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ABSTRACT

Nowadays, competition among business corporations is very high and supermarkets

are one such type of business corporation. The most important factor for

supermarkets to stay in the competition is their customers’ satisfaction. Providing the

customers with the variety of products they need and also the required quantity

under one roof is a big task and to achieve that corporations like Target Corporation,

which has several stores across the globe keep track of every product’s sales data.

This data store contains the attributes of various items and also the individual

customer’s data which is then used to predict potential consumer demand and fulfill

their consumer’s needs as required. Anomalies and general trends are often

discovered by mining the data warehouse's data store. For retailers like Target, the

resulting data can be used to predict future sales volume using various machine

learning techniques. Therefore, a predictive model was developed using Xgboost,

Linear regression, and Ridge regression techniques for forecasting the sales of a

business such as Target Corporation, and it was discovered that the model

outperforms existing models. It was able to give a brief view of the number of items

sold per product.
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CHAPTER I

INTRODUCTION:

⮚ Outline of the project:

Everyday competitiveness between various shopping centers as and as huge marts

is becoming higher intense, violent just because of the quick development of global

malls also online shopping. Each market seeks to offer personalized and limited-time

deals to attract many clients relying on period of time, so that each item's volume of

sales may be estimated for the organization's stock control, transportation and

logistical services. The current machine learning algorithm is very advanced and

provides methods for predicting or forecasting sales any kind of organization,

extremely beneficial to overcome low – priced used for prediction. Always better

prediction is helpful, both in developing and improving marketing strategies for the

marketplace, which is also particularly helpful. In today’s modern world, huge

shopping centers such as big malls and marts are recording data related to sales of

items or products with their various dependent or independent factors as an

important step to be helpful in prediction of future demands and inventory

management. The dataset built with various dependent and independent variables is

a composite form of item attributes, data gathered by means of customer, and also

data related to inventory management in a data warehouse. The data is thereafter

refined in order to get accurate predictions and gather new as well as interesting

results that shed a new light on our knowledge with respect to the task’s data. This

can then further be used for forecasting future sales by means of employing machine

learning algorithms such as the random forests and simple or multiple linear

regression model.

● Purpose of the Project:
An accurate sales forecast allows you to properly plan for impending sales. If you

have developed an accurate understanding of how your business’ sales naturally

increase and decrease over the year, you can plan by:

● Keeping appropriate levels of stock.

● Hiring temporary staff
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● Spacing out projects that would otherwise preoccupy staff needed to support

an increase in demand

● Proposed System:
In this paper, we are addressing the problem of Target mart sales prediction or

forecasting of an item on customer’s future demand in different target mart stores

across various locations and products based on the previous record. We started with

making some hypothesis about the data without looking at it. Then we moved on

to data exploration where we found out some nuances in the data which required

remediation. Next, we performed data cleaning and feature engineering, where we

imputed missing values and solved other irregularities, made new features and also

made the data model-friendly. Finally we made regression, decision tree and random

forest model and got a glimpse of how to tune them for better results.

● Advantages:

1. Sales forecasting helps you attain this revenue efficiency by offering

insight into the likely behavior of your most valuable customers. You

can predict future sales, as well as improve pricing, advertising, and

product development.

2. Forecasts help revenue teams achieve their goals by identifying early

warning signals in their pipeline and course-correcting before it’s too

late.

3. Quantifies your organization’s health.

Your forecast is much more than a sales number, just like revenue

operations includes marketing and customer success in addition to

sales.

4. Enables continuous strategic planning.

According to recent Forrester research, annual or even quarterly

planning is a thing of the past. Continuous forecasting enables

organizations to respond with exponentially less failure to today’s pace
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of the market.

● Disadvantages:

1. Time-Intensive Completion - While there are various methods of sales

forecasting, the two broad approaches include manual and data-driven

processes. In either case, significant time is required to develop

forecasts.

2. Internal Bias - Forecasting is not always intended to be a realistic

projection of anticipated sales and not a depiction of desired sales. The

challenge for company marketing and sales reps in preparing forecasts

is that internal bias is hard to avoid. 

3. Sales reps look better and tend to earn more commission when they

achieve high sales goals. This natural desire to have lofty aspirations

can lead to inflated forecasts. When sales forecasts are high,

companies could invest too much in inventory and resources in

preparation for selling activities.
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CHAPTER II

LITERATURE SURVEY:
A great deal of work having been gotten really intended to date the territory of deals

foreseeing. A concise audit of the important work in the field of big mart deals is

depicted in this part. Numerous other Measurable methodologies, for example, with

regression, (ARIMA) Auto-Regressive Integrated Moving Average, (ARMA)

Auto-Regressive Moving Average, have been utilized to develop a few deals forecast

standards. Be that as it may, deals anticipating is a refined issue and is influenced by

both outer and inside factors, and there are two significant detriments to the

measurable technique as set out in A. S. Weigend et A mixture occasional quantum

relapse approach and (ARIMA) Auto-Regressive Integrated Moving Average way to

deal with every day food deals anticipating were recommend by N. S. Arunraj and

furthermore found that the exhibition of the individual model was moderately lower

than that of the crossover model.

E. Hadavandi utilized the incorporation of “Genetic Fuzzy Systems (GFS)” and

information gathering to conjecture the deals of the printed circuit board. In their

paper, K-means bunching delivered K groups of all information records. At that point,

all bunches were taken care of into autonomous with a data set tuning and

rule-based extraction ability. Perceived work in the field of deals gauging was done

by P.A. Castillo, Sales estimating of new distributed books was done in a publication

market the executives setting utilizing computational techniques. “Artificial neural

organizations” are additionally utilized nearby income estimating. Fluffy Neural

Networks have been created with the objective of improving prescient effectiveness,

and the Radial “Base Function Neural Network (RBFN)” is required to have an

incredible potential for anticipating deals.

A Forecast for Big Mart Sales Based on Random Forests and Multiple Linear

Regression (2018) Author: - Kadam, H., Shevade, R., Ketkar, P. and Rajguru

Description: - A Forecast for Big Mart Sales Based on Random Forests and Multiple

Linear Regression used Random Forest and Linear Regression for prediction
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analysis which gives less accuracy. To overcome this we can use XG boost

Algorithm which will give more accuracy and will be more efficient.

Forecasting methods and applications (2008) Author: - Makridakis, S.,

Wheelwrigh.S.C., Hyndman. R.J Description: - Forecasting methods and

applications contains Lack of Data and short life cycles. So some of the data like

historical data, consumer-oriented markets face uncertain demands, can be

prediction for accurate result. 3. Title: -Comparison of Different Machine Learning

Algorithms for Multiple Regression on Black Friday Sales Data (2018) Author: - C. M.

Wu, P. Patil and S. Gunaseelan Description: - Comparison of Different Machine

Learning Algorithms for Multiple Regression on Black Friday Sales Data Used Neural

Network for comparison of different algorithms. To overcome this Complex models

like neural networks is used for comparison between different algorithms which is not

efficient so we can use more simpler algorithm for prediction
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CHAPTER THREE

PROJECT DESIGN:

● 1.Workflow Diagram:
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● 2.System Architecture:
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CHAPTER III

PROJECT IMPLEMENTATION, ALGORITHMS AND
METHODS USED:

● Introduction:
 “To find out what role certain properties of an item play and how they affect their

sales by understanding Target mart sales.” In order to help Target Mart achieve

this goal, a predictive model can be built to find out for every store, the key

factors that can increase their sales and what changes could be made to the

product or store’s characteristics.

● Software Requirements:
⮚ Windows XP (8,9 or 10).

⮚ Any Python Interpreter.

⮚ Machine Learning modules installed.

⮚ Target Mart Dataset.

● Working Explanation:
The aim is to build a predictive model and find out the sales of each product at

a particular store. Using this model, Big Marts like Target will try to understand

the properties of products and stores which play a key role in increasing

sales. So the idea is to find out the properties of a product, and store which

impacts the sales of a product. We came up with certain hypothesis in order to

solve the problem statement relating to the various factors of the products and

stores. We develop a predictive model using different ML Algorithms like

Linear regression, Polynomial regression, and Ridge regression techniques

for forecasting the sales of a business such as Target Corporation.

• By using this model, we will try to understand the properties of products

and stores which play a key role in increasing sales.

• We came up with certain hypothesis in order to solve the problem

statement relating to the various factors of the products and stores.
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• We’ll be performing some basic data exploration and come up with

some inferences about the data.

• In our model we have used Target corporation sales dataset. After

preprocessing and filling missing values, we used ensemble classifier

using Decision trees, Linear regression, Ridge regression, Polynomial

regression and XgBoost regression classifier.

● Prerequisites:
The dataset contains about 10 years of daily weather observations from

numerous Australian weather stations.

Python is a multi-paradigm programming language. Object-oriented

programming and structured programming are fully supported, and many of its

features support functional programming and aspect-oriented

programming (including by meta programming and meta objects (magic methods)).

Many other paradigms are supported via extensions, including design by

contract and logic programming.

Python uses dynamic typing and a combination of reference counting and a

cycle-detecting garbage collector for memory management. It also features

dynamic name resolution (late binding), which binds method and variable names

during program execution.

Python's design offers some support for functional programming in the Lisp tradition.

It has functions; list comprehensions, dictionaries, sets, and generator expressions.

The standard library has two modules (itertools and functools) that implement

functional tools borrowed from Haskell and Standard ML.

Regression is a statistical measure that attempts to determine the strength of the

relationship between one dependent variable usually denoted by Y and a series of

other changing variables known as independent variables. Regression model which

contain more than two predictor variables are called Multiple Regression Model.

• Model Design:
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This shows the architecture Diagram of the proposed model where they focus on

the different algorithm application to the dataset. Here, we are calculating the

Accuracy, MAE, MSE, RMSE and final concluding the best yield algorithm. Here

are the following Algorithm are used.

A. Linear Regression:

• Build a fragmented plot:

1) a linear or non-linear pattern of data and 2) a variance (outliers).

Consider a transformation if the marking isn't linear. If this is the case,

outsiders, it can suggest only eliminating them if there is a

non-statistical justification.

• Link the data to the least squares line and confirm the model

assumptions using the residual plot (for the constant standard deviation

assumption) and the normal probability plot (for the normal probability

assumption) A transformation might be necessary if the assumptions

made do not appear to be met

• If required, convert the data to the least square using the transformed

data, construct a regression line.

• If a change has been completed, return to the previous process 1. If

not, continue to phase 5.

• When a "good-fit" classic is defined, write the least-square regression

line equation. Consist of normal estimation, estimation, and R-squared

errors. • Linear regression formulas look like this:

Y=o1x1+ o2x2+……… onxn

R-Square: Defines the difference in X (depending variable) explains the

total variance in Y (dependent variable) (independent variable).

B. Polynomial Regression:

• Polynomial Regression is a relapse calculation that modules the

relationship here among dependent(y) and the autonomous variable(x)

in light of the fact that as most extreme limit polynomial. The condition

for polynomial relapse is given beneath: y= b0+b1x1+ b2x1 2+ b2x1

3+...... bnx1 n

• It is regularly alluded to as the exceptional instance of various straight

relapse in ML. Since we apply some polynomial terms to the numerous

18



straight relapse condition to change it to polynomial relapse adjustment

to improve accuracy.

• The informational collection utilized for preparing in polynomial

relapse is of a non-straight nature.

• It uses a linear regression model to fit complex and non-linear

functions and datasets.

C. Ridge Regression:

Ridge regression is a model tuning tool used to evaluate any data that

suffers from multi-collinearity. This method performs the L2

regularization procedure. When multi-collinearity issues arise, the least

squares are unbiased and the variances are high, resulting in the

expected values being far removed from the actual values. The cost

function for ridge regression:

Min (||Y – X(theta)||^2 + λ||theta||^2)

D. XgBoost Regression:

“Extreme Gradient Boosting” is same but much more effective to the

gradient boosting system. It has both a linear model solver and a tree

algorithm. Which permits “XgBoost” in any event multiple times quicker

than current slope boosting executions? It underpins various target

capacities, including relapse, order and rating. As "XgBoost" is

extremely high in prescient force however generally delayed with

organization, it is appropriate for some rivalries. It likewise has extra

usefulness for cross-approval and finding significant factors.

● Methodology:

We will explore the problem in following stages:

1. Hypothesis Generation - understanding the problem better by

brainstorming possible factors that can impact the outcome.

2. Data Preprocessing - looking at categorical and continuous feature

summaries and making inferences about the data.

3. Data Analysis - imputing missing values in the data and checking for

outliers.
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4. Feature Engineering - modifying existing variables and creating new ones

for analysis.

5. Implementing model - making predictive models on the data.

1. Importing Libraries:

The first step in any Data Analysis step is importing necessary libraries.

# Load Data Set: Dataset can be loaded using a method read_csv().

2. Data Preprocessing:

Real-world data is

often messy, incomplete, unstructured, inconsistent, redundant, sprinkled with

wacky values. So, without deploying any Data Preprocessing techniques, it is

almost impossible to gain insights from raw data. Data preprocessing is a

process of converting raw data to a suitable format to extract insights. It is the

first and foremost step in the Data Science life cycle. Data Preprocessing

makes sure that data is clean, organize and read-to-feed to the Machine

Learning model.

● Dataset has two data types: float64, object

● Except for the Date, Location columns, every column has missing values.

Let’s generate descriptive statistics for the dataset using the

function describe() in pandas.

Descriptive Statistics: It is used to summarize and describe the features of

data in a meaningful way to extract insights. It uses two types of statistic to

describe or summarize data:

● Measures of tendency

● Measures of spread.

3. Cardinality check for Categorical features:
20



⮚ The accuracy, performance of a classifier not only depends on the

model that we use, but also depends on how we preprocess data, and

what kind of data you’re feeding to the classifier to learn.

⮚ Many Machine learning algorithms like Linear Regression, Logistic

Regression, k-nearest neighbors, etc. can handle only numerical data,

so encoding categorical data to numeric becomes a necessary step. 

But before jumping into encoding, check the cardinality of each

categorical feature.

⮚ Cardinality: The number of unique values in each categorical feature

is known as cardinality.

⮚ A feature with a high number of distinct/ unique values is a high

cardinality feature. A categorical feature with hundreds of zip codes is

the best example of a high cardinality feature.

⮚ This high cardinality feature poses many serious problems like it

will increase the number of dimensions of data when that feature is

encoded. This is not good for the model.

⮚ There are many ways to handle high cardinality, one would be feature
engineering and the other is simply dropping that feature if it doesn’t

add any value to the model.

4. Handling Missing Values:

Machine learning algorithms can’t handle missing values and cause problems. So

they need to be addressed in the first place. There are many techniques to identify

and impute missing values.

If a dataset contains missing values and loaded using pandas, then missing values

get replaced with NaN(Not a Number) values. These NaN values can be identified

using methods like isna() or isnull() and they can be imputed using  fillna(). This

process is known as Missing Data Imputation.
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# Handling Missing values in Categorical Features:

big_mart_data.isnull().sum()

Missing values in Numerical Features can be imputed using Mean and Median.

Mean is sensitive to outliers and median is immune to outliers. If you want to impute

the missing values with mean values, then outliers in numerical features need to be

addressed properly.

5. Outliers detection and treatment:

An Outlier is an observation that lies an abnormal distance from other values in a

given sample. They can be detected using visualization (like box-plots, scatter

plots), Z-score, statistical and probabilistic algorithms, etc.

It’s time to do some analysis on each feature to understand about data and get

some insights.
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6. Exploratory Data Analysis:

Exploratory Data Analysis(EDA) is a technique used to analyze, visualize,

investigate, interpret, discover and summarize data. It helps Data Scientists to

extract trends, patterns, and relationships in data.

# Outlet_Establishment_Year column:

plt.figure(figsize=(6,6))
sns.countplot(x='Outlet_Establishment_Year', data=big_mart_data)
plt.show()

# Item_Fat_Content column:

plt.figure(figsize=(6,6))
sns.countplot(x='Item_Fat_Content', data=big_mart_data)
plt.show()
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# Item_Type column:
plt.figure(figsize=(30,6))
sns.countplot(x='Item_Type', data=big_mart_data)
plt.show()

7. Encoding of Categorical Features:

Most Machine Learning Algorithms like Logistic Regression, Support Vector

Machines, K Nearest Neighbours, etc. can’t handle categorical data. Hence, these

categorical data need to converted to numerical data for modeling, which is

called  Feature Encoding.

There are many feature encoding techniques like One code encoding, label

encoding. But in this particular blog, I will be using replace() function to encode

categorical data to numerical data.

8. Correlation: 

Correlation is a statistic that helps to measure the strength of the relationship

between two features. It is used in bivariate analysis. Correlation can be calculated

with method corr() in pandas.

# Splitting data into Independent Features and Dependent Features:

For feature importance and feature scaling, we need to split data into independent

and dependent features.

● X – Independent Features or Input features
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● y – Dependent Features or target label.

9. Feature Importance:

● Machine Learning Model performance depends on features that are used to train a

model. Feature importance describes which features are relevant to build a model.

● Feature Importance refers to the techniques that assign a score to input/label

features based on how useful they are at predicting a target variable. Feature

importance helps in Feature Selection.

We’ll be using ExtraTreesRegressor class for Feature Importance. This class implements a

meta estimator that fits a number of randomized decision trees on various samples of the

dataset and uses averaging to improve the predictive accuracy and control over-fitting.

10. Feature Scaling:

Feature Scaling is a technique used to scale, normalize, standardize data in range(0,1). When

each column of a dataset has distinct values, then it helps to scale data of each column to a

common level. StandardScaler is a class used to implement feature scaling.

11. Model Building:

In this article, I will be using a Logistic Regression algorithm to build a predictive model to

predict whether or not it will rain tomorrow.
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CHAPTER IV

IMPLEMENTED SCREENSHOTS:

1.
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2.

3.
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CHAPTER V

CONCLUSION:

In this work, the effectiveness of various algorithms on the data on revenue and

review of, best performance-algorithm, here propose a software to using regression

approach for predicting the sales centered on sales data from the past the accuracy

of linear regression prediction can be enhanced with this method, polynomial

regression, Ridge regression, and Xgboost regression can be determined. So, we

can conclude ridge and Xgboost regression gives the better prediction than the

Linear and polynomial regression approaches. In future, the forecasting sales and

building a sales plan can help to avoid unforeseen cash flow and manage

production, staff and financing needs more effectively. In future work we can also

consider with the ARIMA model which shows the time series graph.
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APPENDIX

SOURCE CODE:

#Importing Libraries:

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.preprocessing import LabelEncoder

from sklearn.model_selection import train_test_split

from xgboost import XGBRegressor

from sklearn import metrics

%matplotlib inline

from scipy import stats

# loading the data from csv file to Pandas DataFrame

big_mart_data = pd.read_csv('Train.csv')

# first 5 rows of the dataframe

big_mart_data.head()
# number of data points & number of features
big_mart_data.shape
# getting some information about thye dataset
big_mart_data.info()

#Categorical Features:

29



#Item_Identifier
#Item_Fat_Content
#Item_Type
#Outlet_Identifier
#Outlet_Size
#Outlet_Location_Type
#Outlet_Type
# checking for missing values
big_mart_data.isnull().sum()
# mean value of "Item_Weight" column
big_mart_data['Item_Weight'].mean()
# filling the missing values in "Item_weight column" with "Mean" value

big_mart_data['Item_Weight'].fillna(big_mart_data['Item_Weight'].mean(),

inplace=True)

# mode of "Outlet_Size" column

big_mart_data['Outlet_Size'].mode()

# filling the missing values in "Outlet_Size" column with Mode

mode_of_Outlet_size = big_mart_data.pivot_table(values='Outlet_Size',

columns='Outlet_Type', aggfunc=(lambda x: x.mode()[0]))

miss_values = big_mart_data['Outlet_Size'].isnull()

print(miss_values)

big_mart_data.loc[miss_values, 'Outlet_Size'] =

big_mart_data.loc[miss_values,'Outlet_Type'].apply(lambda x:

mode_of_Outlet_size[x])

big_mart_data.describe()

sns.set()

# Item_Weight distribution

plt.figure(figsize=(6,6))

sns.distplot(big_mart_data['Item_Weight'])

plt.show()

# Item Visibility distribution

plt.figure(figsize=(6,6))

sns.distplot(big_mart_data['Item_Visibility'])

plt.show()
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# Item MRP distribution

plt.figure(figsize=(6,6))

sns.distplot(big_mart_data['Item_MRP'])

plt.show()

# Item_Outlet_Sales distribution

plt.figure(figsize=(6,6))

sns.distplot(big_mart_data['Item_Outlet_Sales'])

plt.show()

# Outlet_Establishment_Year column

plt.figure(figsize=(6,6))

sns.countplot(x='Outlet_Establishment_Year', data=big_mart_data)

plt.show()

# Item_Fat_Content column

plt.figure(figsize=(6,6))

sns.countplot(x='Item_Fat_Content', data=big_mart_data)

plt.show()

# Outlet_Size column

plt.figure(figsize=(6,6))

sns.countplot(x='Outlet_Size', data=big_mart_data)

plt.show()

big_mart_data.head()

big_mart_data['Item_Fat_Content'].value_counts()

big_mart_data.replace({'Item_Fat_Content': {'low fat':'Low Fat','LF':'Low Fat',

'reg':'Regular'}}, inplace=True)

big_mart_data['Item_Fat_Content'].value_counts()

Label Encoding
encoder = LabelEncoder()

big_mart_data['Item_Identifier'] =

encoder.fit_transform(big_mart_data['Item_Identifier'])

big_mart_data['Item_Fat_Content'] =

encoder.fit_transform(big_mart_data['Item_Fat_Content'])
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big_mart_data['Item_Type'] = encoder.fit_transform(big_mart_data['Item_Type'])

big_mart_data['Outlet_Identifier'] =

encoder.fit_transform(big_mart_data['Outlet_Identifier'])

big_mart_data['Outlet_Size'] = encoder.fit_transform(big_mart_data['Outlet_Size'])

big_mart_data['Outlet_Location_Type'] =

encoder.fit_transform(big_mart_data['Outlet_Location_Type'])

big_mart_data['Outlet_Type'] = encoder.fit_transform(big_mart_data['Outlet_Type'])

big_mart_data.head()

X = big_mart_data.drop(columns='Item_Outlet_Sales', axis=1)

Y = big_mart_data['Item_Outlet_Sales']

print(X)

print(Y)

Splitting the data into Training data & Testing Data
X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2,

random_state=2)

print(X.shape, X_train.shape, X_test.shape, Y_test.shape)

Machine Learning Model Training

XGBoost Regressor
regressor = XGBRegressor()

regressor.fit(X_train, Y_train)

# prediction on training data

training_data_prediction = regressor.predict(X_train)

# R squared Value

r2_train = metrics.r2_score(Y_train, training_data_prediction)

print('R Squared value = ', r2_train)

# prediction on test data

test_data_prediction = regressor.predict(X_test)

# R squared Value
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r2_test = metrics.r2_score(Y_test, test_data_prediction)

print('R Squared value = ', r2_test)

#RMSE

from sklearn.metrics import mean_squared_error

from math import sqrt

rmse_xgboost = sqrt(mean_squared_error(Y_test, test_data_prediction))

rmse_xgboost

Linear Regressor
new_data = data.copy()

#Independent Variables:

x = new_data.drop("item_outlet_sales", axis = 1)

#Depenedent Variables

y = new_data["item_outlet_sales"].values.reshape(-1,1)

#Splitting The data  into Train and Test Dataset:

from sklearn.model_selection import train_test_split

x_train,x_test, y_train, y_test = train_test_split(x,y, test_size =0.20, random_state =

3)

#Applying Linear Regression Model

from sklearn.linear_model import LinearRegression

regressor =LinearRegression()

regressor.fit(x_train, y_train)

#Prediction
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y_pred = regressor.predict(x_test)

#Accuracy of Model (Apply R2_score)

from sklearn.metrics import r2_score, mean_squared_error

r2_score(y_test, y_pred)

#Checking Root Mean Square error

from math import sqrt

rmse = sqrt(mean_squared_error(y_test,  y_pred))

rmse

Ridge Regressor

#Ridge Regression

from sklearn.linear_model import Ridge

rr = Ridge(alpha = 0.009)

rr.fit(x_train, y_train)

rr_pred = rr.predict(x_test)

#Accuracy score check

r2_score(y_test, y_pred)

#RMSE

rmse_ridge = sqrt(mean_squared_error(y_test, rr_pred))

rmse_ridge
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