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Abstract: This study presents a feature-based approach for predicting and optimizing stock levels in a retail chain.
Utilizing an extensive database of algorithms, interpretable features are extracted from historical stock level time series
data. The method, which includes correlation structure, distribution, entropy, stationarity, and scaling properties, reduces
dimensionality significantly. Through a forward feature selection process and a linear classifier, the approach
autonomously learns distinctions between stock level classes, outperforming conventional classifiers. The selected
features not only enhance classification accuracy but also provide crucial insights for optimizing inventory management
in diverse retail locations. This research contributes a scalable and interpretable solution to the dynamic challenges of
stock prediction in a retail setting.
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. INTRODUCTION

In the dynamic landscape of retail, the ability to predict and optimize stock levels stands as a pivotal factor influencing
operational efficiency, customer satisfaction, and ultimately, the bottom line. Accurate forecasting empowers supply
chain management, enabling proactive decision-making to meet demand fluctuations effectively. Conversely, inadequate
predictions may lead to product backlogs, inventory shortages, and dissatisfied customers, underscoring the critical need
for precise stock level forecasting models.

Prior research in sales forecasting has demonstrated the efficacy of various methodologies across diverse domains. For
instance, computational intelligence methods have been applied to predict book sales in editorial business management
[1], while clustering-based forecasting schemes utilizing extreme learning machines have shown promise [2]. Hybrid
approaches, such as combining seasonal autoregressive integrated moving averages and quantile regression, have been
proposed for food sales forecasting [3]. As the retail landscape continues to evolve, the demand for tailored forecasting
models remains imperative.

This literature paper addresses the unique challenges of predicting stock levels for different items across various stores
within a retail chain. The aim is to develop a robust forecasting framework capable of adapting to the intricacies of
individual products and locations. Leveraging a case study approach, our research focuses on implementing forecasting
models using a dataset obtained from Big

Mart, covering a span from the past few years. The dataset's distinctive feature lies in its comprehensive representation
of the entire retail market since the past few years, offering a rich source for exploration. With each time series comprising
approximately 5 monthly samples, our approach incorporates automatic learning algorithms for the implementation of
Nonlinear Auto-Regressive (NAR) forecasting models. The significance of this research extends beyond prediction
accuracy; it delves into providing actionable insights that can guide strategic inventory management decisions in the
intricate realm of retail.

A Background
In the bustling retail sector, effective sales forecasting and inventory optimization stand as linchpins for sustained success.

The intricate dance of supply and demand within the retail landscape necessitates precise predictions of future sales,
allowing businesses to strategically manage inventory, minimize stockouts, and meet customer expectations seamlessly.
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A failure in this predictive orchestration can lead to a cascade of challenges, from overstocking and excess inventory
costs to the dissatisfaction of customers facing unmet demands. Big Mart, as a prominent player in the retail industry,
recognizes the critical importance of mastering the delicate balance between sales forecasting and inventory management.
As consumer preferences shift, market trends evolve, and external factors influence purchasing behaviour, the need for a
sophisticated and adaptive forecasting framework becomes increasingly apparent.

The advent of time series techniques has ushered in a new era of forecasting capabilities, offering nuanced insights into
temporal patterns and dependencies within sales data. Leveraging the power of time series analysis, Big Mart aims to
enhance its forecasting accuracy and operational efficiency. This endeavour seeks to not only predict sales trends but also
optimize inventory levels across the myriad of products and diverse stores that characterize the expansive reach of Big
Mart.

The choice of time series techniques aligns with the inherent temporal nature of retail sales data. The methodology
embraces the dynamism of sales patterns, capturing seasonality, trends, and other time-dependent factors that contribute
to the ebb and flow of consumer demand.

As Big Mart embarks on this journey of Sales Forecasting and Inventory Optimization, the objective is twofold: to bolster
the resilience of the supply chain by anticipating demand with precision and to streamline inventory management,
ensuring that each store is stocked with the right products at the right time. Through the lens of time series techniques,
this project endeavours to harness the potential for data-driven decision-making, steering Big Mart towards a future where
sales predictions and inventory optimization become synonymous with operational excellence.

1. LITERATURE REVIEW

Sales forecasting and inventory optimization are critical components of successful retail operations, influencing supply
chain efficiency, customer satisfaction, and overall profitability. A review of the literature reveals a myriad of approaches
and methodologies aimed at addressing the complexities inherent in predicting consumer demand and optimizing
inventory levels, with a particular focus on time series techniques.

In the realm of sales forecasting, computational intelligence methods have garnered attention for their ability to handle
complex, non- linear relationships within retail datasets. Noteworthy work by [1] applied computational intelligence to
predict book sales in an editorial business management environment. This approach highlights the adaptability of
intelligent algorithms in capturing intricate patterns within sales data, providing a foundation for exploration in the retail
sector.

The integration of clustering techniques with forecasting schemes has demonstrated promising results. [2] proposed a
clustering-based sales forecasting scheme using extreme learning machines and ensemble linkage methods. This
methodology, leveraging the power of clustering, offers a means to discern patterns and relationships within diverse
product categories and store locations, addressing the challenge of heterogeneity in retail datasets. Hybrid Approaches
for Diverse Product and Store Dynamics:

The dynamic nature of retail, characterized by diverse products and numerous store locations, necessitates specialized
forecasting models. Hybrid approaches, such as combining seasonal autoregressive integrated moving averages
(SARIMA) and quantile regression, have shown success in addressing this diversity [3]. By integrating multiple
forecasting techniques, these hybrid models aim to provide granular insights tailored to different items and locations
within the retail landscape.

Time series techniques have proven effective in addressing temporal challenges and seasonality inherent in retail sales
data. The work of[4] on forecasting German car sales using Google data and multivariate models exemplifies the
utilization of time series analysis to capture temporal dependencies. This approach recognizes the significance of
accounting for seasonality and evolving trends, vital for accurate sales predictions in a rapidly changing retail
environment.

Beyond sales forecasting, the literature emphasizes the critical role of inventory control and optimization. [5] conducted
a simulation study concerning demand forecasting and inventory control of automotive spare parts, shedding light on the
interplay between accurate predictions and effective inventory management. The study underscores the importance of
aligning inventory levels with forecasted demand to prevent operational inefficiencies.
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In specific retail domains, adaptive network-based fuzzy inference systems have shown promise. [6] proposed an adaptive
network- based fuzzy inference system for forecasting automobile sales, emphasizing the adaptability of fuzzy logic in
capturing and interpreting complex relationships within sales data. This approach provides insights into the potential of
fuzzy systems for nuanced forecasting in the automotive retail sector.

Despite the progress in sales forecasting and inventory optimization methodologies, there remains a gap in applying these
techniques to the specific challenges faced by large-scale retailers, such as Big Mart.

The proposed project aims to contribute to the literature by implementing time series techniques in the context of
predicting stock levels for different items across diverse stores. Leveraging a case study approach using data from the
Census Bureau of the U.S., the research endeavours to provide practical insights for enhancing forecasting accuracy,
inventory optimization, and decision-making within the dynamic landscape of retail.

In summary, the literature review underscores the diversity of approaches in sales forecasting and inventory optimization,
emphasizing the need for specialized methodologies in the retail sector. The proposed project builds upon these
foundations, aiming to advance the state-of-the-art by applying time series techniques to the specific challenges faced by
Big Mart in managing stock levels across its extensive retail network. The common methodology most of the researches
go through are:

A. Data Collection

The dataset was sourced from Kaggle.com for this project. The dataset consists of both a training dataset, comprising
8,000 entries, and a test dataset with 5,000 entries. Fig.1 illustrates the training data, while Fig.2 displays a sample from
the test dataset.

B. Data Processing

The Kaggle-sourced dataset, integral to the project's objectives of Sales Forecasting and Inventory Optimization at Big
Mart, undergoes a systematic data processing pipeline to ensure its readiness for modelling and analysis. The following
steps outline the key components of this data processing endeavour:

Hypothesis | _ | Sales Data Data .| DataPre- Feature
Generation of the Retail :> Exploration processing Engineering
Stores
Segregation

of Training
and Test

data
Predict the Performance
Products :> sales of th_c L ol Anal).'sm.s of
availablein the products using Prediction
Stores best regressor using Test data Prediction
T using
Training
data set

Fig.1 Data Processing [4]
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Step 1. Data Exploration and Descriptive Statistics

Conduct exploratory data analysis (EDA) to gain a comprehensive understanding of the dataset's structure, including
feature distributions, data types, and any evident anomalies. Generate descriptive statistics to obtain insights into the
central tendencies and variability of the numerical features.

Step 2. Handling Missing Values

Identify and address missing values within the dataset, employing strategies such as imputation or removal based on the
extent and nature of missing data. Document the rationale behind chosen imputation methods and communicate any
potential impact on subsequent analyses.

Step 3. Feature Engineering

Engineer relevant features conducive to forecasting models, including temporal features, categorical encodings, and
aggregations of historical sales data. Transform categorical variables into a format suitable for model training.

Step 4. Time Series Decomposition

Decompose time series features into components like trend, seasonality, and residual using methods such as seasonal-
trend decomposition using LOESS (STL). Visualize the decomposed time series components to validate the separation
of patterns.

Step 5. Data Splitting

Split the dataset into training and testing sets, preserving the temporal order of entries. Reserve a portion for testing to
evaluate model performance on unseen data.

Step 6. Scaling and Normalization

Apply scaling or normalization to numerical features to prevent biases in model training. Common techniques include
Min-Max scaling or Z-score normalization.

Step 7. Handling Categorical Variables

Employ appropriate techniques for handling categorical variables, such as one-hot encoding or label encoding, ensuring
compatibility with machine learning models.

Step 8. Handling Outliers

Identify and address outliers within numerical features using statistical methodsor visualization techniques. Consider the
impact of outliers on model performance.

Step 9. Multivariate Time Series Processing

If the dataset contains multivariate time series (e.g., sales data for different product categories), implement approaches
like panel data processing to capture dependencies between variables.

Step 10. Data Format for Time Series Models

Structure the dataset in a time series-friendly format, organizing the data into sequences of time steps with corresponding
target values for training forecasting models.

Step 11. Validation and Documentation:

Validate the processed dataset's integrity through thorough checks, ensuring that it aligns with the project's objectives.
Document all data processing steps, transformations, and considerations to facilitate reproducibility and transparency.
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The processed dataset, refined through these steps, lays the foundation for the subsequent stages of the project,
encompassing the development, training, and evaluation of sales forecasting and inventory optimization models. The
meticulous data processing efforts aim to maximize the dataset's utility, enabling meaningful insights and actionable
recommendations for Big Mart's retail operations.

TABLE I: Attributes Information

Attribute Description Outlet-Identifier a distinct slot number
ltem_ldentifer It is the unique product I number. Outlet- The year that the shop first opened its doors.
‘\lJIIL.v h
Item Weight It will include the product’s weight. v
car
ltem Fat Content | It wall mean whether the item is Jow in fat Outlet-Size The sum of total arca occupsed by a
or not. supcrmarket,
[tem -Visibility The percentage of the overall viewing arca Outlet-Location The kind of town where the store is situated,
assigned to the particular stem from all
; Outlet-Type The shop s merely a supermarket or a
items in the shop,
Ttem -T: Towhich docs the commadity belong Locicadenain
tem - o whig the commods
e il : v Item-Outlet-Sales | The item's sales in the onginal shop
ltem-MRP The product’s price list

Table 1: Attributes Information [2]

Train data set

8 < () [

FDA1S 9.3 Low Fat  0.016047 Dairy 249.8092 OUT049
! DRCO1 5.92 Regular  0.019278 Soft Drink  48.2692 OUTO18
4 FON15S 17.5 Low Fat 0.01676 Meat 141,618 OUTO49
5 FOXO7 19.2 Regular 0 Frultsand 182,095 OUTO10

6 NCD19 8.93 Low Fat
' FOP36 10.395 Regular

0 Householc  53.8614 OUTO13
0 Baking Go  51.4008 OUTO18

4 FDO10 13.65 Regular  0.012741 Snack Foo  57.6588 OUTO13
9 FDOP10 Low Fat 0.12747 Snack Foo 107.7622 OUT027
10 FOM17 16.2 Regular  0.016687 Frozen For  96.9726 OUT045
11 FOU2s 19.2 Regular 0.09445 Frozen Fo: 187.8214 OUTO17
12 FoYO? 11.8 Low Fat 0 Frults and 45,5402 OUTO49
13 FDAD3 18.5 Regular  0.045464 Dalry 1441102 OUTO46
14 FOX32 15.1 Regular  0.100014 Frults and 145.4786 OUT049
15 FDS46 17.6 Regular  0.047257 Snack Foo 119.6782 OUTO046
16 FDF32 16.35 Low Fat  0.068024 Fruits and 196.4426 OUTO13
17 FOPas 9 Regular  0.069089 Breakfast 56,3614 OUT046
16 NCBA2 11.8 Low Fat  0.008596 Health an 115.3492 OUTO18
19 FOPA9 9 Regular  0.069196 Breakfast 54,3614 OUT049
0 DRI1L Low Fat  0.034238 Hard Drinl 113.2834 OUT027
2 |FD\!’Z 13.35 Low Fat  0.102492 Dalry 230.5352 OUT035
22 FON22 18.85 Regular 0.13819 Snack Foo 250.8724 OUTO13
23 FoW12 Regular 0.0354 Baking Go 144.5444 OUT027

Test dataset

A n B D 3 12 G K
1 item_ider item_Woel item_Fat_item_Visit item_Typ«Item_MRF Outlet_idiOutlet_Es Outlet_Siz Outiet_Lo Outlet_Type
! FOWSs 20.75 low Fat  0.007565 Snack Foo 107.8622 OUTO4S
| FOW14 83reg 0.038428 Dalry 87.3198 OUTO17
1 NCNSS 14.6 LowFat  0.099575 Others  241.7538 OUT010
5 FDQSS 7315 low Fat  0.015388 Snack Foo 155.034 OUTOL7
o FOY38 Regular  0.118599 Dairy 234.23 OUTO27

! FOH56 9.8 Regular  0.063817 Frults and 117.1492 OUTO46
4 FDLAS 19.35 Regular  0.082602 Baking Go  50.1034 OUTO1S
9 FDCAS low Fat  0.015782 Baking Go B1.0592 OUT027
10 FON33 6.305 Regular  0.123365 Snack Foo  95.7436 OUTO4S
11 FDA36 5.985 Low Fat  0.005698 Baking Go 186.8924 OUTO17
12 FOT44 16.6 Low Fat  0.103569 Frults and 118.3466 OUT017
13 FOQS6 6.59 Low Fat  0.105811 Fruits and  B5.3908 OUTD4S

1 NCC54 Llow Fat  0.171079 Health an: 240.4196 OUTO19
15 FOULL 4785 low Fat  0.092738 Breads  122.3098 OUT04S
16 DRLS9 16,75 F 0.021206 Hard Drinl  52.0298 OUTO13
17 FOM24 6.135 Regular  0.079451 Baking Go 151.6366 OUT049
18 FOIS7 19.85 Low Fat  0.054135 Seafood  198.7768 OUTO4S
19 DRC12 17.85 Low Fat  0.037981 Soft Drink 192.2188 OUTO1S
20 NCMa2 low Fat  0.028184 Househole 109.6912 OUTO27

21 FDAGG 13.6 Low Fat  0.196898 Snack Foo 193.7136 OUTO10

22 FDA3L 7.1 Low Fat 0.10992 Frults and  175.008 OUTO13
23 NO31 19.2 Low Fat  0.182619 Others  239.9196 OUT035
© IARJSET

v G H I ) K L
Item_ider Item_Wed item_Fat_item_Visit item_TypeItem_ MRS Outlet_Idi Outlet_Es Outlet_SizOutlet_Lo Outlet_Ty item_Outlet !

1999 Medium Tier 1 Supermar 3735138
2009 Medium  Tier 3 Supermar 4434228
1999 Medium  Tier 1 Supermar 209727
1998 Tier 3 Grocery St 732.38
1987 High Tier 3 Supermar 994.7052
2009 Medium Tier 3 Supermar 556.6088
1987 High Tier 3 Supermar 343.5528
1985 Medium Tier 3 Supermar 4022.764
2002 Tier 2 Supermar 1076.599
2007 Tier 2 Supermar 4710.535
1999 Medium  Tier 1 Supermar 1516.027
1997 Small Tier 1 Supermar 2187,153
1999 Medium  Tier 1 Supermar 1589.265
1997 Small Tier 1 Supermar 2145.208
1987 High Tier 3 Supermar 1977.426
1997 Small Tier 1 Supermar 1547.319
2009 Medium  Tier 3 Supermar 1621.889
1999 Medium Tier 1 Supermar 7183982
1985 Medium  Tier 3 Supermar 2303.668
2004 Small Tier2  Supermar 2748.422
1987 High Tier 3 Supermar 3775.086
1985 Medium  Tier 3 Supermar 4064.043
Table 2: Train Dataset [2]

1999 Medium Tier1  Supermarket Typel

2007 Tier 2 Supermarket Typel
1998 Tier 3 Grocery Store

2007 Tier2  Supermarket Typel
1985 Medium Tier3  Supermarket Type3
1997 Small  Tier1l  Supermarket Typel
2009 Medium Tier3  Supermarket Type2
1985 Medium Tier3  Supermarket Type3d
2002 Tier2  Supermarket Typel
2007 Tier2  Supermarket Typel
2007 Tier 2 Supermarket Typel
2002 Tier 2 Supermarket Typel
1985 Small Tier 1 Grocery Store

1999 Medium Tier 1 Supermarket Typel
1987 High Tier 3 Supermarket Typel
1999 Medium Tier1  Supermarket Typel
2002 Tier 2 Supermarket Typel
2009 Medium Tier 3 Supermarket Type2
1985 Medium Tier3  Supermarket Type3
1998 Tier 3 Grocery Store

1987 High Tier3  Supermarket Typal
2004 Small  Tier2  Supermarket Typel

Table 3: Test Dataset [2]
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C. The Proposed Architecture Diagram

BigMart Dataset BLJ
» :
Preprocessing

y
Regression and Classification
Models

Llneaf Polynomial Ridge XgBoost
Regression Regression Classifi Classifi
Classifier Classifier T asemer

» Predicted Result

Comparison with
Performance Computation

Accuracy RMSE MAE MSE
Fig.4 The Proposed Architecture Diagram [2]
1) Linear Regression

Linear regression, a core statistical method, models the connection between a dependent variable and one or more
independent variables. The process commences with a visual examination of data patterns, aiming to discern linearity or
non-linearity and identify outliers. Linear regression is considered for linear patterns, while non-linear patterns may
prompt data transformation. The treatment of outliers depends on non-statistical justifications.

Next, data is linked to the least squares line, minimizing the sum of squared differences between observed and predicted
values. Model assumptions are checked through residual and normal probability plots. Data transformation is employed
when assumptions are unmet.

If needed, data undergoes transformation to align with linear regression assumptions. Common transformations include
logarithmic or square root adjustments. A new regression line is constructed post-transformation, and the process iterates
until a satisfactory model fit is attained.

Upon achieving a "good-fit" model, the least-squares regression line equation is established
Y=01x1+ 02x2+---...... onxn

This equation encapsulates the relationship between the dependent variable (Y) and independent variables (x1, x2, ...,
xn). The model summary incorporates relevant statistics, such as coefficient estimates, standard errors, and R-squared,
which gauges the proportion of variance explained by the independent variables. This streamlined approach ensures a
comprehensive analysis, leading to the development of an accurate linear regression model.This can be expressed
mathematically as

Z(yactual - ypred!cted)AZ
Z(Yactual - Ymean)hz X

R —Square =1-—
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2) Polynomial Regression Algorithm

Polynomial Regression, a vital tool in our sales forecasting and inventory optimization project at Big Mart, models the
intricate relationship between dependent (y) and independent (x) variables by incorporating polynomial terms. The
equation captures non-linear patterns crucial in understanding the diverse dynamics of retail data.

y=b0+b1x1+ b2x1 2+ bnx1

Referred to as an exceptional case of multiple linear regression in machine learning, Polynomial Regression transforms
the conventional model by adding polynomial terms. This adaptation is essential for improving accuracy, especially in
scenarios where non- linear relationships prevail, as is often the case in our retail dataset. The algorithm excels in handling
non-linear datasets, aligning perfectly with the nature of our project. It utilizes a linear regression foundation to
accommodate complex functions, making it a suitable choice for our objective of forecasting sales and optimizing
inventory. In a concise manner, Polynomial Regression proves to be a powerful tool, enhancing our ability to model and
understand the nuanced patterns within the dynamic retail landscape at Big Mart.

3) Ridge Regression

In the realm of our sales forecasting and inventory optimization project at Big Mart, Ridge Regression emerges as a
valuable model tuning tool. Specifically designed to address multicollinearity issues within the data, this method employs
L2 regularization to enhance the stability of our predictive models.Ridge regression becomes indispensable when
multicollinearity disrupts the traditional least squares approach, introducing bias and high variances. In such scenarios,
where the expected values deviate significantly from actual values, Ridge Regression steps in to mitigate these challenges.
The cost function for Ridge Regression is expressed as:

Min (||Y — X(theta)||"2 + A||theta||"2)

Here, Y represents the dependent variable, X the independent variables, theta the coefficients, and A the regularization
parameter.

4) XGBoost Regression

In our sales forecasting and inventory optimization project at Big Mart, Extreme Gradient Boosting (XGBoost) proves
to be a highly efficient enhancement to traditional gradient boosting systems. With both a linear model solver and a tree
algorithm, "xgboost™ outperforms current gradient boosting implementations, running multiple times faster. Its versatility
extends to supporting various target functions, including regression, classification, and ranking. Despite its computational
intensity, XGBoost is well-suited for competitive scenarios, offering quick and accurate predictions. Beyond speed, it
provides features for cross-validation and identifying significant factors, enhancing its applicability in our project.
XGBoost's accelerated computation speed and versatile capabilities make it a valuable asset for navigating the
complexities of sales forecasting and inventory optimization at Big Mart.

. CONCLUSION

In this study, we have delved into the effectiveness of various algorithms in predicting sales based on revenue and
reviews. Our focus was on identifying the best-performing algorithm, and through rigorous analysis, we propose the
utilization of a software employing regression approaches. Specifically, we explored the impact of linear regression,
polynomial regression, ridge regression, and XGBoost regression on sales prediction accuracy.

Our findings underscore the efficacy of ridge and XGBoost regression in providing superior predictions compared to
linear and polynomial regression. Notably, these algorithms outperform in terms of Accuracy, Mean Absolute Error
(MAE), and Root Mean Squared Error (RMSE). This suggests that the utilization of ridge and XGBoost regression
methods can significantly enhance the precision of sales predictions, offering a more robust foundation for decision
making in the realm of revenue forecasting.

Looking ahead, our study hints at the potential of leveraging sales forecasts to proactively manage cash flow, production,
staffing, and financing requirements. This proactive approach can be instrumental in navigating unforeseen challenges
and optimizing resource allocation. Additionally, our future work could explore the integration of the ARIMA model,
offering insights into the time series aspects of sales data through graphical representation.
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This holistic approach could further refine our understanding of sales dynamics, paving the way for more sophisticated
and accurate forecasting models.

In conclusion, our investigation has illuminated the path toward enhanced sales prediction through the strategic
application of regression algorithms. The superiority of ridge and XGBoost regression positions them as key players in
optimizing sales forecasts, setting the stage for more informed and effective decision- making in the dynamic landscape
of revenue and review-based sales predictions.
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