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Sales and Logistics Analysis in E-commerce using

1 Overview

Machine Learning models

Mysura Reddy Polam
Student ID: X21143323

Your first section. Change the header and label to something appropriate.

2 System Introduction

2.1 Hardware

Device name
Processor
Installed RAM
Device ID
Product ID
System type

Pen and touch

B60GHz 1.80 GHz

32D17386F
00327-35824-68265-AA0CEM

64-bit operating m, x64-based processor

No pen or touch input is available for this display

Figure 1: Hardware Details

2.2 Software Installed
The varies software requirements are details below.

In the operating

system details used for windows 11

== Windows specifications

Edition

Version

Windows 11 Home Single Language

21H2

Installed on

05 build

Experience NMindows 000.1219.0

Figure 2: Software Details

Download and install Anaconda.



I Windows | ‘ macids t_\ Limux

Anaconda 2019.10 for macOS Installer

Python 3.7 version Python 2.7 version
&d-Bil Graphical Installer (554 MB] &d-Bil Graghical Installer (37 MB)
64-Bit Command Line Installer (424 MEB) B4-Bit Command Line Installer {409 MB |

Figure 3: Download & Install Anaconda
e Downloading Power Bi

Microsoft Power Bl Desktop

Version: 2.111.590.0 64-bit (November, 2022)

User ID: 688e2395c-0255-4366-9315-38df308da188

Session ID: 5ab14e10-bef4-4edc-adf5-3772fed7fd51

Copy session diagnostics to clipboard

Privacy Statement

Figure 4: Power Bi Desktop Version Configurations

e Installing PostgreSQL and PG Admin

About pgAdmin 4 v
Version 6.13
Application Mode Desktop
Current User pgadmind@pgadmin.org
NW.js Version 0.62.2
Browser Chromium 99.0.4844.84
Operating System Windows-10-10.0.22000-SP0
pgAdmin Database File C:\Users\Mani\AppData\Roaming\pgadmin\pgadmin4.db
Log File C:\Users\Mani\AppData\Roaming\pgadmin\pgadmin4.log
Server Configuration Copy

ALLOW_SAVE_PASSWORD = True

ALLOW_SAVE_TUNNEL_PASSWORD = False

APP_COPYRIGHT = "Copyright (C) 2013 - 2022, The pgAdmin Development Team”

APP_ICON = "pg-icon”

APP_NAME = "pgAdmin 4"

APP_RELEASE = 6

APP_REVISION =13

APP_SUFFIX ="

APP_VERSION = "6.13"

APP_VERSION_EXTN = (.css’, "is". "html’, "sva’, .pna’, "aif’, ".ico)
Figure 5: Pg Admin Configuration



3 Implementation and Results

3.1 Dataset
The data is downloaded from Kaggle

~
O crrmie- upoaTeD 5 vEARS Aco - | 1359 New Notebook & Download (8 MB) J*] :

E-Commerce Data

Actual transactions from UK retailer

Data Code (217) Discussion (8)

About Dataset

Context

Typically e-commerce datasets are proprietary and consequently hard to find among publicly available data. However, The UCI Machine

Learning Repository has made this dataset containing actual transactions from 2010 and 2011. The dataset is maintained on their site, where it

can be found by the title "Online Retail".

Content

“This is a transnaticnal data 19{12/2011 for a UK-based and

registered non-store online retail. The company mainly sells unigue all-occasion gifts. Many customers of the company are wholesalers.”

t which contains all the transactions occurring between 01/12/2010 and C

Acknowledgements

Per the UCI Machine Learning Repository, this data was made available by Dr Daging Chen, Director: Public Analytics group. chend '@’
don South Bank University, London SE1 0AA, UK.

Isbu.ac.uk, School of Engineering, Lor

Image from stocksnap.io.
Inspiration

Figure 6: Kaggle dataset

3.2 Installing the Required Packages
Importing all the libraries in python as shown in

E-Commerce Data | Kaggle

Usability @

7.06

License
Unknown

Expected update frequency
Not specified


https://www.kaggle.com/datasets/carrie1/ecommerce-data

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

from matplotlib import pyplot as plt

import seaborn as sns

import warnings

from cperator import attrgetter

import datetime as dt

import matplotlib.colors as mcolors

from IPython.display import display

from lazypredict.Supervised import LazyRegressor

from sklearn.utils import shuffle

from sklearn.cluster import KMeans

from sklearn.preprocessing import PolynomialFeatures
from sklearn.metrics import mean_squared_error, r2_score
import psycopg2

from sklearn.decomposition import PCA

from sklearn.preprocessing import LabelEncoder, StandardScaler, MinMaxScaler
from sklearn.model_selection import train_test_split
from sklearn.neighbors import KMeighborsRegressor

from sklearn.ensemble import AdaBoostRegressor

from sklearn.ensemble import BaggingRegressor

from sklearn.ensemble import GradientBoostingRegressor
from sklearn.tree import DecisionTreeRegressor

from sklearn.linear_model import LinearRegression

from sklearn import metrics

from sklearn.metrics import mean_squared_error

from math import sqrt

from sklearn.metrics import mean_absolute_error

warnings.filterwarnings("ignore™)
#matplotlib inline

Figure 7: Importing library

3.3 Load Dataset

Loading dataset to sql after downloading from Kaggle
Data set from Kaggle is loaded into sql
Import/Export data - table 'data’

General Options  Columns

Import/Export Export

Filename C:\Users\Mani\Desktop\data.csv
Format csv
Encoding ISO_8859_5

Figure 8: Importing from kaggle



Import/Export data - table 'data’ X

General Options Columns

el e Ly e InvoiceNo x StockCode x Description X Quantity X

InvoiceDate x UnitPrice x CustomerlD x Country x

An optional list of columns to be copied. If no column list is specified, all
columns of the table will be copied.

NOT NULL columns Not null columns...

Do not match the specified column values against the null string. In the
default case where the null string is empty, this means that empty values will
be read as zero-length strings rather than nulls, even when they are not
quoted. This option is allowed only in import, and only when using CSV
format.

0 0 X Close | £) Reset

Figure 9: Loading data into sql
e  Creating additional data in SQL

select a.=, trunc(random() * 6 + @) as requested_days , trunc(random() = 10 + @) as delivered_days from test2 a
select = from data

update test2

set delivered_days=trunc(random() * 9 + @)

where "InvoiceNo" {is not Null

alter table test2
rename to data

Figure 10: Adding more data using sql

e Loading data from SQL to python by giving username and password while creating
database.



import psycopg2

host
data
user
pwd=
port
conn
curs=
try:

except Exception as error

name="localhost”
base="ECOM'
name='postgres’
'123°

_id=5432

=None

None

conn=psycopg2.connect(

host=hostname,

dbname=databasze,

user=username,
password=pwd,
port=port_id)

cur=conn.cursor({)

cur.execute(SELECT * FROM data')

cur.fetchall()
conn. commit()

print(error)

cur.execute( 'SELECT * FROM data')

cur.
conn

fetchall()
.commit()

data=pd.read_sql('SELECT * FROM DATA',conn)

data

Figure 11: Importing data from sql data

3.4 Execute Pre-processing
Checking & removing null values

#1. Checking Null values
data.isnull().sum()

InvoiceMo
StockCode
Description
Quantity
InvoiceDate
UnitPrice
CustomerID
Country
requested_days
delivered_days
dtype: int64

135@80
e
e
e

# deleting Description Name which is having nullvalues
data.dropna(subset=[ 'Description'],how="any",inplace= True)

data[ 'CustomerID']
data["CustomerID™]

= pd.to_numeric(data[ 'CustomerID'], errors='coerce’)
= data["CustomerID"].fillna({value=data["CustomerID"].mean())

Figure 12: removing null values

Checking datatypes



# checking the
data.dtypes

InvoiceMo
StockCode
Description
Quantity
InvoiceDate
UnitPrice
CustomerID
Country
requested_days
delivered_days
dtype: object

type of dataset

object
object
object
inte4
object
floats4
floats4
object
inted
inted

Figure 13: checking datatypes

Removal of special characters from numeric columns

data[ "InvoiceNo' ]=data.InvoiceNo.astype(str).str.replace('C’, '")
data[ "InvoiceNo' ]=data.InvoiceNo.astype(str).str.replace('A", ")
data.drop(data.index[data['Country'] == 'Unspecified'], inplace=True)
data[ "InvoiceDate’ ]=pd.to_datetime(data["InvoiceDate™])

data[ 'InvoiceNo' ]=data[ InvoiceNo®].astype(int)

data[ 'CustomerID']=data[ 'CustomerID'].astype(float)

data[ "'Quantity’ ]=data[ 'Quantity'].astype(float)

data[ "Quantity’] = data[data[ 'Quantity'] > @][ Quantity’]

data[ "Quantity’] = data[ 'Quantity’].replace(np.nan, @)

data.isnull().sum()

Figure 14: Removing special characters

Creating additional column called total price

##adding one more column as total price
data[ 'TotalPrice'] = data[ 'UnitPrice’'] * data[ Quantity’]

data.isnull().sum()

Checking for outliers

Figure 15: adding more data



#checking for outliers

#checking for outliers

for column in data._get numeric_data():
plt.figure()
data.boxplot([column])

-10000 o

18000

17000 1

16000 1

150010 4

14000

13000

Figure 16: checking for outliers

e Creating additional data for logistics performance

data[ "logistic_performance_indicator']=data[ 'requested_days']/data['delivered_days']*1@@
data.dropna(subset=["logistic_performance_indicator'],how="any",inplace= True)

# Replace infinite updated daota with nan
data.replace([np.inf, -np.inf], np.nan, inplace=True)
# Drop rows with NaN

data.dropna{inplace=True)

(data)

data.isnull{).sum()
Figure 17: Creating logistics performance column

3.5 EDA

e Data analysis in PowerBi

i 0 0 L« Visualizations » Fields
Monthl Sales fop 5 Exporting Countries Product 4 <] Build visual
L Country @Germany @France © EIRE @Spain @Netherlands moth @1920104| m  [= P Search
M F H D
[r— z B finaldata_pyther

Total Sale

EBEBERPE >0Hnmoiex

p: — 0K E llﬂ E l]ﬂ E M L = Eolumr\‘
EaMBRN T

HFLOE [ T delivered,

| [~ NN B [  Descriptc

-!C'E'Q’BE‘ O X invoiceNc

& D - O T logistic p
2 100€ O X month
Countries
Values 0 Z Quantity
@ verage of requested_days @verage of delivered_days @ dverage of TotalPrice. Country @Lithuania @Braz! @ Czech Fepublic @ Bahvain @Saudi Arabia Add data fields here O I requestec
20|
StackCod
Saud Arabia Dill through O
S0k — O X TotalPrice
= Cross-report (®on) §
Bane: O I UnitPrice
Keep all filters
[o- o) O F year
Add drill-through fields here
10 o D;\‘Qs
o &
&
Caech Republic & o

Figure 18: Dashboard for overall dataset
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Figure 19: Dashboard for sales
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Figure 20: Dashboard for logistics

Data Visualization in Python



Most selling products

4 PURPLE FLOCK DINNER CAMDLES

50'5 CHRISTMAS GIFT BAG LARGE 2103.99

DOLLY GIAL BEAKER

| LOVE LONDON MINI BACKPACK

| LOWE LOWDON MINIRUCKSACK

MINE DRAWER DFFICE TIOY

VAL WALL MIRROR DWWMANTE 2137.05

RED SPOT GIFT BAG LARGE

SET 2 TEA TOWELS | LOVE LOMNDON T448.18

SPACEBOY BABY GIFT SET 6768.22

TOADSTOOL BEDSIDE LIGHT

7.9

TRELLIS COAT RACK

1]

3.6 Feature Selection

1a0n 200 000 000 5000 G000 oon

Figure 21: Product visualization in python

Feature selections

from sklearn.decomposition import PCA
from sklearn.preprocessing import LabelEncoder, StandardScaler, MinMaxScaler
from sklearn.model selection import train_test split

#ags we can see in correlation table, experience & current job years columns ar
#formula is (value-mean)/standard deviation
columns=["SALE","Logistic_performance”]

dataPCA=df [columns]

transformedDF={dataPCA-dataPCA.mean(axis=2))/dataPCA.std()

transformedDF

4

SALE \Logistic_performance

0 -0.225914 -0.3345861
1 -0.173347 -0.238240
2 -0.137530 -0.1635825
3 -0.126587 -0.114455
4 -0.231383 2.569347
301 3.7836M 0028598
302 5872086 -0.042857
303 6176854 0033693
304 BTETIT4 -0.002332
305 3894773 -0.018214

306 rows = 2 columns

#applying PCA(principle component analysis) method to transformed DF
pca=PCA(n_components=2)

PC=pca.fit_transform{transformedDF)
principle=pd.DataFrame(data=PC, columns=[ "PC.SALE', "PC.Logistic_performance’])
principle.head()



Figure 22: Principle component Analysis

#changing cotegorical values into numerical for training & test datasets by labe
cat_col=["Country"]
label encoder=LabelEncoder()
for col in cat_col:
df[col]=1label_encoder.fit_transform(df[col])
df[ "Country ' ]=df[ "Country']+1

df
2
Country Year Month Logistic_performance SALE PC.SALE PC.Logistic_performance
0 1 2010 12 T7.118347 965.350 -0.074916 -0.395649
1 1 2011 1 79.440901 8265130 -D.045386 -0.291036
2 1 201 2 81.229656 12970.380 -0.0138593 -0.213090
3 1 2011 3 82 415675 14407.950  0.008555 -0.170464
4 1 201 4 146.928571 641.000 1.980415 1.653190
301 7 2011 8 85855034 525460450 -2.641053 2681496
302 37 20m 9 84137439  B02449.351 -4.182495 4121887
303 7 2011 10 85977507 B42456.550 -4.343871 4391520
304 37 201 1 85.111569 1185428.600 -6.215260 6211963
305 3T 20m 12 84729799 542691.120 -2.7B66599 274141

306 rows = 7 columns
Figure 23: Categorical changes

3.7 Splitting data

#splitting daota
X=df[["Country™,"Year","Month"]].values
y=df[["SALE"]].values

X_train, X_test, y_train, y_test = train_test_split( X, y, test_size=08.2, random_state=42)
Figure 24: splitting data

#square root for sales
sqrt_x= np.sqrit(X+1)
sqri_y = np.sqrt(y)

scalar = StandardScaler()
scalar.fit({sqrt_x)

scaled_data_sqrt = scalar.transform(sqrt_x)
X_train_sqrt, X_test_sqrt, y_train_sqrt, y_test_sqrt = train_test_split(scaled_data_sqrt , sqrt_y, test_size=8.3, random_state=2

Figure 25: splitting data with squareroot transformtion

11



3.8 Modelling

HFRSALES
from sklearn.linear_model import LinearRegression
from sklearn import metrics

LR=LinearRegression()
LR.fit(X_train,y_train)
y_prediction=LR.predict(X_test)#prediction using test sample

from sklearn.metrics import mean_squared_error

from math import sqrt

from sklearn.metrics import mean_absolute_error

print(’'LinearRegression Model validation score for sales prediction:', LR.score(X_ test,y test)*lees)

print('R2 score of LinearRegression model for sales prediction: ', r2_score(y_test, y prediction)*leee)
print("RMSE value of LinearRegression for sales prediction :",sqrt{mean_squared_error(y_test, y prediction})})
print("M5E value of LinearRegression for sales prediction :",mean_squared_error(y_test, y prediction))
print("Mean absoulte error of LinearRegression for sales prediction :",mean_absolute_error(y_test, y_prediction))

results_df = pd.DataFrame(data=[["Linear Regression ", *evaluate(y_test, y prediction) ]],
columns=[ 'Model", 'MAE', 'MSE", 'RMSE', 'R2 Square'])
results_df

#square root for Linear regression
Im = LinearRegression()
Im.fit(X_train_sqrt,y_train_sqrt)

print{'Training accuracy=",1m.score(X_train_sqrt,y_train_sqrt))
pred = lm.predict(X_test sqrt)

mae = metrics.mean_absolute_error(y_test_sqrt, pred)

mse = metrics.mean_squared_error(y_test_sqrt, pred)

rmse = np.sqrt({metrics.mean_squared_error(y_test_sqrt, pred))
r2_square = metrics.r2_score(y_test_sgrt, pred)

print(*Prediction R-Square accuracy =',r2_sguare)
print{"MAE:", mae)
print("MSE:", mse)
print{"RMSE: " ,rmse)

results_dfl = pd.DataFrame(data=[["Linear Regression sqrt"”, *evaluate(y_test_sqrt, pred) ]1,
columns=[ "Model®, "MAE', "MSE', 'RMSE', 'R2 Square'])
results_df = results_df.append(results_dfl, ignore_index=True)

Figure 25: Linear regression
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2. Decision Tree Regressor

##decision Tree Regressor
from sklearn.tree import DecisionTreeRegressor
DTR=DecisionTresRegressor()

DTR.fit(X_train,y_train)

y_prediction=DTR.predict(X_test)#prediction using test sample
print({ 'Decision TreeRegression Model validation score for sales prediction:', DTR.score(X_train,y_train))
print{'R2 score of Decision TreeRegression model for sales prediction: ', r2_score(y_test, y_prediction))
print{"RMSE walue of Decision Tree Regression for sales prediction :*,sgri(mean_sgquared_error(y_test, y_prediction)})
print{"M5E wvalue of Decision Tree Regression for sales prediction:",mean_sguared_error{y_test, y_prediction))
print{"Mean absoulte error of Decision Tree Regreszsion for sales prediction”,mean_absolute_error(y_test, y_prediction))
results_df2 = pd.DataFrame(data=[["Decision TresRegression ", *evaluate(y_test, y_prediction} ]],

columns=[ "'Model’, 'MAE', 'MSE', 'RMSE', 'R2 Square'])

results_df = results_df.append{results_df2, ignore_index=True)

Decision TresRegression Model validation score for sales prediction: 1.9

R2 score of Decision TreeRegression model for sales prediction: @.97682917983127251
AMSE value of Decision Tree Regression for sales prediction @ 17766.162845842753

MSE walue of Decision Tree Regression for sales prediction: 315636513.8391435

Mean absoulte error of Decision Tree Regression for sales prediction 6892.638289577419

#square root for Decision Tree
DTR = DecisionTresRegressor()
DTR.fit(X_train_sqrt,y_train_sqrt)

print{ Training accuracy=',DTR.score(X_train_sqrt,y_train_sgrt)+168)
pred = DTR.predict(X_test_sgrt)

mae = metrics.mean_absolute_error(y_test_sgrt, pred)

mse = metrics.mean_squared_error(y_test_sqrt, pred)

rmse = np.sgri(metrics.mean_squared_error(y_test_sqrt, pred))
r2_square = metrics.r2_score(y_test_sqrt, pred)

print{ Prediction R-Sguare accuracy =',r2_sguare)
print{ MAE:", mae)

print{'M5E:", mse)

print(RMSE:',rmse)

results_df3 = pd.DataFrame(data=[["DecisionTreeRegressor sqrt”, *evaluate(y_test_sqrt, pred) ]1,
columns=[ "'Model’, 'MAE', 'MSE', 'RMSE', 'R2 Square'])

results_df = results_df.append{results_df3, ignore_index=True)

D=results_df2.append(results_df3, ignore_index=True)

Training accuracy= 108.8
Pregiction R-Square accuracy = @.913382445412732

Figure 26: Decision Tree Regression
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3. GradientBoostingRegressor

from sklearn.ensemble import GradientBoostingRegressor

GBR=GradientBoostingRegressor()}
GBR.fit(X_train,y_train)
y_prediction=GBR.predict({X_test)#prediction using test sample

print( GradientBoostingRegressor Model validation score for sales prediction:', GBR.score(X_train,y_train})

print{'R2 score of GradientBoostingRegressor: ', r2_score(y_test, y_prediction))

print{"RMSE value of GradientBoostingRegressor :",sgrt{mean_squared_error(y_test, y_prediction}}}

print{"M5E walue of GradiemtBoostingRegressor():",mean_squared_error(y_test, y_prediction})

print{"Mean absoulte error of GradientBoostingRegressor()”,mean_absolute_error(y_test, y_prediction))

results_dfd = pd.DataFrame(data=[[" GradientBoostingRegressor ", *ewvaluate(y_test, y_prediction) 11,
columns=[ "Model', 'MAE', 'MSE', 'RMSE', 'R2Z Square'])

results_df = results_df.append{results_df4, ignore_index=True)

GradizntBoostingRegressor Model validation score for sales prediction: @.9993683369663892
RZ score of GradientBoostingRegressor: @.977344666161835

AMSE value of GradientBoostingRegressor : 17367.189595962122

MSE value of GradientBoostingRegressor(): 3681619274.4968294

Mean absoulte error of GradientBoostingRegressor() 5742.457655402647

#square root for Decision Tree
GBR=GradientBoostingRegressor()
GBR.fit(X_train_sqgrt,y_train_sgrt)

print{'Training accuracy=',GBR.score(X_train_sqrt,y_train_sqrt)*188)
pred = GBR.predict(X_test_sqrt)

mae = metrics.mean_absolute_error(y_test_sgrt, pred)

mse = metrics.mean_squared_error(y_test_sqrt, pred)

rmse = np.sgri({metrics.mean_squared_error(y_test_sgrt, pred))
r2_square = metrics.r2_score(y_test_sqrt, pred)

print{’Prediction R-Sguare accuracy =',r2_square)
print{ 'MAE:', mae)

print{'M5E:"', mse)

print{ 'RMSE:',rmse)

results_dfS = pd.DataFrame(data=[["GradientBoostingRegressor sgri”, *evaluate(y_test_sgrt, pred) 11,
columns=[ "Model', 'MAE', 'MSE', 'RMSE', 'R2 Square'])

results_df = results_df.append{results_df5, ignore_index=True)

G=results_df4.append({results_dfs, ignore_index=True}

Training accuracy= 98.08139106880262

Prediction R-Square accuracy = ©@,9415665057243857
Figure 27: Gradient Boosting Regression

14



4 BagoingRegressor

from sklearn.ensemble import BaggingRegressor
BR=BaggingRegressor( )

BR.fit(X_train,y_train}
y_prediction=BR.predict(X_test)#prediction using test sample

print('BaggingRegressor Model validation score for sales prediction:', BR.score(X_train,y_train))

print('R2 score of BaggingRegressor: ', r2_score(y_test, y_prediction))

print("RMSE value of BaggingRegressor :",sgri(mean_squared_error{y_test, y_prediction)}))

print{"MSE value of BaggingRegressor:",mean_squared_error(y_test, y_prediction))

print{"Mean absculte error of BaggingRegressor",mean_absolute_error(y_test, y_prediction))

results_dfé = pd.DataFrame(data=[[" EBaggingRegressor ", *evaluate(y_test, y_prediction) 11,
columns=[ "Model', 'MAE', 'MSE", 'RMSE', 'R2 Sguare'])

results_df = results_df.append{results_df6, ignore_index=True)

BaggingRegressor Model validation score for sales prediction: @.9777153783257783
R2 score of BaggingRegressor: @.9786351845137936

RMSE value of BeggingRegressor @ 19772.36158245167

MSE walue of BaggingRegressor: 398946279, 3838891

Mean absoulte error of BaggingRegressor 6745.297124163548

#square root for BaggingRegressor
BR=BaggingRegressor( )
BR.fit(X_train_sgrt,y_train_sqrt)

print{'Training accuracy=',BR.score(X_train_sgrt,y_train_sqrt)#*188)
pred = BR.predict{X_test_sqgrt)

mze = metrics.mean_absolute_error(y_test_sgrt, pred)

mse = metrics.mean_squared_error{y_test_sgrt, pred)

rmse = np.sgri{metrics.mean_squared_error{y_test_sgrt, pred))
r2_square = metrics.r2_score(y_test_sqrt, pred)

print('Prediction R-Sguare accuracy =',r2_square)
print('MAE: ', mae)

print('MSE: "', mse)

print(*RMSE: ', rmse)

results_df7 = pd.DataFrame(data=[["BaggingRegressor sgrt", *evaluate(y_test_sqrt, pred) 11,

columns=[ "Mogel', 'MAE', "MSE", 'RMSE', 'R2 Square'])
results_df = results_df.append{results_df7, ignore_index=True)
B=results_df6.append{results_df7, ignore_index=True)

Training accuracy= 97.11191181651141
Figure 28: Bagging Regression
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5 AdaBoostRegressor

from sklearn.ensemble import AdaBoostRegressor
ABR=AdaBoostRegressor()

ABR.fit(X_train,y_train)
y_prediction=ABR.predict(X_test)#prediction using test sample

print('AdaBoostRegressor Model validation score for sales prediction:’, ABR.score{X_train,y_train))

print('R2 score of AdaBoostRegressor: ', r2_score(y_test, yv_prediction})

print("RMSE value of AdsBoostRegressor :",sgri(mean_squared_error(y_test, y_prediction)))

print("MSE value of AdaBoostRegressor:",mean_squared_error(y_test, y_prediction))

print("Mean absoulte error of AdaBoostRegressor”,mean_absolute_error(y_test, y_prediction))

results_df8 = pd.DetaFrame(data=[[" AdsBoostRegressor ", *evaluate(y_test, y_prediction) ]],
columns=[ "Model", 'MAE"', "MSE', 'RMSE', 'R2 Square'])

results_df = results_df.append(results_dfs, ignore_index=True)

AdaBoostRegressor Model validation score for sales prediction: @.99656530732851248
R2 score of AdsBoostRegressor: @.9585560806358952

RMSE wvalue of AdsBoostRegressor @ 16887,64128316435

MSE walue of AdsBoostRegressor: 253812199.48175132

Mean absoulte error of AdeBoostRegressor 6596.151253913114

#square root for AdoRegressor
ABR=AdaBoostRegressor()
ABR.fit(X_train_sgrt,y_train_sgrt)

print('Training accuracy=',ABR.score(X_train_sgrt,y_train_sqri)+186)
pred = ABR.predict(X_test_sqrt)

mae = metrics.mean_absolute_error(y_test_sgrt, pred)

mse = metrics.mean_squared_error(y_test_sqrt, pred)

rmse = np.sqri({metrics.mean_squared_error(y_test_sqrt, pred))
r2_sguare = metrics.r2_score(y_test_sgrt, pred)

print('Prediction R-5guare accuracy =',r2_square)
print('MAE:", mae)

print('MSE:
print({'RMSE: ' ,rmse)

results_df9 = pd.DataFrame(data=[["AdaBoostRegressor sqrt”, *evaluate(y_test_sgrt, pred) 11,

columns=["Model"', 'MAE", "MSE', 'RMSE', "R2Z Square'])
results_df = results_df.append(results_df9, ignore_index=True)
A=results_df8.append{results_df9, ignore_index=True)

Training accuracy= 91.93542508831743
Prediction R-Square accuracy = 8.9193093512075128

MAC. T SATOANSM SCEATS

Figure 29: AdaBoost Regression
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6. KMeighborsRegressor

from sklearn.neighbors import KWeighborsRegressor
KNN=KNeighborsRegressor()

KNK. Fit(X_train,y_train)
y_prediction=KNMN.predict(X_test)#prediction using test sample

print('KNeighborsRegressor Model walidstion score for sales prediction:', KNN.score(X_train,y_train))

print('R2 score of KNeighborsRegressor: ', r2_score(y_test, y_prediction))

print("RMSE value of KNeighborsRegressor :",sgri(mean_sguared_error(y_test, y_prediction)))

print("M5E value of KMeighborsRegressor:™,mean_squared_error({y_test, y_prediction})

print("Mean absoulte error of KMeighborsRegressor",mean_absolute_error(y_test, y_prediction}))

results_dfl® = pd.DataFrame(data=[[" KNeighborzRegressor ", *evaluate(y_test, y_prediction} 1],
columns=[ "Model', 'MAE', 'MSE", 'RMSE', 'R2 Square'])

results_df = results_df.append{results_dfl@, ignore_index=True)

KNeighborsRegressor Model validaticon score for sales prediction: @.8630788271996868
RZ score of KNeighborsRegressor: @.B@51857372897185

AMSE value of KNelghborsRegressor @ 5@8935.2287886249

MSE wvalue of KNelghborsRegressor: 2584733152,122295

Mean absoulte error of KMeighborsRegressor 13634,817774193552

#square root for KNN
KNN=KNeighborsRegressor()
KNN.Fit(X_train_sqrt,v_train_sgrt)

print('Training accuracy=",KNN.score(X_train_sqrt,y_train_sqrit)+*1as)
pred = KNN.predict(X_test_sqgri)

mae = metrics.mean_absolute_error(y_test_sgrt, pred)

mse = metrics.mean_squared_error(y_test_sqrt, pred)

rmse = np.sgri(metrics.mean_squared_error(y_test_sgrt, pred))
r?_sguare = metrics.r2_score(y_test_sgrt, pred)

print('Prediction R-Sguare accuracy =',r2_sguare)
print('MAE:", mae)

print('M5E:", mse)

print('RMSE: ', rmse)

results_dfll = pd.DataFrame(data=[["KNeighborsRegressor sgrt”, *evaluate(y_test_sgrt, pred) 11,
columns=[ "Model', 'MAE', 'MSE", 'RMSE', 'RZ Square'])

results_df = results_df.append{results_dfll, ignore_index=True)

K=results_dfl@.append(results_dfll, ignore_index=True)

Training accuracy= 38.398242521133184

Figure 30: KNeighbor Regression

3.9 Results
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results df

Model MAE MSE RMSE R2 Square

o Linear Regression S0784.77 12525174822.17 111915.02 0.08
1 Linear Regression sqrt 8485 3631004 180.55 0.05
2 Decision TreeRegression  6082.69 315636513.84 17786.16 0.8
3 DecisionTreeRegressor sqrt 25.59 322370 57.85 .21
4 GradieniBoostingRegressor 5742 46 301618274.50 17367.12 028
5 GradientBoosfingRegressor sgrt 25.22 224021 47.33 0.o4
[ BaggingRegressor G745.30 J00D48270.38  18772.36 0.e7
T BaggingRegressor sqrt 2184 2E885.75 5382 oez
g AdaBoostRegressor  G586.15 252812100 48  1G0B7.64 0.8
k] AdaBoostRegressor sqrt rya 3145.32 58.09 082
10 KNeighborsRegressor 1353452 2508470315212 5023323 0.81
ihl KMeighborsRegressor sgrt 2488 2843585 158.62 0.2
12 AdaBoostRegressor sqrt 35.80 308372 5562 082

import seaborn as sns
fig = plt.figure(figsize =(15, 5))

sns.barplot(x="R2 Square", y="Model", data=results_df)
plt.xlabel( Accuracy')

Text(@.5, @, 'Accuracy")

Linear Regression |
Linear Regression sqrt [0
Decision TreeReqression |
DecisionTreeRegressor sqrt I
GradientBoostingregressor |
& GradientBoostingftegressor sqrt |
2 BaggingRegressor |
Baggingregressor sqrt [
ey ——————— —————————
AdaBaostRegressor sqrt [
KNeighborsRegressar [
KneighborsRegressor sart [T
o0 02

0.4 0.6 (1%
Figure 31: Results for sales prediction
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##logistics

A=df[["Country™,™Year", "Month","PC.SALE"]].values

p=df[["Logistic_performance"”]].values

A_traim, A_test, b_train, b_test = train_test_split( A, b, test_size=8.2, random_state=42)
LRl=LinearRegression{)

LR1.fit(A_train,b_train)

b_prediction=LR1.predict(A_test)#prediction using test sample

print{'LinearRegression Model validation score for logistic performance prediction:', LR1.score(A_test,b_test)*18a)
print({'R2 score of LinearRegression for logistic performance prediction: ', r2_score(b_test, b_prediction)}#18@)
print{"RMSE value of LinearRegression for logistic performance prediction:®,sqrt{mean_squared_error(b_test, b_prediction))}
print{"M5E wvalue of LinearRegression for logistic performance prediction:",mean_squared_error{b_test, b_prediction})
print{"Mean absoculte error of LinearRegression for logistic performance prediction:",mean_absolute_error(b_test, b_prediction))
results_df_logis = pd.DataFrame(data=[["Linear Regression_logistics ", *evaluate(b_test, b_prediction) 11,

columns=[ 'Model", "MAE", 'MSE', 'RMSE', 'R2 Square'])
results_df_logis

LinearRegression Model validation score for logistic performance prediction: 47.38524354962721
RZ score of LinearRegression for logistic performance prediction: 47.808524354862721

RMSE value of LinearRegression for logistic performance prediction: 15.2838228565835143

MSE wvalue of LinearRegression for logistic performance prediction: 233.57@78791763982

Mean absoulte error of LinearRegression for logistic performance prediction: 18.864666893957892

Model MAE MSE RMSE R2 Square

0 Linear Regression_logistics 10.08 233.57 1528 0.48

#decision tree
DTR1=DecisionTreeRegressor()
DTR1.fit({A_train,b_train)
b_prediction=DTR1.predict{A_test)}#prediction using test sample
print{'Decision TreeRegression Model validation score for logistic performance prediction:',DTR1.score{A_train,b_train})
print{'R2 score of Decision TreeRegression model for leogistic performance prediction: ', r2_score(b_test, b_prediction})
print{"RMSE value of Decision TreesRegression model for logistic performance prediction:”,sqrt{mean_squared_error(b_test, b_predi:
print{"M5E walue of Decision TreeRegression model for logistic performance prediction:”,mean_squared_error(b_test, b _prediction)]
print({"Mean absoulte error of Decision TreeRegression model for logistic performance prediction:®,mean_absolute_error{b_test, b_f
results_df_logisl = pd.DataFrame(data=[["Decision TreeRegression_logistics ", *evaluate(b_test, b_prediction) 11,

columns=[ 'Model", "MAE", 'MSE', 'RMSE', 'R2 Square'])
results_df_logis = results_df_logis.append{results_df_logisl, ignore_index=True)

4 »

Deciszion TresRegression Model validation score for logistic performance prediction: 1.8

RZ score of Decision TresRegression model for logistic performance prediction: ©.9995614680446545

AMSE value of Decision TreeRegression model for logistic performance prediction: 2.8551714131686165

MSE wvalue of Declsion TreeRegression model for logistic performance prediction: £,2237295374726085

Mean absoulte error of Decision TreeRegression model for logistic performance prediction: 1.2778588841826773

Figure 32: Linear and Decision Tree Regression
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#gradient
GBR1=GradientBoostingRegressor()
GBR1.fit(A_train,b_train)
b_prediction=GBR1.predict(A_test)#prediction using test sample
print{'GradientBoostingRegressor Model validation score for logistic performance prediction:',GBR1.score(A_train,b_train))
print{'R2 score of GradientBoostingRegressor model for logistic performance prediction: ', r2_score(b_test, b prediction})
print{"RMSE walue of GradientBoostingRegressor model for logistic performance prediction:®,sgri{mean_squared_error(b_test, b_pre
print{"M5E value of GradientBoostingRegressor model for logistic performance prediction:”,mean_squared_error(b_test, b_predictio
print{"Mean absoulte error of GradientBoostingRegressor model for logistic performance prediction:™,mean_absolute_error(b_test,
results_df_logis2? = pd.DataFrame{data=[["GradientBoostingRegressor_logistics ", *evaluste(b _test, b_prediction} 11,

columns=[ "Model', 'MAE®', 'MSE', 'RMSE', 'R2Z Square'])
results_df_logis = results_df_logis.append({results_df logis2, ignore_index=True)

4 4

GradientBoostingRegressor Model validation score for logistic performance prediction: ©.9991963663892237

R2 score of GradientBoostingRegressor model for logistic performance prediction: 8.9925437823812469

RMSE walue of GradientBoostingRegressor model for logistic performance prediction: 1.826643@384895775

MSE value of GradientBoostingRegressor model for logistic performance prediction: 3.3366467099814898

Mean absoulte error of GradientBoostingRegressor model for logistic performance prediction: 1.1448978522695836

#hagging
BR1=BaggingRegressor()
BRL.fit(A train,b_train)
b_prediction=BR1.predict(A_test)#prediction using test somple
print{'BaggingRegressor Model validation score for logistic performance prediction:®,BR1.score(A_train,b_train))
print{'R2 score of BaggingRegressor model for logistic performance prediction: ', r2_score(b test, b_prediction))
print{"RMSE value of BaggingRegressor model for logistic performance prediction:",sqrit{mean_squared_error{b_test, b_prediction))
print{"M5E value of BagginpgRegressor model for logistic performance prediction:®,mean_squared_error{b_test, b_prediction})
print{"Mean absoulte error of BaggingRegressor model for logistic performance prediction:®,mean_absolute_error{b_test, b_predict
results_df_logis3 = pd.DataFrame(data=[[" BaggingRegressor ", *evaluate(b_test, b_prediction) 1],
columns=[ *Model*, 'MAE", 'MSE', 'RMSE', 'R2 Square'])
results_df_logis = results_df_logis.append{results_df logis3, ignore_index=True)

4 »

BaggingRegreszor Model validation score for logistic performance prediction: 8.96386813488591127

R2 score of BaggingRegressor model for logistic performance prediction: ©.978552830133803

AMSE walue of BaggingRegressor model for logistic performance prediction: 3.8753@685471931&

MSE walue of BaggingRegressor model for logistic performance prediction: 9.46366386439305

Mean absoulte errcr of BaggingRegressor medel for legistic perfermance prediction: 1.5129388544@86515

Figure 33: Gradient & Bagging Regression
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from sklearn.ensemble import AdaBoostRegressor
ABR=AdsBoostRegressor()

ABR.fit(A_train,b_train)
b_prediction=ABR.predict{A_test)#prediction using test sample

print('AdaBoostRegressor Model validation score for logistic performance prediction:', ABR.score(A_train,b_train))

print(’'R2 score of AdaBoostRegressor: ', r2_score(b_test, b_prediction})

print{"RMSE value of AdaBoostRegressor :",sgri{mean_squared_errori{b_test, b_prediction)))

print(“M5E value of AdaBoostRegressor:”,mean_squared_error(b_test, b_prediction))

print(“Mean absoulte error of AdaBoostRegressor”,mean_absolute_error{b_test, b_prediction))

results_df_logis4 = pd.DataFrame(data=[[" AdaBoostRegressor ", *evaluate(b_test, b prediction} 1],
columns=[ "Model', 'MAE", 'MSE", 'RMSE', 'RZ Square'])

results_df_logis = results_df_logis.append{results_df_logis4, ignore_index=True)

AdaBoostRegressor Model validation score for logistic performance prediction: ©.9918356458483552
R2 score of AdsBoostRegressor: @.9365745315621962

RMSE walue of AdaBoostRegressor : 2.4518881576544343

MSE value of AdsBoostRegressor: 6.887833156593329

Mean absoulte error of AdaBoostRegressor 1.9521591541677739

from sklearn.neighbors import KNeighborsRegressor
KMN=KNeighborsRegressor()

KMN.fit{A_train,b_train)
b_prediction=KNN.predict{A_test)#prediction using test sample

print(’'KNeighborsRegressor Model walidation score for logistic performance prediction:', KNN.score(A_train,b_train))

print('R2 score of KMeighborsRegressor: ', r2_score(b_test, b_prediction))

print{“RMSE value of KNeighborsRegressor :",sgri{mean_squared_error(b_test, b_prediction}))

print{"M5E value of KNeighborsRegressor:",mean_squared_error(b_test, b_prediction))

print(“Mesan absoulte error of KNeighborsRegressor",mean_absolute_error(b_test, b_prediction))

results_df logis5 = pd.DataFrame(data=[[" KNeighborsRegressor ", *evaluate(b_test, b_prediction) ]1,
columns=[ "Model', 'MAE", 'MSE", 'RMSE', 'RZ Square'])

results_df_logis = results_df_logis.append(results_df logis5, ignore_index=True)

KNeighborsRegressor Model velidation score for logistic performance prediction: 8.4782490179688502
R2 score of KNelghborsRegressor: @.299815615154405584

RMSE value of KMeighborsRegressor @ 17.781172554168792

MSE walus of KNeighborsRegressor: 313.3315997924585

Mean ahsoulte error of KMeiehhorsReersssor 17 148R55A399357 3R

Figure 34: AdaBoost & KNeighbor Regression
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Model

Linear Regression_logistics

Decision TreeRegression_|ogistics

GradientBoostingRegresseor_logistics

BaggingRegressor

AdaBoostRegressor

KMeighborsRegressor

0.0

results_df logis

Model MAE MSE

0z

RMSE RZ Square

Linear Regression_logistics 10.06 233.57

Decision TreeRegression_logistics  1.25 422
‘GradientBoostingRegressor_logistics  1.14 3.34
BaggingRegressor  1.51 2,45
AdaBoostRegressor  1.85 8.01

KMeighborsRegressor 1214 313.33

Figure 35: Results for logistics performance
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