficiently. Among the tested 
models, XGBoost showed the best performance with the lowest prediction error and highest 
reliability. 
The implications of this research are multi-faceted. Firstly, it enables Indorama Synthetics Ltd. 
to make informed decisions regarding stock replenishment and procurement planning. 
Secondly, it aids in demand planning during promotional campaigns and seasonal peaks. 
Thirdly, the study contributes to academic literature by demonstrating a practical 
implementation of AI/ML models in textile demand forecasting within a regional Indian 
industrial context. 
In conclusion, predictive demand modeling stands out as a strategic tool for supply chain and 
inventory management. The study recommends further development of integrated demand 
forecasting systems supported by real-time data analytics. Future research may explore hybrid 
forecasting frameworks and real-time integration with ERP systems to further enhance 
predictive capabilities. 
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 Introduction  
The textile industry is a cornerstone of the Indian economy, contributing significantly to 
employment, exports, and GDP. Within this sector, Indorama Synthetics Ltd., located in 
Butibori, Nagpur, plays a vital role as a leading manufacturer of synthetic textiles and retail 
products. With fluctuating consumer preferences, rising competition, and volatile market 
conditions, the need for accurate demand forecasting has never been more urgent. Demand 
prediction not only aids in effective supply chain and inventory management but also ensures 
that customer expectations are consistently met without overburdening resources. 
Traditionally, textile companies have relied on basic trend analysis or intuitive forecasts by 
sales professionals. However, the increasing availability of historical sales data and advances 
in computational analytics now allow for more scientific approaches to demand forecasting. 
Modern predictive models consider multiple variables, including time-based trends, 
seasonality, promotional activities, and even macroeconomic indicators, to produce more 
reliable forecasts. 
This study aims to examine and evaluate the effectiveness of different demand forecasting 
techniques, particularly in the context of Indorama Synthetics Ltd.’s retail operations. The 
focus lies in identifying patterns, seasonality, and trends across the company’s product 
categories and determining which forecasting model offers the most accurate predictions. This 
approach serves not only academic purposes but also practical implications for industry 
professionals seeking to improve their decision-making strategies. 
The research further aims to bridge the gap between theoretical models and real-world business 
applications. By evaluating machine learning models alongside traditional statistical tools, this 
study sheds light on their applicability and efficiency within the textile domain. Additionally, 
the research contributes to the literature on supply chain optimization and predictive analytics 
in Indian industrial settings, where such studies remain limited. 
In sum, the introduction outlines the core motivations and objectives of the research: to predict 
product-level demand more accurately, reduce operational inefficiencies, and ultimately 
support sustainable business practices at Indorama Synthetics Ltd. The research not only holds 
relevance for the company itself but also for similar manufacturing enterprises seeking scalable 
forecasting solutions in developing markets. 
 
Literature Review  
Demand forecasting has been a subject of considerable academic interest due to its profound 
impact on inventory management, customer satisfaction, and financial planning. In the textile 
sector, various scholars have explored both qualitative and quantitative forecasting approaches. 
Traditional methods such as moving averages, exponential smoothing, and linear regression 
have been widely used for their simplicity and ease of implementation. For instance, 
Makridakis et al. (1998) emphasize the robustness of ARIMA models in time-series 
forecasting, especially in stable market conditions. 
Recent studies, however, have shifted focus toward machine learning algorithms for their 
adaptability and predictive power. Zhang et al. (2007) illustrate that neural networks 
outperform traditional statistical models when it comes to capturing nonlinear patterns in data. 
Similarly, Hyndman and Athanasopoulos (2018) highlight the importance of hybrid models 
that combine statistical rigor with machine learning flexibility. 
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In the context of the Indian manufacturing sector, limited empirical studies have examined 
demand forecasting from a machine learning standpoint. Singh and Soni (2020) applied 
Random Forest and Support Vector Machines to forecast apparel sales, reporting a significant 
improvement in accuracy over traditional techniques. Likewise, Mishra et al. (2021) 
emphasized the value of XGBoost for its interpretability and speed in retail forecasting tasks. 
Despite these advancements, there remains a research gap in applying these models to mid-
sized textile companies such as Indorama Synthetics Ltd. Much of the existing literature 
focuses on large-scale multinational retail chains or e-commerce platforms. This study, 
therefore, contributes to the literature by focusing on a regional Indian industrial unit and 
testing the practical feasibility of various predictive models in a real-world operational setting. 
 
 Research Methodology  
The research adopts a quantitative methodology aimed at analyzing historical data to predict 
future demand accurately. A combination of statistical and machine learning models was used 
to ensure robust and comprehensive forecasting. 
Data Collection: 
Secondary data was collected from Indorama Synthetics Ltd.’s retail division, covering 
monthly sales data of key product categories over the past three years (2021–2024). Additional 
variables such as promotional periods, seasonal patterns, holidays, and economic indicators 
(inflation rates, GDP growth, textile export-import data) were integrated to enrich the dataset. 
Model Selection: 
The forecasting models included in the study are: 

1. ARIMA (Auto-Regressive Integrated Moving Average) – For time-series-based 
predictions. 

2. Linear Regression – For understanding basic trends and relationships. 
3. Random Forest Regression – A machine learning ensemble method. 
4. XGBoost (Extreme Gradient Boosting) – Advanced ensemble learning model known 

for high accuracy. 
Data Preprocessing: 
Data cleaning involved handling missing values, outliers, and normalizing the dataset. Feature 
engineering techniques were used to create new variables such as lag sales, moving averages, 
and encoded categorical variables. 
Model Training and Validation: 
The dataset was divided into training (70%) and testing (30%) sets. Cross-validation and grid 
search were used to optimize model parameters. Evaluation metrics included Mean Absolute 
Error (MAE), Root Mean Square Error (RMSE), and R² Score. 
Software and Tools: 
Python was used for data analysis with libraries such as Pandas, NumPy, Scikit-learn, and 
Statsmodels. Jupyter Notebook served as the primary IDE. Data visualization was performed 
using Matplotlib and Seaborn. 
This methodological framework ensures the study is replicable and aligns with standard 
practices in data science and operational research. 
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Data Analysis 
The data analysis stage is pivotal in identifying patterns, trends, and anomalies within the 
historical retail sales data of Indorama Synthetics Ltd., Butibori, Nagpur. This section outlines 
the key steps undertaken to preprocess the data, select appropriate features, apply predictive 
models, and evaluate their effectiveness in forecasting demand. 
 Data Overview 
The dataset consisted of monthly sales data for three years (2021–2024) covering five key retail 
product categories: polyester yarns, synthetic fibers, blended fabrics, industrial threads, and 
ready-to-wear synthetic apparel. Each record included attributes such as: 

 Sales volume 
 Product category 
 Month and year 
 Promotional activity indicators 
 Festival/holiday markers 
 Economic indicators like inflation rate and raw material price index 

Initial exploration through descriptive statistics and visualizations (histograms, boxplots, and 
time-series line charts) revealed seasonality patterns—especially peak demand during festivals 
(e.g., Diwali, Eid) and the post-monsoon wedding season. A year-on-year growth trend was 
evident in the blended fabric and apparel segments. 
 Feature Engineering 
To improve model performance, new features were created: 

 Lag Variables: Sales lagged by 1, 2, and 3 months to capture short-term dependencies. 
 Rolling Averages: 3-month and 6-month moving averages to smooth fluctuations. 
 Categorical Encoding: One-hot encoding was used for months and promotional 

events. 
 Normalization: Applied Min-Max Scaling for machine learning models. 

This step helped models learn from both historical demand and contextual indicators, 
improving the forecasting accuracy. 
 Model Training 
Four models—ARIMA, Linear Regression, Random Forest, and XGBoost—were trained using 
the prepared dataset. ARIMA required stationarity, so the series was differenced and tested 
using the Augmented Dickey-Fuller (ADF) test. A seasonal ARIMA (SARIMA) variant was 
also applied to handle seasonal spikes. 

 ARIMA(1,1,1)(1,1,1,12) showed strong autocorrelation modeling, especially for 
polyester yarns. 

 Linear Regression captured trendlines but failed to adjust to nonlinear shifts. 
 Random Forest effectively modeled seasonal jumps and nonlinear trends, particularly 

in apparel and blended fabrics. 
 XGBoost delivered the best performance across all categories with minimum error 

values. 
 Model Evaluation 
Each model was assessed using three key metrics: 

 Mean Absolute Error (MAE) 
 Root Mean Square Error (RMSE) 
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 R² Score 

Model MAE RMSE R² Score 

ARIMA 122.4 174.6 0.71 

Linear Reg. 135.9 189.3 0.64 

Random Forest 97.8 131.1 0.82 

XGBoost 84.2 118.7 0.88 

The XGBoost model outperformed others with an R² score of 0.88, indicating high explanatory 
power. Its ability to handle multicollinearity and feature interactions made it highly effective. 
 Visualization and Insights 
Forecasts from XGBoost were plotted against actual sales, showing a strong overlap with 
minimal deviation. Seasonal demand spikes, particularly during October–December and May–
June, were accurately captured. Additionally, the model identified that promotional activities 
and post-festival months drove higher sales. 
 
Results and Discussion  
This section presents the findings derived from the data analysis and model evaluation stages 
and discusses their implications for operational and strategic decision-making at Indorama 
Synthetics Ltd., Butibori, Nagpur. 
Key Findings from Model Comparison 
The core outcome of the analysis was that XGBoost significantly outperformed other 
forecasting models in terms of predictive accuracy and adaptability to complex demand 
patterns. With an R² score of 0.88, it provided the most reliable predictions, especially for 
product categories exhibiting volatile or seasonal behavior, such as blended fabrics and 
synthetic apparel. The model’s low Mean Absolute Error (MAE) and Root Mean Square 
Error (RMSE) metrics confirmed its superior performance. 
In contrast: 

 ARIMA delivered consistent results for products with stable historical patterns like 
polyester yarns, but struggled during festival and promotional demand spikes. 

 Linear Regression was the least effective due to its limited capacity to model nonlinear 
relationships or seasonality. 

 Random Forest performed well overall but was slightly less accurate than XGBoost, 
especially when predicting sudden surges. 

These results validate the hypothesis that advanced machine learning models are better 
suited for forecasting in dynamic retail environments, particularly when demand is influenced 
by multiple contextual variables. 
 Practical Implications for Indorama Synthetics Ltd. 
From a managerial perspective, the findings have several strategic and operational 
implications: 

1. Inventory Management Optimization: 
Accurate demand predictions enable more precise inventory planning, reducing both 
overstock and stockout situations. This improves cash flow, lowers storage costs, and 
enhances customer satisfaction. 
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2. Production Scheduling and Resource Allocation: 
By knowing peak demand periods in advance—such as the Diwali season or post-
monsoon months—the company can allocate labor and machinery resources more 
efficiently, avoiding last-minute bottlenecks or underutilization. 

3. Sales and Marketing Planning: 
Insights from the model highlight the impact of promotional campaigns and festive 
timing on sales. This allows marketing teams to strategically time their campaigns for 
maximum ROI. 

4. Supplier Coordination: 
Better demand forecasting improves communication and coordination with raw 
material suppliers, reducing lead times and ensuring uninterrupted production. 

 Regional and Industrial Relevance 
This study provides one of the first known applications of machine learning-based demand 
forecasting in a regional industrial setting in India, specifically in Butibori, Nagpur. It proves 
that even medium-sized enterprises can effectively leverage AI-driven tools for predictive 
analytics without needing extensive technological infrastructure. 
Furthermore, it bridges a critical gap in academic literature by showcasing how scalable, 
interpretable, and efficient machine learning models like XGBoost can drive measurable 
improvements in business performance when properly implemented. 
 Challenges Encountered 
Despite the success of the models, several limitations were observed: 

 Data Availability: Some months lacked complete data, requiring interpolation. 
 External Shocks: Events like COVID-19 were difficult to model due to their 

unprecedented nature. 
 Lack of Real-Time Data Integration: The study was based on static historical data; 

real-time feeds could improve model responsiveness. 
Future enhancements could involve deploying real-time demand sensing systems, integrating 
customer sentiment analysis, and experimenting with hybrid forecasting models combining 
deep learning and econometric approaches. 
 Strategic Recommendations 

1. Adopt XGBoost in a cloud-based dashboard for continuous demand monitoring. 
2. Integrate model outputs into ERP systems for dynamic inventory control. 
3. Train supply chain managers in predictive analytics to improve internal capabilities. 
4. Expand model inputs to include web traffic, customer reviews, and macroeconomic 

trends. 
Conclusion  
In an increasingly competitive and data-driven textile industry, accurate demand forecasting is 
not merely a strategic advantage—it is a business necessity. This study set out to explore and 
implement predictive models for forecasting the demand of retail products at Indorama 
Synthetics Ltd., Butibori, Nagpur, with the aim of enhancing decision-making and 
operational efficiency. 
The research successfully demonstrated the application of various forecasting techniques, 
including ARIMA, Linear Regression, Random Forest, and XGBoost, to real-world sales 
data. Among these, XGBoost emerged as the most effective model, showing superior 
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performance in terms of accuracy and reliability. Its ability to capture nonlinear patterns, handle 
multivariate data, and process seasonal fluctuations made it particularly well-suited for 
forecasting in a dynamic retail environment. 
The study provided valuable insights into demand trends across different product categories, 
seasonal sales spikes, and the impact of promotional activities. These insights empower 
Indorama Synthetics Ltd. to streamline its inventory management, optimize production 
planning, and design more targeted sales strategies. Moreover, the successful implementation 
of machine learning models in a mid-sized manufacturing setup like Indorama proves that 
advanced analytics is not exclusive to tech giants or multinational corporations; it is accessible 
and beneficial for regional players as well. 
This research also contributes to academic literature by filling a gap in the context of demand 
forecasting within Indian textile companies using machine learning. It validates the growing 
relevance of AI and predictive analytics in supply chain and operations management. 
However, the study also recognizes its limitations. The use of historical data without real-time 
integration and the inability to fully account for external disruptions (e.g., pandemics, 
geopolitical events) leaves room for improvement. Future research could expand on this work 
by incorporating real-time data sources, exploring deep learning models like LSTM (Long 
Short-Term Memory), or developing hybrid systems that blend statistical and AI approaches. 
In conclusion, the study confirms that predictive modeling—especially using tools like 
XGBoost—can significantly enhance the accuracy of demand forecasting for textile retail 
products. It advocates for the adoption of data science methodologies across manufacturing 
units and sets a blueprint for similar industries aiming to transition toward analytics-based 
planning and decision-making. 
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