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Abstract: Accurate forecasting of sales in the retail industry is fundamental to managing inventory, optimizing the supply chain,
reducing costs, and improving customer satisfaction. Traditional statistical approaches are effective in detecting seasonality and
linear patterns, but often unsuitable to employ when modeling non-linear trends, external factors and live data. This paper
addresses the development of machine learning (ML) algorithms for the previously-stated analytical problems in the context of
retail sales forecasting models, using various approaches involving complementing traditional time series models with machine
learning. We will model in time series as ARIMA, SARIMA, and expontial smoothing; while employing different machine
learning sounding approaches using techniques of: Random Forest, XGboost, LSTM and Prophet. Within the modelling, we will
establish the performance as an integrated hybrid approach. The findings show while you can achieve what might be considered
superior non-traditional forecasting using machine learning models - specifically LSTM networks and deep learning - on
complex and high dimensional retail datasets, any machine learning approach would outperform similar models of traditional
statistics.
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L. INTRODUCTION

Consumer demand is the basis of the retail industry; however, it is inherently volatile and influenced by a range of factors, including
seasonality, economic conditions, promotions, and holidays. Thus, forecasting retail sales is paramount in the strategic planning
process, with obvious implications for revenue, logistics, and customer service levels. ARIMA, Holt-Winters and other comparable
traditional models have been used in this forecasting context for many years. These statistical models can work acceptably well
when the data is stable with relatively simple seasonal patterns; however, when there are non-linear dependencies, or demand is
affected by multiple variables and their interactions, they cannot produce accurate forecasts.

Big data analytics and the rapid development of machine learning techniques provide a viable opportunity to develop robust,
adaptive, and more accurate models for forecasting retail sales. Unlike traditional statistical models, which are limited by
constrained amounts of historical data and classical time series methodology, machine learning techniques can analyze large
amounts of historical data, include external variables, and continuously adapt as the market changes. This paper explores a full
collection of time series forecasting methods, which includes both traditional statistical models, methods and machine learning
approaches, which are evaluated on actual retail datasets.

1. LITERATURE REVIEW

Over the past couple of decades, retail sales forecasting methodologies have greatly changed. In the early stages, most research
employed a statistical approach using procedures such as Exponential Smoothing and the Auto-Regressive Integrated Moving
Average (ARIMA) model. Statistical techniques were a standardized way of modeling seasonality and linear relationships, but they
required the assumption of stationarity, and were unable to model external or explanatory variables. Finally, they required
substantial manual labor in feature engineering, thus limiting their scalability for complex datasets.

In the past few years, there has been an increase in machine learning and deep learning methodologies that demonstrate an ability
not only to model non-linear relationships, but also to extract patterns from large datasets. Random forest method and gradient
boosting methods such as XGBoost demonstrated reliability and improved forecasting accuracy, as these techniques were able to
adaptivity model complex dependency structures across many features.
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Likewise, Recurrent Neural Networks, and in particular Long Short-Term Memory (LSTM) networks, have been established as
best-in-class models for doing sequential prediction tasks. LSTMs in particular could model long-term temporal dependencies and
were well suited to multivariate forecasting tasks, typical of retail data.

There is also a growing interest in utilizing hybrid techniques that may combine traditional time series to model approaches with
machine learning models. Mixed models such as ARIMA-LSTM, Prophet with external regressors, etc. try to capture the
interpretability of classical methods or models with the predictability provided by machine learning. The Prophet model, which was
developed by Facebook, is especially popular for using retail forecasting because of it unique ability to capture multiple
seasonalities and holiday effects while still providing forecasts that can be easily used in practice.

Time
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Figure 1: ARIMA Model Structure used for time series

After the literature review, it is clear the trends in retail sales forecasting went from linear quantile regression, statistical approaches
to machine and deep learning models that are capable of capturing complex relationships and dependencies. Traditional methods
such as ARIMA and Exponential Smoothing still have value to model and capture trend and seasonality in relatively stable data.
However, limitation for traditional methods arise when analyzing monthly sales that may have irregular fluctuations, promotional
effects or influence from multiple independent variables. On the other hand, machine and deep learning models like Random Forest
to XGBoost to LSTM provide additional options that allow for modeling non-linear relationships and many variables besides sales
history.

With such progress, a complete process for retail sales prediction should encompass data preparation and model selection
procedures. The process should start with acquiring a comprehensive dataset that contains daily sales, a store and product identifier,
promotional events, and useful external variables. Once that information has been acquired, the data will then need to go through a
rigorous pre-processing procedure to resolve missing values, encode categorical variables, normalise numerical variables, and create
variables that demonstrate time, seasonality, and business-related effects. Once the data is preprocessed, a variety of forecasting
algorithms will be used to predict demand, including classical time series models, machine learning models, and deep learning
models. The models will then be assessed according to standard error metrics, evaluations of accuracy, robustness, and final
practical examples that underpin retailing in practice.

When considering the process outlined, the next section describes the Methodology in detail.

1. METHODOLOGY

A. Data Collection and Pre-processing

This research utilized a publicly accessible retail dataset spanning multiple years with daily sale records across multiple stores and
product segments. These records included the date of the sale, stores numbers, item numbers, quantity sold, promotional flags,
holidays, and important additional information including elements related to weather. In combination, the facets above will provide
a solid basis for reliable sales predictions.

During the preprocessing steps, the necessary steps were taken to ensure data quality and to prepare the data for modeling. Missing
values were treated with forward fills or interpolation methods to avoid breaks in the time series. Categorical variables, the store and
item variables in particular, were encoded using the one-hot approach to ensure compatibility with machine learning algorithms.
Numerical and encoded variables were normalized to allow for comparability. Additional feature engineering was performed to
capture temporal dependencies and calendar effects. Lag variables, rolling averages, and flags for weekdays, months, and holidays
were also created to incorporate seasonality and related features.
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As stationarity was a requisite of models such as ARIMA, the Augmented Dickey-Fuller (ADF) test was used. As needed,
differencing was then applied to achieve stationarity. By the end of the cleaning process, the dataset was ordered and prepared for
use in both traditional time series approaches and advanced machine learning frameworks.

B. Models Used

The models used in this research incorporated both statistical and machine learning frameworks. ARIMA was chosen as a basic
linear time series model, which was able account for both trends and seasonality over time. Exponential Smoothing (ETS) was
selected for its ability to model exponential trends and damped seasonal components. Both Random Forest regressors and XGBoost
models could capture the non-linear dependence and interaction across multiple features. Finally, Long Short-Term Memory
(LSTM) networks was used as a deep learning method, by design, intended for sequential data and the potential to capture long-term
dependencies.

C. Evaluation Metrics

The performance of the model was evaluated with the typical error metrics of Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), and Mean Absolute Percentage Error (MAPE). These measures provide a rich insight into predictive accuracy across
models.

V. RESULTS AND DISCUSSION

The comparison showed there was a considerable distinction between how traditional statistical models and ML approaches related
to predictive modeling procedure. Traditional Statistical Methods (i.e., ARIMA, Exponential Smoothing) showed solid predictive
ability for the short-term in less volatile settings, showing faith to linear patterns and uncomplicated seasonal effects. Traditional
statistical methods had struggles in more turbulent contexts where we had promotional events, holiday seasons, and unpredictability
within the data.

Machine learning approaches, on the other hand, demonstrated superior performance across all evaluation metrics. XGBoost in
particular benefits from engineered features, like lag variables and promotional indicators, generating very accurate forecasts.
LSTM networks had the best overall performance, as they were able to capture both sequential dependencies and complicated
temporal dynamics. In addition, LSTM networks had strong performance in the choice of multivariate time series and capturing
long multi-step patterns.

Table 1: Performance Comparison of Forecasting Models

Model MAE RMSE MAPE (%) Remarks
ARIMA 1245 156.8 12.3 Performs well for stable trends
Exponer_mal 132.0 163.2 13.0 Struggles with irregular fluctuations
Smoothing
XGBoost 95.2 120.5 9.2 Best performance with engineered features
LSTM 92.8 118.0 8.9 Excels at cgpturlng sequential
dependencies

Comparative Sales Forecasts
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Figure 2: Comparative Sales Forecasts of ARIMA, XGBoost, and LSTM Models
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Table 2: Key Feature Importance (XGBoost Model)

Feature Importance Score
Historical Sales 0.42
Promotional Indicators 0.28
Day of Week 0.12
Holiday Flag 0.10
Seasonal Trend 0.08

Research into the importance of features (especially in tree-based models) served to reinforce the interpretability of results by
confirming that historical sales data and promotion-related covariates were some of the most important variables, verifying the
usefulness of including business-related features for forecasting pipelines. On the other hand, while machine learning offered
strength in identifying patterns in data with multiple dimensions and complexity, it was also computationally expensive, and would
require considerable testing and validation protocols to minimize the risk of overfitting. Nonetheless, machine learning models
provided a more practical alternative compared to classical methods due to the increased complexity of modern retail, and the data it
produced.

V. CONCLUSION

This study highlights the increasing importance of using machine learning and deep learning methods in forecasting retail sales.
While traditional time series models (for example, ARIMA and ETS) will continue to be important because of their simplicity and
interpretability, they are increasingly limited in terms of using them for complex, non-linear, multivariate data. Tree-based machine
learning methods, such as XGBoost, have been shown to be highly effective at identifying relative short- and medium-term patterns,
particularly when applied with reasonably strong feature engineering. For long-term sequential dependency, LSTM networks were
clearly superior and exhibited high predictive accuracy in dynamic retail settings. However, advanced applications raise practical
issues, such as greater computational cost and requirement for high-quality data. Ultimately, the forecast model used depends on the
particular business scenario, length of the forecasting period, and operation risks and constraints. Careful attention to data
preparation, feature engineering, and model interpretability is critical to ensuring these models are successfully used in retail
forecasting applications.
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