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Configuration Manual

Shrey Sanjay Shah
x18192271

1 Introduction

This configuration manual gives comprehensive set of procedures required to be followed in
order to replicate the proposed research and achieve identical results. The manual includes
various sections such as minimum software configuration required, steps to replicate sub
parts of this research such as pre-processing, transformation, implementation as well as
evaluation.

2  System Requirement

All the required tools and software for this research can be easily installed in any computer
system having basic configuration list given below:

Operating System Windows 10

RAM 8GB+

Hard Disk 256GB SSD
Processor Intel Core i5 8" gen +

All the basic tools / software requires for implementation of this research are listed below:

a. Microsoft Office Suite
b. Python 3.7
c. Anaconda Jupyter Notebook

From Microsoft Office suite, MS Excel and MS word were used for data viewing, selection
and reporting. Python is the core programming language used for the purpose of this
research. For the purpose of this research python 3.7 was used which could be downloaded
for free from their official website!. The platform used for programming in python was
Anaconda which is again freely available to download from their website 2. The program
called Jupyter notebook from the Anaconda Navigator was used. The advantages of Jupyter
Notebooks are ease of use, fast implementation, portability, etc.

1 https://www.python.org/downloads/
2 https://repo.anaconda.com/archive/Anaconda3-2020.07-Windows-x86 64.exe
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3 Dataset Selection

The Orange telecom’s datasets were made available on KDD championship data * but the
same data was processed and reuploaded® with 2 different datasets from the same company.
This processed data had all the redundant features eliminated and only the required features
for churn prediction were kept.

4 Importing required libraries and datasets

All the required libraries are imported and dataset is imported and viewed as well as shown
below.

Importing and viewing data

In [1]: | #Importing all the required Libraries
|impo|"t pandas as pd
import numpy as np
import csv
from sklearn.cluster import KMeans
import matplotlib.pyplot as plt
from sklearn import tree
from sklearn.model selection import train_test_split
from sklearn.metrics import accuracy_score, confusion matrix
from sklearn.metrics import precision_score
from sklearn.metrics import recall_score
from sklearn.metrics import f1_score

In [B1]: #Importing dota files

dfl = pd.read_csv('C:/Us hr/Thesis/churn-bigml-3@.csv')
df2 = pd.read_csv('C: hr/Thesis/churn-bigml-28.csv')
In [82]: dfl.head()
out[a2]: " Voice Number Total Total Total Total Total Total Total Total Total Total Total Total Cu
State A‘i:ﬂ;'&: :0':: Inteman;:ﬂ:r: mail vmail day day day eve eve eve night night night intl intl intl [

plan messages minutes calls charge minutes calls charge minutes calls charge minutes calls charge

1] K5 128 415 No  es 25 265.1 110 4507 197 4 99 1678 2447 91 11.01 100 3 270
1 OH 07 415 Mo es 26 1616 123 2747 1955 103 1662 2544 103 11.45 137 3 370
2 HJ 137 415 No Mo 0 2434 114 M35 1212 110 1030 1626 104 7.32 122 5 3.29
3 OH 84 408 Yes Mo ] 299.4 71 5090 619 83 526 196.9 39 8.36 65 7 1.78
4 OK 75 415 Yes Mo 0 1867 113 2834 1483 122 1261 1869 121 8.41 101 3 273

3 https://www.kdd.org/kdd-cup/view/kdd-cup-2009/Data
4 https://bml-data.s3.amazonaws.com/churn-bigml-80.csv
5 https://bml-data.s3.amazonaws.com/churn-bigml-20.csv
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5 Pre-processing

All the redundant features were eliminated, new attributes necessary for future

implementation of the model were calculated and some datatypes were changed for ease of
use further.

In [83]: | dfl['total_Mins'] = dfl.apply(lambda x: x['Total day minutes'] + x['Total eve minutes'] + x['Total night minutes®]+ x['Total int
df1["total Charge'] = dfl.apply(lambda x: x['Total day charge'] + x['Total eve charge'] + x['Total night charge’]+ x['Total intl
df1["total Calls'] = dfl.apply(lambda x: x['Total day calls'] + x['Total eve calls'] + x['Total night calls']+ x['Total intl cal
dfl.head()

m
Mo

=}

c
o
oo
[}

e At Ao msiont V955 M T Tl T T b b Tom T e cstw
plan messages minutes calls charge minutes calls charge minutes calls charge calls

0 KS 128 415 Mo Yes 25 265.1 10 45.07 1974 .. 91 11.01 10.0 3 270 1 False

1 OH 107 415 Mo Yes 26 1616 123 2747 1855 .. 103 1145 13.7 3 3.70 1 False

2 NJ 137 415 Mo Mo 0 2434 114 #1138 1212 .. 104 7.32 122 5 329 0 False

3 OH 84 408 fes Mo 0 2994 7 50.90 619 .. 89 5.56 6.6 7 1.78 2 False

4  OK 75 415 ‘fes Mo 0 1667 113 2834 1483 . 121 a4 10.1 3 273 3 False

5 rows = 23 columns

In [84]: | dfl['total Charg

']
dfl[ “total Mins'] =

= dfi["total Charge'].astype(float)
dfl[ "total Mins'].astype(int)

6 CLV Calculation Model

4 attributes are calculated before getting the final CLV scores. After getting final CLV score
the updated dataset is stored in csv format in order to retrieve the updated data whenever
necessary.

AVERAGE PURCHASE VALUE (APV)

In [85]: | #APV is defined as Total Revenue / Number of orders(which in our case is 3@ days considering a customer pays for a monthly plan |
dfi['avg_purchase_value'] = dfl.apply(lambda x: x['total cCharge'] / 3@, axis=1)

dfl.head()

L3

e State A‘i:ﬁ;?h‘ :o’gg '"tema‘j";m‘ V;Igﬁ Nu:nr::iﬁ _ Tgfaay‘ T%:aayl 73:3; _ T?a:a; :&tﬂ _ Tciﬁ: Tciﬁ: Tciﬁ: Cu:;?vn:.:e; Churn total_Mins
plan messages minutes calls charge minutes charge minutes calls charge calls

0 KS 128 415 No  Yes 25 2651 110 4507 1974 .. 1M 100 3 270 1 False TI7
1 OH 107 415 Mo Yes 26 1616 123 2747 1955 11.45 137 3 370 1  False 625
2 MJ 137 415 MNo Mo o 2434 114 4138 1212 7.32 122 5 329 0 False 539
3 OH 84 408 es Mo o 2994 71 50.90 619 .. 38.56 66 7 1.78 2 False 564
4 OK 73 415 fes Mo o 166.7 113 2834 1483 .. .41 101 3 273 3 False 512

5 rows = 24 columns

AVERAGE PURCHASE FREQUENCY RATE (APFR)

In [86]:  # APFR is gssumed to be 1.25, considering a customer makes phone call or uses telecom services atleast only 24 days in @ month i
# And since the plan is for the entire month, he is a customer for all the 3@ days

# Therefore nubmer of purchases(24)/number of customers(3@) = 1.25

df1[ "avg purchase freq rate'] = 1.25

df1.head()

State ASEoult Aree Intematonel il vman  dmy dmy  day v .. mil il il semice Chum tolalMins fotal Che
plan messages minutes calls charge minutes minutes calls charge calls

0 KS 128 415 No  ‘es 25 265.1 10 4507 1974 . 10.0 3 270 1 False 7 r

1 OH 107 415 Mo Yes 26 168186 123 2747 1955 .. 137 3 370 1 False 625 5

2 MJ 137 415 No No 0 2434 14 4138 212 .. 122 5 3.29 0 False 539 B

3 0OH 84 408 es No 0 2994 71 5090 819 .. 6.6 T 1.78 2 False 584 :i]

4 0K 7 415 Yes Mo 0 1867 M3 2834 1483 .. 10.1 3 273 3 False 512 5

5 rows = 25 columns



In [87]:

out[87]:

In [B8]:

Out[88]:

In [82]:

out[82]:

In [9@]:

CUSTOMER VALUE (CV)

# CV is defined as APV / APFR

df1[ "‘customer_value'] = dfl.apply(lambda x: x['avg purchase_value'] / x['avg_purchase freq_rate'], axis=1)
df1.head()
) Voice Number Total Total Total Total Total Total Customer
state Account Area Intemational Ty vmail  day day day  eve il intl  service Churn total Mins total Charge total
= L plan messages minutes calls charge minutes calls charge calls
0 KS 128 415 No fes 25 265.1 110 4507 197.4 3 270 1 False 7 75.56
1 OH 107 415 No fes 26 1616 123 2747 185.5 3 3.70 1 False 625 59.24
2 NJ 137 415 No Mo o 2434 114 4138 121.2 5 3.29 0 False 539 62.29
3 CH 34 408 es He o 2994 71 50.90 619 T 178 2  False 564 66.80
4 OK 75 415 es Ho o 1867 113 28.34 148.3 3 273 3 False 512 52.09
5 rows = 26 columns
*
# ACL is defined as total of acceunt length / total number of customers
totalLifespan = dfl['Account length'].sum{)
totalCust = dfl.shape[@]
avg_CustlS = totallLifespan / totalCust
avg_Custls
18e.62848518127532
# CLV is defined as CV * ACL
df1['clv'] = dfl.apply(lambda x: x['customer_value'] * avg CustlS, axis=1)
df1.head()
- Voice Number Total Total Total Total Total Customer
state Account Area Intemational C vmail  day day day  eve intl  service Churn total Mins total Charge total_Calls
g P plan messages minutes calls charge minutes charge calls
0 Ks 126 415 Mo es 25 2851 110 4507 1974 2.70 1 False 7 75.56 303
1 OH 107 415 Mo es 26 1816 123 2747 195.5 3.70 1 False 625 5924 332
2 NJ 137 415 Mo No 0 2434 114 H38 121.2 329 0 False 539 6229 333
3 OH 84 408 es No 0 2994 71 50.90 619 178 2 Falss 564 66.50 255
4 0K 75 415 es No ] 1867 113 2334 1483 273 3 False 512 5209 359

5 rows x 27 columns

Importing new dataframe after calculating

import csv
dfl.to_csw(’

tele

comclv.csv')

clv score



7 CLV Clustering Model

In this model, the customers are grouped in clusters based on their CLV scores. Also the most
optimal number of clusters is selected to be 5 using the elbow method. The clusters are
arranged in ascending order to ease mapping in further steps.

Clustering based on clv
In [91]: | clust df = df1
In [92]: from sklearn.cluster import KMeans

In [93]: | clust_df.ceclumns[2&]

out[22]: ‘'clv"

In [94]: |='.'_-'sir’.g elbow method for determining ideal k

ke = range(1,18)

sse = []

for k in kc:
km = KMeans{n_clusters = k)
km.fit{clust_df[clust_df.columns[25:]])
sse.append({km.inertia_)

plt.xlabel("K")

plt.ylabel("Sum of sgquared errocr')

plt.plot(kc,sse)

value

[«matplotlib.lines.Line2d at ex24352dbslsex]

1500000 !

1000000 \

500000 \

Sum of squared error

In [95]: |#From the elbow method k va

is chosen so more clusters could be used to group
cluster = KMeans{n_clusters

n

L_
5
o+

Lue between 3 to 5 is optimal, 5 1 OmErs
= 5)

In [96]: | clust df["cluster”] = cluster.fit_predict(clust_df[clust_df.columns[25:]1]})

In [97]: | clust_df.head()

Stat ﬁﬁ::::: :or:: Inwmaﬁ‘;::: Wm‘:: Nu;“rr‘::i? . T‘;:! T‘::J T‘;:! . T‘;Ivael - cu::::ni:er Churn  total_Mins total Charge total_Calls awvg_pu
plan messages minutes calls charge minutes calls
o KS 128 415 No Yes 25 285.1 110 4507 1974 1 False 7 75.56 203
1 oH 107 415 No Yes 28 161.6 123 2747 1955 .. 1 False 625 5024 a3z
2 M 137 415 Mo Mo o} 2424 114 4138 1212 .. 0 False g3g 62.28 exx
3 oH 24 408 ez Mo o 004 T 5000 a1e . 2  False 554 65.80 255
4 DK T8 415 Yes No o 1667 113 2834 1483 . 3  False 512 52.08 250
5 rows = 28 columns
»



Resulting cluster shown with the help of scatter plot

In [98]:

In [99]:

import matplotlib.pyplot as plt

#Evaluation of k means clustering through visualization
plt.scatter(clust_df["cluster"], clust_df["clv"])
plt.xlabel('clusters")

plt.ylabel('clv")

plt.title('cLv clusters')

plt.grid()

plt.show()

CLV clusters

250
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200
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100
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In [1ee]: #From the above graph, it can be evaluated that the clusters are evenly grouped.
#But, the clusters are randomly assigned and changes everytime when the project is executed.
#hence, it becomes difficult to map which cluster is having customers with least CLV scores overall
# Thus, the clusters should be arranged in ascending order i.e. the customers in cluster @ having the least CLV scores
# and Likewise, customers in cluster 4 having the highest CLV scores.

Sorting clusters:

In [183
out[1e3]:
n [1e4
In [185]:
out[185]:
n [126

Sorting CLV based clusters in ascending order

#talcula g average CLV scores for im
import numpy as np
arr = np.empty{5}

3=

while (i < 5):
select_cluster = clust_df.loc[clust_df['cluster'] == i]
arr[i] = select_cluster["clv"].mean(}
clust_df.loc[clust_df['cluster'] == i, 'clv_avg'] = arr[i]
i=i+1

clust_df.head()

- Voice MNumber Total Total Tatal Total
State Account  Area International mail vmail day day day eve Churn total_Mins total Charge total_Calls avg_purchase_val
length code plan N N
plan messages minutes calls charge minutes
o KS 128 415 No es 25 265.1 110 4507 197.4 False 7 75.56 203 251868
1 oH 107 415 Mo Yes 28 181.6 123 2747 195.5 False 825 59.24 a3z 1.9746¢
2 M 137 415 No No o 2434 114 4138 1212 False 530 62.20 o] 2.0783:
3 oH 34 408 Yes Mo o 2004 T S0.80 61.8 False 564 65.50 255 222608
4 OK 75 45 es No o 166.7 113 2834 148.3 False 512 52.08 350 1.7263:
5 rows = 28 columns
3
# Sorting clusters in ascending order
arr = np.scrt{arr)
arr
array([188.91429162, 136.43796415, 157.75693214, 178.94277924,
2@5.28181535])
#Replacing new cluster values in datafrome clust_df
i=e
while (i < 5):
clust_df.loc[clust_df['clv_avg'] == arr[i], "clust'] = 1
i=1i+1
clust_df.head()
. Voice Number Total Total Total Total
Stae PCCOURt Area International vmail day day day eve total_Mins total_Charge total Calls avg_purchase_value avg.
length code plan N N
plan messages minutes calls charge minutes
o KS 128 415 No es 25 265.1 110 4507 197.4 7 75.56 203 2518887
1 OoH 107 415 Mo ez 28 1618 123 3747 1958 625 5024 a3z 1874857
2 M 137 15 Mo Mo o 2434 M4 4138 121.2 538 62.28 333 2.076333
3 OoH 24 a0 ez No o 2004 71 s090 618 554 68 80 255 2 226857
4 OK s 415 Yes Mo o 1867 113 2834 148.3 812 52.08 50 1.736333

5 rows x 30 columns

#Removing all unwanted columns
del clust_df['clv_avg"]
del clust_df['cluster']




Resulting sorted clusters visualization with the help of scatter plot:

In [1e7]: plt.scatter(clust_df["clust”], clust df["clv*])
plt.xlabel('clusters')
plt.ylabel(

plt.title('cLv clusters’)
plt.grid()
plt.show()}
CLV clusters }
.
0
25
200

v ' v v v v - v -
0 05 10 15 30 25 30 35 40
dusters

In [1les]: rar in gscending or i.e. the customer in cluster @ hos lowest clv score and has given

hurning out o

8 Churn Prediction Model

The dataset was viewed, redundant columns for churn prediction were eliminated and
correlation matrix was used to eliminate highly correlated columns finally churn prediction
model was implemented with the help of decision tree classifier and the results were
evaluated based on multiple evaluation metrics.

Reviewing the data for churn prediction

In [31]: | #h ing range of values im datoframe
rev_dat = clust_df.describe(}.transpose(
rev_dat.head()

out[31]:
count mean std  min  25% 50%  Ti%  max

Account length 2666.0 100.520405 5334974 10 730 10000 127.0 243.0

w

Areacode 2666.0 437438230 42521012 4080 4080 41500 5100 510.0

Mumber vmail messages 25683.0 8.021755 13.812277 0.0 0.0 000 10.0 500
Total day minutes 25666.0 170.481320 54.210380 00 1434 17005 2150 350.2

Total day calls 2666.0 100.310203 10.982182 00 870 10100 1140 1600

In [32]: | #Display columns
rev_dat.index.values

out[22]: array(["Account length', 'Area code', "hNumber vmail messages',
"Total day minutes®, 'Total day calls', "Total day charge’,
"Total eve minutes®, 'Total eve calls', 'Total eve charge’,
"Total night minutes', 'Total night calls', "Total night charge',
"Total intl minutes', 'Total intl calls', 'Tetal intl charge',
‘Customer service calls', "total_Mins', 'total_charge',
“total_calls", 'avg purchase_value', 'avg_purchase_freq_rate',
‘customer_value', "clv', 'clust'], dtype=object)

In [33]: | #Duplicating dotafraome to perform further operations
fdf = clust_df
#pelete redundant columns

del fdf['Area code']
faf.head()
out[33]:
state AZount Intematons oo e _Tﬁtaa;: Ty T‘Z‘i o . “iemiee Chum tofalMins totsl Charge ftotal Calls avg_pt
plan messages minutes calls charge minutes calls calls

o KE 128 Mo Yes 25 265.1 10 4507 107.4 20 False 7 75.58 303

1 OH 107 Mo  Yes sl 1616 123 2747 1855 103 .. Falsz 25 58.24 332

2 NJ 137 Mo Mo 0 2834 114 4138 1212 110 .. 0 Falzs 539 6229 33

3 OH 24 s Mo 0 2004 71 5080 R 8 2 Falss 534 66.80 255

4 oK 75 ez Mo 0 1667 113 2834 1483 122 3 Falzs 512 5200 359

S rows = 27 columns



Checking

Correlation matrix:

In [34]: | #Checking correlation motrix fo eliminate the columns fFurther
faf .corr()
I out[34]: N
Account Number Total day Total day Total day Totaleve Totaleve Total eve Total Total Customner
length vmail minutes calls cha minutas calls cha night night service Chis
g messages rge 8% minutes calls calls
Account length  1.000000 -0.002883 0002847 0033832 0.002843 -0.015923 0.018552 -0.015908 -0.003384 -0.024007 0002455 0.0M77:2
Nummb:sr;;gzz -0.002898  1.000000 0018027 -0009822 0.018027 0011401 0005131 0011418 -0000224 0.002124 -0.018787  -D.08547
Total day minutes  0.002847  0.019027 1.000000 0.015780 1.000000 0.003999 O0.009059 0.003982 0013481 0015054 -0.024543  0.1955
Total day calls  0.038832 -0.008622 0018780 1.000000 0.016787 -0.028003 0.008473 -0.028008 0008985 -D.018778 -0.011845 0.0182¢
Total day charge 0.002843 0018027 1.000000 0016787 1.000000 O0.004008 0.009056 0004002 0013485 0.015057 -0.024543  0.1955F
Total eve minutes -0.015823 0011401 0.003990 -0.025003 0.004002 1.000000 -0.007354 1.000000 -0.013414 0.009017 -0.013182  0.0729¢
Total eve calls 0.018552 0.005131 0.00805¢ 0000473 0008036 -0.007354 1.000000 -0.007542 -0.000175 0.00073T 0001058 -0.0015%
Total eve charge  -0.013202 0011418 0003982 -0.025006 0.004002 1.000000 -0.007342 1.000000 -0.01342% 0.008030 -00013196  0.0728¢
Total night minutes -0.008984 -0.000224 0013481 0008085 0013495 -0.013414 -0.000175 -0.013428 1.000000 O0.012735 0005236 0.0338:
Total ninhf calle .0 074007 N00R174  N01A054 -NAMATTA 0015057 NONAOMT  NOOOTST  NOGA0AD  NOI7736 1000000 NOGRATT N0
4 3
Removing highly correlated columns and making some further adjustments.
In [113]: | #Removing all the correlated columns Like day minutes and day charge, and so on.
del fdf['Total day charge®]
del fdf['Total eve charge"]
del fdf['Total night charge']
del fdf['Total intl charge']
#Removing all the umvanted columns Like state
del fdf['state’]
fdf.head()
out[113]: . Voice  Number Total Total Total Total Total Total Customer
Account International mail wmail day  day ave  eve night night service Chumn  total_Mins total_Charge fotal_Calls avg_p
length plan - - "
plan messages minutes calls minutes calls minutes  calls calls
L] 128 Mo Yes 25 285.1 10 107.4 o 2447 21 Falsz i 75.56 303
1 107 Mo Yes 25 1818 123 1955 102 2544 103 Falzz G625 50.24 332
2 137 Mo Mo o 2434 114 1212 110 1626 104 0 Falzz 530 g62.28 333
3 24 hCH Mo o 2004 T 1.2 2 1962 2o 2 Falss 564 66.80 255
4 75 ez Mo o 186.7 113 1483 122 18682 121 1 Falzs 512 62.08 352
5 rows = 22 columns
4 »
In [114]:  binary_map = {'ves':l.@, "No':2.@, 'Truz':l.@, 'False':e.8}
# change cotegorical dote to Numeric for the traiminfg set se¥
Fdf[[ ' International plan', 'voice mail plan']] = fdf[['Internaticnal plan', 'voice mail plan']].replace(binary_map)
fdf['Churn'] = fdf[ ‘'Churn®].astype{int)
In [115]:  fdf.head()
Out[115]: N Voice Number Total Total Total Total Total Total Customer
ﬂﬁ:gum Intematlo:'laar: mail wmail da day eve  eve night night service Churn  total_Mins total_Charge fotal_Calls avg_p
a P plan messages minutes calls minutes calls minutes  calls calls
L] 128 0 1 25 265.1 110 197.4 = 2447 g1 0 77 75.56 303
1 107 o 1 25 16186 123 1855 103 2544 102 0 G325 50.24 332
r 137 o 1] 1] 2434 114 1212 110 1626 104 1] 0 538 §2.29 333
3 24 1 o b 200.4 T g61.9 ] 106.8 ] 2 0 584 66.80 255
4 75 1 o 1] 1867 113 1482 122 1268 121 3 0 512 52.09 350

5 rows * 22 columng
4



After all the above adjustments, finally decision tree classifier was implemented for churn
prediction and the results were evaluated:

Decision tree for churn prediction

In [118]: | # Selecting input and torget varisbles
inputs = fdf.dropf'churn’,axis="ceclumns')
target = fdf['Churn®]

In [117]: From sklearn import tree
from sklearn.model_selection import trainm_test_split
from sklearn.metrics import accuracy score, confusicn_matrix

In [118]: | #splitting the datoframe into test and troin daota with ot 2:1 ratio (e&X - training dota, 33% - testing dota)
*_train,x_test,y_train,y_test = train_test split{inputs, target,test size-8.33,random_state-324)

In [119]: model = tree.DecisicnTreeClassifier{max_leaf nodes=12, randocm_state-@)
model.fit{x_train,y_train)

Qut[112]: pecisionTreeClassifier(class_weight=None, criterion='gini', max_depth=None,
max_features=Ncne, max_leaf nodes=18,
min_impurity_decrease=8.2, min_impurity_split=mone,
min_samples_leaf=1, min_samples_split=2,
min_weight_fraction_leaf-9.8, presort=ralse,
random_state=8, splitter="best')

In [122]: y_predicted = medel.predict(x_test)

In [122]:  print('Confusion Matrix:"}
print{confusion_matrix(y_test, y_predicted})}
print("")
print( Accuracy Score:')
print{accuracy_score(y_test,y predicted)*1ee)
print( ")
print('Precision Score:'})
from sklearn.metrics import precision_score
printiprecision_score(y_test, y_predicted, average='weighted'})
print("")
print( Recall score:"}
from sklearn.metrics import recall_score
print{recall score(y_test, y_predicted, average='weighted')}
print( ")
print("Fl1 score:')
from sklearn.metrics import f1_score
print({fi_score(y_test, y_predicted, average='weighted'})
print("")

Confusion Matrix:
[[737 2]
[ 15 128]]

ACCUracy Score:
98.868181818181383

Precision Score:
@, 2887a500388027a7

Recall score:
9.9805818181818182

F1 Score:
8.3882992383925475



9 Transfer Learning

As done above, same adjustments were made on second dataset in order to perform transfer

learning.

In [123]:

Transfer Learning

#alculation of extra columns

df2['total_Mins"] = dfZ.apply(lambda x: x['Total day minutes'] + x['Total eve minutes'] + x["Total night minutes']+ x['Total int
df2[ 'tetal_charge'] = df2.apply{lambda x: x['Tctal day charge'] + x["Total eve charge'] + x["Total night charge'l+ x["Total intl
df2['tetal_calls'] = df2.apply{lambda x: x['Total day calls'] + x['Total eve calls'] + x['Total night calls']+ x["Total imtl cal
#Type change

df2[ 'total_charge']
df2['tetal_Mins'] =
#Avg purchase value
df2[ 'avg_purchase_value'] = df2.apply(lambda x: x['total_charge'] /f 7, axis=1}

# AVERAGE PURCHASE FREQUENCY RATE

df2['avg_purchase_freg_rate'] = 7

#tustomer value

df2[ 'customer_value'] = df2.apply(lambda x: x['awg purchase walue'] / x['avg_purchase_freg_rate'], axis=1)}
#Avg customer Lifespan

totalLifespan = df2["Account length'].sum(}

totalcust = df2.shape[a]

= df2[ '"tetal_charge'].astype(float)
df2[ "total_Mins'].astype{int)

avg_Custls = totalLifespan / totalcust
#LV
df2['clv'] = df2.apply(lambda x: x['customer_value'] * avg_custls, axis=1)

#IMPORT CLV

df2.to_csv("clv_transfer.csv')

#Clustering based on clv

clust_df2 = df2

from sklearn.cluster import KMeans

clust_dfz.celumns[2&]

cluster = KMeans{n_clusters = 5}

clust_dfz["cluster"] = cluster.fit_predict(clust_df2[clust_df2.cclumns[2&:]])

#Arranging clusters in gsc order

import numpy as np

arr = np.empty(s)

i-o

while (i < 5):
select_cluster = clust_df2.loc[clust_df2[ 'cluster'] == 1]
arr[i] = select cluster["clv"
clust_df2.lec[clust_dfz["c
i=1i+1

arr = np.sorti{arr)

i-o

while (i < 5):
clust_df2.lec[clust_dfz["clv_avg'] ==
i=1+1

i, 'clv_awg'] = arr[i]

arr[i], 'clust'] = 1

del

del

plt.
plt.
plt.
plt.
plt.
plt.
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clust_df2['clv_avg']
clust_df2[ 'cluster']

scatter(clust_df2["clust"], clust_df2["clv"])

xlabel("clusters"}
ylabel("clv"}
title('CLV clusters')
grid()

show( )

CLV clusters

li]

-3
=
=
w
e

dusters

10 15



After the required adjustment is performed, the dataset is in the same format as the original
dataset on which the model was trained. Now the same trained model is tested on this dataset.

In [124]: | rev_dat2 = clust_df2.describe(}.transpose(}
rev_dat2.index.values
fdf2 = clust_df2
del fdf2['Area code']
#Removing all the correlated columns Like day minutes ond day charge, and so on.
del fdf2['Total day charge']
del fdf2['Total eve charge']
del fdf2['Total night charge']
del fdf2[ 'Total intl charge']
#Removing all the umvanted columns Like orea code and stoaie
del fafz['state’]
fdf2.head()
binary map = {'ves':1.8, 'No":@.8, 'Trus':l.@, 'False':8.87}
# Change categorical dota to MNumeric for the troiminfg set S8
Fdf2[[ 'International plan®, ‘Vioice mail plan']] = fdf2[["Imternatiomal plan', "Voice mail plan’]].replace{binary_map)
fafz2[ 'churn'] = fdf2["cChurn'].astype(int)

In [125]: | inputs
target

fdf2.drop( 'Churn® ,axis="columns "
fdf2[ 'Churn']

In [12&8]: | t_predicted = model.predict(inputs)

In [127]: | print( Confusion Matrix:")
print{confusion_matrix(target, t_predicted})
print("")
print('Accuracy Score:')
print{accuracy_score(target,t_predicted)*1iea)
print(*")
print('Precision Score:'}
from sklearn.metrics import precision_score
print{precision_score({target, t_predicted, average='weighted'})
print(*")
print(‘Recall score:")
from sklearn.metrics import recall_score
print{recall_score(target, t_predicted, average='weighted')}
print('")
print('Fl Score:")
from sklearn.metrics import f1_score
print(f1_score(target, t_predicted, average='weighted'))

Confusion Matrix:
[[544 28]
[ 12 83]]

ACCUracy sScore:
94.80299550874963

Precision Score:
8, 3455532867391438

Recall score:
8.9488299850874952

Fl Score:
B.9419335983732885
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10 Discount Model

Probable churners are mapped to their CLV scores and appropriate offers/ discounts are generated.

In [528]:

In [51]:

out[51]:

In [55]:

out[55]:

#potatype changing

Fdf['clust']
Fdf["Churn']

fdf[ 'clust"].astype{int}
fdf[ ‘Churn®].astype({int)

off = np.arange(5)
off

array([e, 1, 2, 3, 1)

# ASSUMPTION - The customers who are predicited to churn out of the company are given discounts to prevent them from churning
# The discounts/waivers are calculated based on customers CLV based cluster for all the upcoming bill cycles until the

#model predicts thot the customer will no longer churn out of the company
# Customers in cluster 8 is given 18% woiver becouse that customer is least valueble to the compony and has given Least revenue
# customers in cluster 1 are given 28% woivers and Likewise, customers in cluster 4 ore given 58% waiver because they are the

#most valueohle customers ond moximum measures should be token in order to ovoid those churners from moving out of the company

i=8
while(1<5):
offer_var = {off[i] + 1) * 1@
-_FdF._loc[{de['c]ust'] == 1) & (fdf['Churn'] == 1}, "offer'] = offer_var
i=1+1
fdf
Total Total Total
ave night night Churn  total_Mins total_Charge total_Calls avg_purchase_value awg_purchase_freq_rate customer_valus clv  clust offer
calls minutes  calls
= 2247 o 1] TI7 75.56 303 2.518687 1.25 2014833 202.7434038 4 Mzl
103 2544 103 o 425 5034 332 1974537 125 158.953402 2 MaM
110 1526 104 1] 538 g62.29 333 2076333 1.25 167.137201 2 MNaN
28 195.9 0 o 554 66.80 255 2.2268887 125 1.781333 170.238432 3 MaMN
122 1868 121 1] 512 52.08 359 1.736333 1.25 1.339087 138.758451 1 MNaN
101 2038 18 o 334 67.81 323 2.253587 123 1802833 181.411832 3 MaN
108 2126 118 1] 788 78.31 321 2510333 1.25 2083247 2101222338 4 MNalM
24 FALE:1 ] ] 472 4520 75 1563333 125 1250887 125842587 1 NaM
11 326.4 a7 ] 818 80.54 207 2684587 1.25 2147733 216105798 4 MaN
148 186.0 B4 ] 556 57.08 374 1902887 1.25 1522133 153157673 2 MaN
T 1411 128 (] 388 4018 207 13398687 1.25 1071732 107.838242 0 MaN
75 1823 115 ] 308 5084 283 1.988000 125 1590400 150.028892 2 MaN
76 202.0 o [ g44 50.31 251 1.977000 1.25 1581800 150.141233 2 MaN
o0 80.3 75 ] 580 §6.02 308 2167332 1.25 1733887 174.462366 3 MaM
111 12086 121 L] 548 58.00 349 1066332 1.25 1573067 158.282605 2 MaN
G5 185.7 108 0 a78 50.50 244 2016867 1.25 16133323 162334254 2 MaN
a8 192.8 T4 1] 539 §3.90 254 2.130000 1.25 1.704000 171.457170 3 MNaN
g3 2088 133 o 14 50.00 347 1.9868687 123 1573333 158.309437 2 MaM
121 2008 23 1 447 36.02 280 1.200687 1.25 0960533 D6.G49253 o 100
= 181.8 T® o 447 48.08 308 1.602000 125 1221800 128855111 1 MaM
T2 237.0 115 1] 573 48.08 275 1.602687 1.25 1.282133 120.008775 1 MNaM
1nz2 250.7 1135 o ag7 60.15 308 2005000 123 1.604000 151.385130 2 MNaNM
12 182.7 115 1] 523 6324 345 2. 108000 1.25 1586400 158.588251 3 NaN
100 1021 55 ] 408 4481 243 1.487000 125 1.139800 110.598034 0 NaM
B4 1815 102 ] 435 §4.12 E| 2137333 1.25 1709887 172.047477 3 MNaN
63 250.5 148 ] 488 41.14 2 1371332 1.25 1.047087 110.387292 0 NaM
107 246.2 a5 ] 384 §0.43 s 2314332 1.25 1851487 186205324 3 MaN
15 203.2 78 ] 548 5528 324 1.843000 125 1474400 148354725 2 MaN
1149 280.2 o0 1 794 70.58 330 2 356000 1.25 2124800 213798237 4 500
75 213.6 16 ] 503 58.40 289 1940887 1.25 1559732 156.941000 2 MaN
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