#selection at
th
' ob.select= 1 e end -add W

#mirror ob.select = @

‘ » bpy.context.selected ob

#Mata.objects[one.name].se

"ﬂt(-please select exact.‘ o

.. OPERATOR CLASSES

,-ator) :
srror to the selfd‘-
sl mirror_X




Filters

« At the beggining we have 1.544 million rows, after apply the first
filter(Only one contract), we obtain 1.5 million rows.

Customerld Sumame Geography Gender HasCrCard IsActiveMember EstimatedSalary application_date  exit_date birth_date

0 15745584 EIRLS Germany Female 0.00 1.00 0.00 2018-12-14 MaM 1997-09-18

1 14890118 MOLOCK Italy Male 1.00 0.00 121,219.28 2019-01-08 MaM 1980-08-03

2 14733224 PAWLUCH ltaly Female 1.00 1.00 159,663.59 2012-08-01  2013-08-09 1977-08-19

3 14648573 MALLS Spain hale 1.00 0.00 140,827.98 2019-06-19 MaM 1979-02-27

4 15365443 EBERLE Italy Male 1.00 0.00 35,521.28 2014-01-26 2015-12-04 1972-12-21
1544995 14878861 LEVENSTEIN ltaly Female 0.00 0.00 95.110.94 2019-08-26 MaM 1980-05-19
1544996 14520120 HICKERMELL Germany Male 0.00 1.00 106,807 .48 2017-12-10 MaM 1984-04-08
1544997 14667679 MAASSEN Spain Male 1.00 0.00 83,143.54 2014-12-19  2018-12-10 1953-05-09
1544908 14513378 KEMIMER France hale 1.00 1.00 153,913.74 2012-05-25 2014-05-03 1976-11-09
1544999 15858637 MANUAL Spain  Female 0.00 0.00 3590814 2019-08-03 MaM 1987-02-16

1200000 rows = 10 columns



Filters

- After Dropping Italian clients

Customerld Sumame Geography Gender HasCrCard IsActiveMember EstimatedSalary application_date exit_date birth_date

0 15745584 EIRLS Germany Female 0.00 1.00 0.00 2018-12-14 MaM 1997-09-18

3 14848573 MALLS Spain Male 1.00 0.00 140,827.98 2019-06-19 NaM 1979-02-27

7 14523465 LASKOSKI Spain  Female 1.00 0.00 158,161.23 2017-12-28  2018-11-19 1972-10-30

10 14915115 MACURA Spain Male 1.00 1.00 36.090.00 2014-12-28  2016-05-11 1932-09-26

1 15914714 TAKAOKA France Female 1.00 0.00 33,775.00 2012-04-30 2012-03-09 1972-11-04
1544994 15002686 ARANJO Germany Female 0.00 0.00 171,390.35 2012-08-10 2016-01-09 1978-01-15
1544996 14520120 HICKERMELL Germany Male 0.00 1.00 106,207 .46 2017-12-10 MaM 1924-04-03
1544947 14867679 MAASSEMN Spain Male 1.00 0.00 83,143.54 2014-12-19 2018-12-10 1963-05-09
1544993 14513375 KEMIMER France Male 1.00 1.00 153.913.74 2012-05-25 2014-05-03  1976-11-09
1544999 15858837 MANUAL Spain Female 0.00 0.00 3990314 2019-08-03 MaM 1937-02-16

1170743 rows = 10 columns



Filters

- After Dropping clients with 2015< contracts

Customerld Surname Geography Gender HasCrCard IsActiveMember EstimatedSalary application_date  exit_date birth_date Duration

0 15745584 EIRLS Germany Female 0.00 1.00 0.00 2013-12-14 2019-11-30 1997-09-18 351

7 14523458 LASKOSKI Spain  Female 1.00 0.00 158,161.23 2017-12-28  2018-11-19  1972-10-30 326

14 15165383 LABIANCA Spain Male 1.00 1.00 261265 2018-02-22  2019-06-11 1974-07-11 474

15 14611239 DOKKA France Male 0.00 1.00 7221060 2019-02-24 2019-11-30 1986-04-26 279

20 15982728 GOUDEAU France lMale 0.00 1.00 66,465.09 2018-02-02 2019-06-01 1972-12-18 434
1544978 15588810 ABASTA France Female 0.00 1.00 1,036.11 2018-11-12  2019-11-30 2001-03-06 18
1544982 15923060 EISENSTEIN Germany Female 1.00 1.00 36271 2013-09-24 2019-11-30 1977-01-21 432
1544983 14506236 MAINETTI Germany Male 1.00 1.00 2.850.01 2018-04-28  2019-11-30 1988-05-30 581
1544901 15067149 KUBECK Germany Male 0.00 1.00 8127317 2019-02-03  20189-11-30 1982-07-24 300
1544995 14520120 HICKERNELL Germany Male 0.00 1.00 106,807 .45 2017-12-10  20159-11-30 1984-04-08 720

278571 rows = 11 columns

 After apply 75% information filter, we mantain the same rows.
- After create 2years> contract variable we keep the same rows



Combining databases

- After applying all filters and add the new variables we get:

Customerld Surname Geography Gender HasCrCard IsfctiveMember EstimatedSalary application_date exit_date birth_date Motcancsled=2 Age Products Balance Credit_Score

0 15745584 EIFLS  Germany Femals 0.00 1.00 0.00 2018-12-14 2018 18ETOR 0 2 2 103,017.85 BE4

1 14523488 LASKOSKI Spsin Female 1.00 0.00 158.151.23 20171228 20BN 87T D 45 4 1004723 B30

7 15185303  LABIANCA Spsin Male 1.00 1.00 251265 IR R R 0 43 1 119,657.24 487

3 14611230 DOKKA France  Male 0.00 1.00 7221080 2019224 20181 18BG-OE I 3 501500 435

4 15082728  GOUDEAU Franez  Male 0.00 1.00 55,455.00 RN R 0 45 1 4335350 55
78566 15508810 ABASTA France Female 0.00 1.00 1,038.11 a019-1142 T8I 200108 0 18 1 8581818 &T4
ITESET 15023080 EISENSTEN  Germany Femals .00 1.00 38271 a01a-002¢ 208D ETTCL 0 4 2 0243588 )
I7BSEE 14508218  MAINETTI  Germany  Male 1.00 1.00 2,850 01 2013428 20181 18800 I 4 12442202 590
ITESER 15067140 KUBECK — Germany  Male 0.00 1.00 89127347 a01g0203 2018 1882 0 L 1 2727140 745
78570 14520120 HICKERMELL  Germany  Male 0.00 1.00 108,207 48 20171219 20181 18B4OL 0 3 1 0.00 514

278571 rows = 15 columns



Combining databases

« We obtained the descriptive Statistics of the new

variables
Customerld HasCrCard IsActiveMember EstimatedSalary MNotcanceled=2 Age Products Balance Credit Score
count 278,571.00 274,005.00 274,005.00 274,005.00 278571.00 278571.00 2783571.00 278571.00 278,571.00
mean 1526158232 0.51 0n.a2 101,129 37 0.02 3789 247 T9a7912 650 31
std 433 307 65 0.50 032 55,538 57 0.15 11.29 1.12 5687968 9670
min 14 500,002.00 0.00 0.00 0.00 0.00 0.00 1.00 -0.00 174.00
25% 14,884,138.50 0.00 1.00 61,105.73 0.00 31.00 1.00 33,752.86 5385.00
50% 15,270,675.00 1.00 1.00 100,158.00 0.00 38.00 200 7718987 650.00
75% 15,642,786.00 1.00 1.00 139,368.00 0.00 45.00 3.00 119,244.69 716.00

max 15999996.00 1.00 1.00 357.882.73 1.00 92.00 4.00 37463366 1,000.00



Implementation of the predictive model

- Why we choose LogisticRegression?

« We will use logisticRegression because we don't want to use too much computing power, print(model_1.predict_proba(X_test))
« We could try using SVC but it give us the same accuracy result. [[8.07753651 ©.82246349]
- LogisticRegression allow us to have the probability of canceling the product before 2 years and Eg:zgé;ﬁ; gg;iig?ii%

keep the product after 2 years/cancel the product AFTER 2 years

[©.58684953 B.81395847]
[2.07817238 8.82082762]

Insights:
[€.98119315 ©.918806685] ]

The insights that we can get are, the model has a excellent accuracy score = 0.98, but this
result could be misleading

Why?

Bectauseomost of the Y values are 0. To be precise 2% of the total values of Y are 1 and the
rest are 0.

That involves that the predictions that we did could be deceptive.

We only have to imagine this case: if we have 100 values and we need to predict them
according to our model. 0.9766310688324509

print{model 1.score(X test,y test))

If we choose 0 for all values, we will get a 98% of accuracy, due to we only made a mistake
with 2 values.

Anyway, there could be a different solutions but probably they involve that we need to clean
thé data in a different way

Or maybe we should apply different filters.



