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Configuration Manual

Amol Upadhyay
X20110812

1 Introduction

A complete configuration manual contains critical information on the system, hardware,
and software specs. It also displays the whole flow employed to execute the study on the
” An investigation of e-commerce buying behaviour across the UK and Brazil”. Section 2
of the handbook discusses system specifications, such as hardware and software setups.
In Section 3, you’ll learn how to set up the environment, import key libraries, and do
pre-processing. The fourth segment discusses model development and assessment.

2 Configuration of System

System setup discussed the hardware and software requirements for the investigation.

2.1 Specification of Hardware

OS(operating System) Windows 10
RAM 16GB
System Processor i6intel
Speed in Hz 3.2GHz
Disk Memory 1GB approx.
GPU NVIDIA

2.2 Specification of Software

Programming Language

Python 3.9 version

Other Softwares

Anaconda & jupyter

Web Browsers

Google Chrome

3 Setting Environment

3.1 Launching Jupyter on Anaconda

The very first stage is to activate the Anaconda app. Anaconda delivers a wealth of
relevant software to meet your requirements. Jupyter Notebook used to implement the
code above, and it comes with the most recent version of Python. There are many
excellent Python libraries for analysis.
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Figure 1: anaconda interface

This is the main page for Jupyter Notebook; to begin coding, create a new ipynb file.

_ Jupyter Quit | | Logout
Fies ~ Running  Clusters

Select items to perform actions on them. Upload | New~ &
oo -~ m/ Name ¥ Last Modified File size
O [ 3D Objects 2years ago
O [ anacondad amonth ago
O [ Contacts ayear ago
O C DAP project 8 months ago
O 3 DMML1 7 months ago
O [ Documents ayear ago
O C Downloads an hour ago
O [ Favorites ayear ago
O 0 Links ayearago
O 0 Music ayearago
O [ OneDrive ayearago
O [0 Saved Games ayearago
O 03 seaborn-data 8 months ago
O [0 Searches 7 months ago
0O O stats 7 months ago
O 03 Videos ayearago
O & DMML2 code.ipynb 4monthsago 168 MB
0O [ -1.14-windows xml gmonthsago  6.87 kB
O [ oMmL1.zip 7monthsago 138 MB

Figure 2: Jupyter

3.2 Data Preparation

Keep all the dataset files in one folder before diving into the code. All the required files
are in one place in the folder MachineLearningCVE.



> This PC » Desktop » Research Progect-Amol > Braziliandataset

Name Status Date modified Type Size
olist_customers_dataset [©] 04-11-2022 12:44 Microsoft Excel Comn... 8823 KB
olist_geolocation_dataset (] 04-11-2022 12:44 Microsoft Excel Comn... 59,838 KB
olist_order_items_dataset [©] 04-11-2022 12:44 Microsoft Excel Comn... 15,077 KB
olist_order_payments_dataset [©] 04-11-2022 12:44 Microsoft Excel Comn... 5,642 KB
olist_order reviews_dataset © 04-11-2022 12:44 Microsoft Excel Comn... 14,113 KB
olist_orders_dataset © 04-11-2022 12:44 Microsoft Excel Comn... 17,242 KB
olist_products_dataset © 04-11-2022 12:44 Microsoft Excel Comn... 2324 K8
olist_sellers_dataset @] 04-11-2022 12:44 Microsoft Excel Comn... 171 K8
product_category_name_translation © 04-11-2022 12:44 Microsoft Excel Comn... 3ke

Figure 3: CSV Files-Brazil

> This PC > Desktop > Research Progect-Amol » UKdataset

Name Status Date modified Type Size

data © 21-10-2022 00:32 Microsoft Excel Com... 44,513 KB

Figure 4: CSV File-UK

3.3 Importing Important Libraries

It displays all implementation-required libraries, and libraries that need installation may
be installed with ”pip.”

import pandas as pd
import numpy as np

import urllib

import unidecode

import matplotlib.pyplot as plt

import seaborn as sns

import datetime

from scipy import stats

from sklearn.cluster import Kieans

from sklearn.preprocessing import Standardscaler
import warnings

warnings. filterwarnings("ignore”)

Figure 5: Libraries for Brazil Market Analysis



import missingno as msno

import gc
import datetime as dt

%matplotlib inline
color = sns.color_palette()

from matplotlib.ticker import PercentFormatter

from sklearn.preprocessing import StandardScaler

from sklearn.cluster import KMeans

from yellowbrick.cluster import KElbowVisualizer

from itertools import combinations

import statsmodels.api as sm

import warnings

from statsmodels.tsa.stattools import adfuller

from statsmodels.tsa.seasonal import seasonal_decompose
from statsmodels.graphics.tsaplots import plot_acf, plot_pacf
from scipy import stats

from sklearn.metrics import r2_score, mean_squared_error

pd.opticns.mode.chained_assignment = None

plt.rcParams["axes.facecolor"] = "#A2A2A2"
plt.rcParams["axes.grid"] = 1

Figure 6: Libraries for UK Market Analysis

#Import all relevant Libraries
import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

from mlxtend.frequent_patterns import apriori

from mlxtend.frequent_patterns import association rules

Figure 7: Libraries for Market Basket Analysis for both Uk and Brazil

3.4 Importing Dataset
The pandas package is used to load each CSV file into a python data frame.

In [3]: df = pd.read_csv('C:/Users/Amol/OneDrive/Desktop/Research Procject-Amol/UKdataset/data.csv', encoding="latin')
# df = pd.read_csv('data.csv’, encoding='latin')
df.head()

Figure 8: Importing UK Dataset

import missingno as msno

import gc
import datetime as dt

%matplotlib inline
color = sns.color_palette()

from matplotlib.ticker import PercentFormatter

from sklearn.preprocessing import StandardScaler

from sklearn.cluster import KMeans

from yellowbrick.cluster import KElbowVisualizer

from itertools import combinations

import statsmodels.api as sm

import warnings

from statsmodels.tsa.stattools import adfuller

from statsmodels.tsa.seasonal import seasonal_decompose
from statsmodels.graphics.tsaplots import plot_acf, plot_pacf
from scipy import stats

from sklearn.metrics import r2_score, mean_squared_error

pd.options.mode.chained_assignment = None

plt.rcParams["axes.facecolor™] = "#A2A2A2"
plt.rcParams["axes.grid"] = 1

Figure 9: Importing MBA UK Dataset



df = pd.read_csv('C:/Users/Amol/OneDrive/Desktop/Research Procject-Amol/UKdataset/data.csv’,encoding="T50-8859-1",
dtype-{'CustomerID': str,'InvoiceID': str}) #e converted these datasets into string data type.

print('Dataframe dimensions:’, df.shape)

#Used to understand the dimension of the dataset.

df["InvoiceDate'] = pd.to_datetime(df[ " InvoiceDate'])

# gives some infos on columns types and numer of null values
tab_info=pd..DataFrame(df.dtypes) .T.rename(index={@: 'column type'})
tab_info-tab_info.append(pd.DataFrame(d#.isnull().sum()). T.rename(index-{0: 'null values (nb)'}))
tab_info-tab_info.append(pd.DataFrame(df. isnull().sun()/df.shapa[0]*180).T.

rename (index-{e:"null values (%)'}))

display(tab_info)
#

# show first
display(df]

Figure 10: Importing MBA Brazil Dataset

3.5 Data Pre-processing

In this part processes like eliminating missing numbers, outliers, etc are done. During
this process, data is changed into a form that can be used in modeling.

3.5.1 Brazil Dataset Pre-processing

“C:/Users/Anc
C: /Users/An
L "C:fUsers)
B Users/Anol/
lation.csv”]

In [2]: dfs_paths =

:/Users/Amol /OneDrive/Desktop/Research Procject-Amol/Brazilliandataset/product_category_name_trans

Data Pre-Processing(Cleaning and Tranformation)

In [3]: | customers_df = pd.read_csv("C:/Users/Amol/OneDrive/Desktop/Research Procject-Anol/Brazilliandataset/olist_customers_dataset.csv")
geo_df = pd.read_csv("C:/Users/Amol/OneDrive/Desktop/Research Procject-Amol/Brazilliandataset/olist_geolocation_dataset.csv”)
“C:/Users/Amol/OneDrive/Desktop/Research Procject-Amol/Brazilliandataset/olist_order_items_dataset.csy
orderpay_df /Users/Amol/OneDrive/Desktop/Research Procject-Amol/Brazilliandataset/olist_order_payments_dataset.¢
orderreviews_df = pd.read_csv("C:/Users/Amol/OneDrive/Desktop/Research Procject-Amol/Brazilliandataset/olist_order_revieus_datase
orders_df = pd.read_csv("C:/Users/Amol/OneDrive/Desktop/Research Procject-Amol/Brazilliandataset/olist_orders_dataset.csv")
products_df = pd.read_csv("C: /Users/Anol/OneDrive/Desktop/Research Procject-Anol/Brazilliandataset/olist_products_dataset.csv")
sellers_df = pd.read_csv("C:/Users/Amol/OneDrive/Desktop/Research Procject-Amol/Brazilliandataset/olist_sellers_dataset.csv")
categname_df - pd.read_csv("C:/Users/Amol/OneDrive/Desktop/Research Procject-Amol/Brazilliandataset/product_category_name_transl:

orderitem_df

pd.set_option(display.max_columns’, 560)

In [4]:|# Change cols names before me.
customers_df . rename (columns= -_zip_code_prefi
geo_df .rename(columns={"geolocation_zip_code_prefix”:

2ip_code™}, inplace=True)
2ip_code™}, inplace=True)

# Join datasets

In [5]:
data = orders_df .merge(customers_df, on:

d").merge(products_df, on="product_id

order._

ustoner_id") .merge (orderitem_df, of

Figure 11: Data Pre-processing part 1

# Null values
(data.isna().sun() / len(data) ).sort_values(ascending-False)

Figure 12: Data Pre-processing part 2



le = LabelEncoder()
dframe[' Label']= le.fit_transform(dframe[' Label'])

X= dframe.drop([' Label'], axis=1)
X[X < 0] = @

print (X)

y = dframe[' Label']

del dframe

X_new = SelectKBest(chi2, k=30).fit_transform(X, y)
X_new. shape

(2062474, 30)

X_train, X_test, y_train, y_test = train_test_split(X_new, y, test_size=0.25, random_state=1234)

St_scalar = StandardScaler()
X_train = St_scalar.fit_transform(X_train)
X_test = St_scalar.transform(X_test)

Figure 13: More Data Pre-processing Steps

3.5.2 UK Dataset Pre-processing

invoice_num",
stock_code™,
"description”,
uantity",
"invoice_date",

In [6]: df.rename(columns={"InvoiceNo
"StockCode
"Descriptiol
"Quantity":"

In [7]: df['invoice_date']=pd.to_datetime(df.invoice_date, format='%m/%d/%Y %H:%M")
In [8]: df['description']=df.description.str.lower()

In [9]: df.isnull().sum()

Figure 14: Data Pre-processing part 1

In [20]: df_miss["day"] = df_miss['invoice_date'].map(lambda x: x.day)
df_miss["month"] = df_miss['invoice_date'].map(lambda x: x.month)
df_miss["year"] = df_miss['invoice_date'].map(lambda x: x.year)

In [21]: df_miss['daymonth']=df_miss['day'].astype(str)+'/'+df_miss['month'].astype(str)
df_miss['daymonthyear']=df_miss['daymonth'].astype(str)+'/'+df_miss['year'].astype(str)
df_miss['monthyear']=df_miss['month'].astype(str)+'/'+df_miss['year'].astype(str)

Figure 15: Data Pre-processing part 2

In [33]: df_new.duplicated().sum()

out[33]: 5225
In [34]: df_new.drop_duplicates(inplace=True)

In [35]: df_new.duplicated().sum()

out[35]: @

In [36]: df_new['customer_id']=df_new.customer_id.astype('inté64')

Figure 16: Data Pre-processing Part 3



In [49]: import re
spec_list=[]
for code in df_new.stock_code:
x=re.findall (r""\w{1}$|\D[A-Z]+\D|[A-Z]\d", code)
if x not in spec_list:
if len(x) >0 :
spec_list.append(x)
spec_list

out[49]: [['POST'], ['PADS'], ['M*], ['DOT'], ['C2'], ['BANK ', 'CHARGES']]
In [50]: spec_list[5] = ['BANK CHARGES']

In [51]: spec_list2=[item for sublist in spec_list for item in sublist]
spec_list2

Out[51]: ['POST', 'PADS', 'M', 'DOT', 'C2', 'BANK CHARGES']

In [52]: df_new[df_new['stock_code'].apply(lambda x: x in spec_list2)]

Figure 17: Data Pre-processing Part 4

3.5.3 MBA Data Pre-processing for Both Brazil & UK

#If you want to cross check the data you can replace 16 with 86
item_freq - data[’product_id"].value_counts(

data = data[data.isin(iten_freq.index[iten_freq >= 10]).values]
data[ *product_id'].value_counts(

42287910746682990de24d7 7077830 137
aca2eb7deeealazbsebdacos314663af 130
0034788cb24856065C362242330b6058 125
368c6c730842d780162d823897a372db 113
3890110b48cF304303113352490d9c6b 104

65266b2d220d04dbedlc5 c2d3bb735%e 10

4c1e189ecdf58453de3650217cefasdc 10
657247F6F60543b9323CC7082826329C 1
086105620568020485478038790277 1

c7fd13b5e515bffdabss5des12842edb
Name: product_id, Length: 329, dtype: intéd

#Average products purchased per transaction
data[ ‘order_id" ].value_counts().mean(

1.154075546719682

#Create a basket of all products, orders and quantity

basket_brazil = (data.groupby([ order_id’, " product_id'])[*quantity']).sun().unstack().reset_index().fillna(e).set_index("order_i
basket_brazil.head()

Figure 18: Data Pre-processing for MBA Brazil

df.dropna(axis - 6, subset - ['CustomerID'], inplace - True)
print(*Datafrane dimensions: ', df.shape)
#

# gives some infos on columns types and numer of null values
tab_info=pd.DataFrame(df .dtypes).T.renane(index={0: 'column type'
tab_info-tab_info.append(pd.DataFrame(df. isnull ().sun()).T.rename(index={0: ‘null values (nb)'})
tab_info=tab_info.append(pd.DataFrane(df. isnull () . sun()/df.shape[@]*160) .T

rename(index={0: 'null values (%)'})
display(tab_info)
#He deleted ~25% of null present in the CustomerID variable, as aLl these products are not associated with any Customers

Figure 19: Data Pre-processing MBA UK part 1

#After deleting the NulL values previously, we have now dropped all the duplicate values present in the dataset
print(Entrées dupliquées: {}'.format(df.duplicated().sun()))
f.drop_duplicates(inplace = True)

Entrées dupliquées: 5225

#Remove rows with invoices that contain a “C"
f = df[~df["InvoiceNo"].str.contains("C")]

len(df)

Figure 20: Data Pre-processing MBA UK Part 2

4 Data Visualization

All of the conclusions obtained from the data are presented here.



4.1 Exploratory Data Analysis
4.1.1 EDA and RFM analysis of UK Data

customer_counts = df_new.customer_id.value_counts().sort_values(ascending=False).head(10)
fig, ax = plt.subplots(figsize = (10, 8))

sns.barplot(y = customer_counts.index, x = customer_counts.values, orient = "h",
ax = ax, order = customer_counts.index, palette = "Reds_r")

plt.title("Customers that have most transactions:Top 10")
plt.ylabel("Customers")
plt.xlabel("Transaction Count")

plt.show()

Figure 21: EDA part 1

ax = df_new.groupby('invoice_num')['day'].unique().value_counts().sort_index().plot(kind="bar',color=color[08],figsize=(10,5))
ax.set_xlabel('Day',fontsize=15)

ax.set_ylabel('Number of Orders®,fontsize=15)

ax.set_title('Number of orders for different Days',fontsize=15)

ax.set_xticklabels(('Mon','Tue','Wed','Thur','Fri','Sun'), rotation='horizontal', fontsize=15)

plt.show()

X %

Figure 22: EDA Part 2

group_country_orders = df_new.groupby('country')['invoice_num'].count().sort_values()
# del group_country_orders['United Kingdom']

# plot number of unique customers 1in each country (with UK)
plt.subplots(figsize=(15,8))

group_country_orders.plot(kind="barh', fontsize=12, color=color[8])
plt.xlabel( 'Number of Orders', fontsize=12)

plt.ylabel('Country', fontsize=12)

plt.title('Number of Orders for different Countries', fontsize=12)
plt.show()

Figure 23: EDA Part 3

4.1.2 EDA and RFM analysis of Brazil Data

other_state_geolocation = geo_df.groupby(['zip_code’])['geolocation _state'].nunique().reset_index (name="count")
other_state_geolocation[other_state_geolocation['count’]>= 2].shape
max_state - geo_df.groupby(['zip_code','geolocation_state']).size().reset_index(name='count').drop_duplicates(subset = 'zip_code

3

geo_df.groupby(['zip_code’, ‘geolocation_city’, ‘geolocation_state])[['geolocation_lat", ‘geolocation_lng’]].median(

geo_updated
geo_updated. merge(max_state,on=['zip_code’, geolocation_state’],hou="inner"

geo_updated

4
geo_updated = customers_df.merge(geo_updated,left_on="zip_code’,right_on="zip_code",hou="inner"

def plot_brasil_map(data):
brazil = plt.imread(urllib.request.urlopen(https://i.pining.con/originals/3a/ec/el/3a0ce18b3c842748C255bc0aata5ad41. Ipg ), 2
ax - data.plot(kind="scatter", x="geolocation_Ing", y="geolocation_lat", figsize=(18,10), alpha-8.3,5-0.3,c="blue")
plt.axis('off")
plt.imshow(brazil, extent=[-73.08283055, -33.8,-33.75116044,5.4]
plt.shou()

Figure 24: EDA part 1

sns. countplot(data[ "revieu_score”])
data["review_score”].value_counts() / data["review_score"].count() * 168

Figure 25: EDA Part 2



top_prod_categ - data.groupby (/product_category_name_english®)[order_id"].nunique().sort_values(ascending-False).head(16)
top_prod_categ

plt.Figure(figsize=(15,7))

sns.barplot (y-top_prod_categ.index, x-top_prod categ, palette-"Set2")
plt.xlabel( Number of orders’)
plt.title('Top 16 Product categories in terms of number of order ')

Figure 26: EDA Part 3

5 Segmentation Technique and MBA techniques on
UK and Brazil Data

5.1 Segmentation Technique on Brazil and UK Data

ns(n_ 4, randon_state=s)
kmean_model.fit_predicl(RFM_Table_scaled)

'] = knean_nodel. labels_

}).round(e)

return df_new

rfn_values (rfm_df)

Figure 27: RFM Technique on Brazil Data

sters
X ans(n_clusters=6, random_state=5)
kmean_y = kmean_model. Fit_predict(RFM_Table_scaled)

es(dF):
df . groupby ([ *Cluster’1).age({

"Recency’: 'mean’,

“Monetary
})-round(e)

return rfn_df

In [356]: rfm_values(rfm_df)

Figure 28: RFM Technique on UK Data



5.2 Market Basket Analysis on UK and Brazil data

#Create Rules

rules - association_rules(frequent_itemsets, metric = 'support’, min_threshold - ©.6001)
rules
antecedent  consequent
antecedents consequents 2MGERET CONTEER  support confidence lift leverage ~convictio
0 132e5) 0005467 0001491 0000165 0.030303 20323232 0.000158 1.02971
1 ) 162511e 1 0001491 0005467 0000166 0411111 20323232 0.000158 111884
2 0005058 0005302 0000331 0047619 8982143 0000294 104443
3 0005302 0006958 0000331 0062500 8982143 0000294 105924
a (368c6C7: 0003479 0014414 0000166 0047619 3303777 0000116  1.03486
125 e onocaoscaso.  0.000863 0000166 0.000186 0250000 1509.000000 0000165 133311
11519173,
126 (4 1830) aienie” 001739 0000185 0000165  0.009524 57485714 0.000163 1.00944
4
127 raosbacsa. 0003479 0000166 0000166  0.047619 287428571 0.000165 1.04982
128 a079a1r1519773) oaccaescas. 0012757 0000186 0000186 0012987 78389610 0.000164 1.01299
129 ¢ aeeGa. 0013917 0000165 0000165 001105 71857143 0.000163  1.01t8

130 rows x 9 columns

#Products having 50% confidence Likely to be purchased together
rules[rules[’confidence'] >= 0.56]

Figure 29: MBA for Brazil

# Applying apriori algorithm
#Generate the frequent itemsets

frequent_itemsets - apriori(basket_filtered, min_support-0.63, use_colnames=True).sort_values("support”, ascending-False)
frequent_itemsets.head(10)

C:\Users\Amol\anaconda2\1ib\s ite-packages\nlxtend\frequent_patterns\fpcommon.py:111: Deprecationiiarning: DataFrames with non-bo
ol types result in worse computationalperformance and their support might be discontinued in the future.Please use a DataFrame
with bool type

warnings.uarn(

support itemsets.

99 0121358 (WHITE HANGING HEART T-LIGHT HOLDER)

44 0093197 (JUMBO BAG RED RETROSPOT)
80 0.090466 (REGENCY CAKESTAND 3 TIER)

6 0084417  (ASSORTED COLOUR BIRD ORNAMENT)
71 0082085 (PARTY BUNTING)
58 0.072841 (LUNCH BAG RED RETROSPOT)
86 0064071  (SET OF 3 CAKE TINS PANTRY DESIGN )
52 0064646 (LUNCH BAG BLACK SKULL)
69 0.061004 (PAPER CHAIN KIT 50' CHRISTMAS )
64 0060938  (NATURAL SLATE HEART CHALKBOARD )

#apply association rules
assoc_rules - association_rules(frequent_itemsets, metric="1ift”, min_threshold-1).sort_values("lift",ascending-False).reset_inde
assoc_rules

Figure 30: MBA for UK
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