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JTOJATOK B

[Iporpamua pearizariisi METOTy aHAITI3y i€EpapXiid

1
uo= {11, 2,4, 3, {1/2,1, 3,23, {1r4, 273, 1, 2}, 1173, 172, 2, 13, (", e,
2

1/4
Do[AppendTo[M[[i]], N[[ﬁm[[i, j]]] x ”, (i, 1, 4}]

el

S=Smm[M[[i, 5]], {i, 1, 4}]4

AppendTo[M[[5]1], S1:

Do[AppendTo[M[[1]], M[[1, 511 /58], {1, 1, 4}]1;
PrependTo[M, {"", "E1", "E2", "E3", "E4", "CpegHee reoMeTpue", "BerTop opHopHTeToE"}]
Do[PrependTo[M[[1]], {"E", i -1}]1, {i, 2, 5}]

Grid[M, Frame - A1l1]

Kl |E2 |E3 |E4 |Cpenm:nee reoMeTpWd |[BeKTop OpMODMTETOE
®, I (T2 23 7.21336 T.466849
K, 232132 1.31607 0.27759
K, 3 7: i 1! 0.451801 0.0952951
K, 4 i EERE 0.759836 0.160267
= [ e e 7.74107

Som [M[[1, 711, {1, 2, 5}]

¥={}:

Do[AppendTo[Y, N[Sum[M[[3, 1]]), {3, 2, 3}111, {1, 2, 5}]

Y

{2.08333, 3.83333, 10., 6.5}

A= Sum[Y[[i]] #M[[1+1, 711,

4.03138
A-4
cIk= ——
4-1
0.01045396
_ Ik
T 0.9
0.0116217

{1, 1, 4}]

M1=4{{1,2, 4}, {172,111, 3}, {174,173, 1}}:

M2={{1,1/2,1/3}, {2,1,1/
M3={{1,2, 172}, {1/2, 1,1/

2}, {3, 2, 1}}»
2}, {2, 2, 1}}»

M4 ={{1,21, 1}, {1, 1, 1}, {1, 1, 1}}~

Do[AppendTo[M1[[i]], N[[f]m1[[i, 311

ERT

Sl =-Sum[M1[[1, 411, {i, 1, 3}]

‘

173
[RIEKEEREY
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59

Do[AppendTo[MI[[1]]), MAI[[1, 4] /51], {1, 1, 3}]1~

1:3
Do[h.ppendTo[MQ[[j]], N[[ﬁMQ[[j, j]]] ]], {i, 1, 3}]
T

52 = Sum[M2[[i, 4], {i, 1, 3}] -

Do[AppendTo[M2[[1]], M2[[1, 4]] #52], {1, 1, 3}] -

153
Do[AppendTo[MS[[i]], N[[ﬁMS[[i, j]]] ' ]] {i, 1, 3}]
T

S3 =Sum[M3[[1, 24]], {21, L, 3}]1~

Do[AppendTo[M3[[1]1], M3[[i, 411 /531, {i, 1, 3}1~

153
Do[AppendTo[Ma[[j]], N[[ﬁma[[j, j]]] ' ”, {i, 1, 3}]
Feell

54 =Sum[Ma[[i, 411, {1, 1, 3}]1~

DolAppendTo[M4[[11], Ma4[[1, 4]] /541, {1, 1, 3}1;
pl=p2=p3=p04={3}

Do[AppendTo[pl, MI[[i, 5111, {1, 1, 3}]

Do [AppendTo[p2, M2[[1, 5111, {1, 1, 3}]

DolAppendTolp3, M3[[1i, 5111, {i, 1, 3}1

Do[AppendTo[p4, Ma[[1i, 5111, {1, 1, 3}1]

Print["Kl1 = ", Grid[Ml, Frame —» A11], pl]
Print["K2 = ", Grid[M2, Frame - A11], p2]
Print["K3 = ", Grid[M3, Frame - A11], B3]
Print["FK4 = ", Grid[M4, Frame —» A11l], p4]
Iz z- 0.558425
1 —
W1 = |z |1 [F|1-14471|0.319818 |y c5mazs, 0.319618, 0.1219571
% % 1|o.43679 |[0.121957
1 1
1|1|:|o-550321|0.163424
B2 = (212 1 0. zososl |{0.1632424, 0.296961, 0.539615]
S[Z [T | T-8171z |0.539615
1|zt 1. 0.310814
¥2 = [T (1| T |o.6205961 | 0.155z |{0-310814, 0.1953, 0.493326]
Z(Z[1] L1.5872 |0.493386
T[I[1 L. [0.333233
W4 = [T[T[L[T.[0-335533 |{0.333333, 0.333333, 0.333333}
I[I[1.[0.333333
[(=C1%)
¥1=4{};

Do[AppendTo[¥1l, N[Sam[M1[[3, 111, {3, 2, 33111, {31, 1, 3}1]

Al = Sum [YA[[i))+MA[[i, 1), {i, 1, 3}]1



Al -3 CIk1l
r CEk1 H
3-1 0O.58
¥2 = {}-
Do[AppendTo (Y2, N[Sum [M2[[3, 111, {3, 1, 33111, {1, 1, 3}1]
A2 = Sum[¥Y2[[i])l~M2[[1, 533, {i, 1, 3}] -

A2 -3 CIk2
r CRk2 = :

CITk2 = : ;
3-1 o.58

¥3=1{}:
Do[AppendTo[¥3, W[Sum [M3[[3, 211, {3, 1, 33101, 2, 1, 3}1]

A3 = Sum[¥Y3[[i]]+M3[[i, 511, {i, 1, 3}]1:
Az _ 3 CIk3

CIk3 = ; CRK3 = :
3-1 0.58

(#C4=)

Y4 ={};

Do[AppendTo[¥4a, N(Som[Ma[[3, 23], €3, L, 3}111, {2, 1, 3}1]
Ad = Sum [Y4[[1i])~M4[[1, 51), {i, 1, 3}] -

Ad - 3 CIk4

r CEk4 = H

3-1 0.58

CIkmass = {CIkl, CIk2, CIk3, CIk4}

CRkmass = {CRk1l, CRkZ, CRk3, CRk4} ;

CIk4 =

Print[CIk1, " ", CIkzZ, " ", CIK3, " ", CIk4]

Print[CRk1, " ", CRk2, " ", CRk3, " ", CRk4]

0.00914735 0.00460136 0.0268108 0.

0.0157713 0.00793337 0.0462255 0.

F={pl, p2, p3, pi}:

F = Transpose[F] ;

pk = {{M[[2, 7])}, {M[[3, 711}, {M[[4, 711}, {M[[5, T11}}:
Print[" p = ", MatrixForm[P], "+", MatrixForm[pk], " = ", MatrixForm[F.pk]]

¢ 0.466849

r0.558425 0.163424 0.310814 0.333333 0.277549 ¢ 0.389108
p = | 0.319618 0.296%961 0.1958 0.333333 |- 0 6952951 = ‘ 0.303728
. 0.121957 0.539615 0.493386 0.333333) U. 160267 . 0.3071646 )

€I = CIk s+ pk;

CIA = CTk + Sum[pk[[i]] #CIkmass[[i]], {i, 1, 4}]
RI = 0.90+0.58
CIA

RT

[0.0185622°
1.48

r0.0125421



TOJATOK B

[IporpamHua peamnizaiis 3a/1a4i KpeIUTHOTO CKOPIHTY

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sb

import re

¥matplotlib inline

from sklearn import linear_model, datasets, metrics
from sklearn.decomposition import PCA as sklearnPCA
from sklearn.metrics import roc_curve

from sklearn.metrics import auc

plt.style.use( ggplot™)

e e e mmmm e

url = "https://archive.ics.uci.edu/ml/machine-learning-databases/credit-screening/crx.data’
data = pd.read_csv(url, header=None, ma_walues="32?")
[ 1 data.shape
O+ (&%9, 1&)
[ 1 data.tail()
C <] 1 2 3 4 5 6B 7 &8 % 18 11 12 13 14 15
685 b 2108 10085 y p e h 125 & § O f g 2600 0 -
686 a 2267 0750 w g c w 200 f & 2 t g 2000 3594 -
687 a 2525 13500 y p fF f 200 F & 1 t g 2000 1 -
688 b 17.92 0205 wu g aa wv 004 f f O f g 2500 750 -
689 b 35.00 337> wu g c h 829 f f O it g 0.0 0 -
[ 1 data.head(}
(B a 1 2 3 4 5 B 7 B 9 18 11 12 13 14 15
0 b 3083 0000 w g w v 125 &t t 1 f g 2020 0 +
1 & 5667 4460 w g g h 304 &t 1t & f g 430 560 +
2 a 2450 0500 w g g h 150 &t f O f g 2800 824 +
3 b 2783 1540 w g w v 375 t t 5 t g 1000 3 +
4 b 2017 5625 w g w v 171 &t f O f = 1200 0 +
[ 1 data.columns = ['A" + str(i) for i in range{l, 16)] + ['class’]
data.head()
C a1 a2 A3 A4 AS Ak AT A8 A9 Al8 A1l Al12 A13 Al4 al15 class
0 b 3033 0000 w g w wv 125 1 i 1 f g 202.0 0 +
1 3 5867 4460 v g g h 304 i i G f g 430 560 +
2 a 2450 0500 w g9 q h 150 1 i 0 f g 2800 824 +
3 b 27383 1540 w g w v 373 i i 5 t g 100.0 3 +
4 b 2017 5625 w g w v 171 1 i 0 f s 120.0 0 +

data.describe()
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(3

]

AZ A3 AZ

All

count &73.000000 &90.000000 6&90.000000 &90.00000

mean 31.568171 4. 798725 2223406
std 11.957862 4978163 3.346513
min 13.750000 0.000000 0.000000
25% 22 602500 1.000000 0165000
50% 28.450000 2.750000 1.000000
T5% 33.230000 7207500 2625000
max &0.230000 25.000000 28.500000

2.40000
4 362594
0.00000
o_00000
0.00000
300000

Al4
677000000
184.014771
173.806768

0000000
75000000
160.000000
276.000000

G7.00000 Z000.000000

AlS
690.000000
1017.385507
5210102598
0.000000
0000000
S.000000

395 500000
100000.000000

categorial_columns = [c for c in data.columns if data[c].dtype.name == "object"]i

numerical_columns = [c for c in data.columns if data[c].dtype.name !=

print{categorial_columns})
print{numerical_columns)

['a1", "A4', "A5', "as', 'A7', 'A3', "Ale',
['a2", "A3", "AS', "Al11", 'Al4", "A15"]

data[categorial_columns].describa()

Al Ad AS AG AT A% Al@ Al1Z2 Al3 class

count &7% 634 634 681 631 690 690 ©90 690

unigque 2 3 k] 14 9 2 2

top b u g c ) 1 T

freq 468 519 519 137 3899 361 385 374 625

from pandas.plotting import scatter_matrix
scatter_matrix(data,figsize=({18, 18}, alpha=8&.

[ 1]
Cs

A2 A3 AR
A2 1.000000 0202317 0395731
A3 0202317  1.000000 0295902
Ad 0395731 0.295902 1.000000
A11 01853912 0271207  0.322330
Al4 -0.079812 -0224242 -0.077163
A15  0.018553F 0123121 0051345

[ 1 data.count{axis=a})

O &1 £78
Az 678
Az §9@
Ad 534
A5 534
a8 531
A7 621
AB g9@
as g3@
a1e g9@
A1l §9@
A12 g9@
a13 §9@
Ald &77
a15 g3@

class 638
dtype: intss

"object”]

A1z, "a13", 'class"]
590
2 3 2
T g -
383
85, marker="o"}

Al11 al14 415
0.185912 -0.079312 0.018553
0271207 -0.224242 0123121
0322330 -0.077163 0051345
1.000000 -0.120096 0.063592

-0.120096  1.000000 0.066853
0.063692 0.066553 1.000000
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[ ] data = data.fillna(data.median{axis=8), axis=8}
data.count(axis=8})

C» Al 678
AZ 598
AZ 598
A4 584
AL BE4
AE 881
AT 581
AB 598
AD 598
Ale [=3=1=]
All 598
Al2 598
Al3 598
Al4 [=3=1=]
Als [=3=1=]
class 592

dtype: intsa
[ 1 data['a1'].describe{).top
> ‘b
[ ] data["a1"] = data["a1"].fillna{data["a1"].describe().top)

[ 1 data_describe = data.describe{include=[cbject]]}
for c in categorial_columns:
data[c] = data[c].fillna(data_describe[c][ "top ]}

[ 1 data.describefinclude=[object]])

C A1 A4 AS AR A7 A9 Al® 412 A13 class
count 690 690 690 690 690 690 690 690 690 G690
unigue 2 3 314 9 2 2 2 3 2

top b u q C v 1 f f J -

fre@ 480 525 525 146 408 361 395 374 625 383

[ 1 data.describef)

L A2 A3 Ag Al11 Al4 Al5
count &90.000000 690.000000 690.000000 65000000 690.000000 690.000000
mean  31.314116 47587235 2223406 240000  153.562319 1017.385507

std 11.860245 4975163 3.346513 486294 172190273 5210.102598

min 13.750000 0.000000 0.000000 0.00000 0.000000 0.000000
25% 22670000 1.000000 0.165000 0.00000 &0.000000 0.000000
50%  28.460000 2750000 1.000000 0.00000 160.000000 3.000000

8%  37.707500 T.207500 2625000 3.00000 272.000000 395.500000
max 30250000 25.000000 28500000 &7.00000 2000000000 100000.000000

[ 1 binary_columns = [c for ¢ in categorial_columns if data_des:ribe[c]['unique']i == 2]
nonbinary_columns = [¢ for ¢ in categorial columns if data_de5:rihe[c]['unique']i » 2]
print {binary_columns, nonbinary_columns) !

O+ ['A1°, *As', 'Al8', 'A12°, 'class'] ['A4', 'A5', 'AG', 'A7', 'Al13']



data.describef}

C- Az A3 A A1l aAl4 Al1s
count &90.000000 &90.000000 &90.000000 &90.00000 G20.000000 G20.000000
mean 31.514116 4758725 2223406 2.40000 183.562319 1017 385507
std 11.360245 48975163 3.346513 4562094 172190275 5210.102598
min 13.750000 0.000000 0.000000 0.00000 0.000000 0.000000
258% 22670000 1.000000 0.165000 000000 S0.000000 0.000000
50% 28.460000 2. 730000 1.000000 000000 A160.000000 S.000000
Th% IT.TOTS00 T.207500 2.625000 3.00000 272.000000 395.500000
max 50.250000 25.000000 25.500000 &7.00000 2000.000000 100000.000000
[ 1 data.ax[data["a1'] == 'b", "A1'] = @
data.at[data["a1'] == "a", "a1'] = 1
data[ "al" ].describe()
[+ count 598.208828
mean 2.394348
std 2.468404
min 2.g00882
252 2.a00882
SeE 2.g00a8aa
75X 1.208882
max 1.@00882
Name: Al, diype: fleoates
o data_describe = data.describe{include=[object])
data_describe
° data_describe = data.describe{include=[object])
data_describe
E’ A4 A5 AR A7 A9 Al® AlZ Al13 class
count 690 690 6590 690 690 690 690 690 690
unique 3 3 14 9 2 2 2 3 2
top u g [ i 1 f i g -
freq 525 525 146 408 361 395 374 623 383
[ 1 for c in binary_columns[1:]:
top = data_describe[c]["top’]
top_items = data[c] == top
data.loc[top_items, c] = @
data.loc[np.logical_not{top_items), c] = 1
[ ] data[binary_columns].describe()
[y a1 a9 ale a1z class
count &90.000000 &90.000000 G90.000000 690000000 G90.000000
mean 0.304343 0.476812 0.427536 0.457971 0.444923
std 0.450464 0.499824 0.495080 0.495592 0.497313
min 0.000000 0.000000 0.000000 0.000000 0.000000
25% 0.000000 0.000000 0.000000 0.000000 0.000000
50% 0.000000 0.000000 0.000000 0.000000 0.000000
75% 1.000000 1.000000 1.000000 1.000000 1.000000
max 1.000000 1.000000 1.000000 1.000000 1.000000
[ 1 data.describe()



(]

(]

C

data.describe(}

a1 Az a3 A3 as ale

count G90.000000 690.000000 &90.000000 690.000000 G630.000000 G30.000000
mean 0.304345  31.514116 4758725 2223406 0.476812 0.427536
std 0.460464  11.560245 4978163 3.346513 0.458524 0.485080

min 0.000000  13.750000 0.000000 0.000000 0.000000 0.000000

25% 0.000000 22670000 1.000000 0.165000 0.000000 0.000000
50% 0.000000  25.460000 2750000 1.000000 0.000000 0.000000
T5% 1.000000  37.707500 7.207500 2.625000 1.000000 1.000000
max 1.000000 80250000 23.000000  23.500000 1.000000 1.000000

data["a4" ].uniquel)

array{['u', 'y', "1'], dtype=object)

data_nonbinary = pd.get_dummies(data[nonbinary_columns])
print (data_nonbinary.columns}

Index{["A4_ 1", "As u', "as y', "As_g', 'AS_gg', 'as_p', "Ac_@za", 'As_c',
‘AB_cc', 'As_d', 'AG_e', 'Ae_ff', 'A6_i', "Ae_j', "AB_k", 'As_m',
‘A6_q', ‘AG_r', 'AB_w', "A6_X', "A7_bb, 'A7_dd', 'A7_ff', 'A7_h',
'A7_3j', 'A7_n', 'A7_0', 'A7_v', 'A7_z', 'Al3_g', 'Al3_p', 'A13_s'],
dtype="object")

'
data_numerical = data[numerical_columns] |
data_numerical = (data_numerical - data_numerical.mean()) / data_numerical.std()
data_numerical.describe()

az AZ A8 A1l
count 6.900000e+02 &.900000e+02 &.900000e+02 &.900000e+02
mean -2.581751e-15 2.085285e-16 1.879334e-16 2 0687589e-16

std 1.000000e+00 1.000000e+00 1.000000e+00 1.000000e+00
i -1.4977587e+00 -92.559195e-01 -5643947e-01 -4.935255e-01
25% -T.456942e-01 -7.550425e-01 -6.150897e-01 -4.935286e-01
50% -2.575057Te-01 -4035072e-01 -3.655762e-01 -4.935286e-01
T5% 5 221970e-01 4 919034e-01 1 200033e-01 1 233822e-01

max 4 109150e+00 4 663645e+00 7 .851932e+00 1 3284174e+01

al11
630.00000
2.40000
456294
0.00000
0.00000
0.00000
3.00000
&7.00000

B5.900000e+02
4 82T7057e-17
1.000000e+00
-1.066043e+00
-6.014412e-01
-1.36583583e-01
5 136044e-01

1.054901e+01

412
G690.000000
0.457971
0.498592
0.000000
0.000000
0.000000
1.000000
1.000000

Ala

data = pd.concat((data_numerical, data[binary_columns], data_nenbinary}, axis=1)|

data = pd.DataFrame{data, dtype=float}
print{data.shape)

print (data.columns)

print({data}

[ 1 sclearn_PCA = sklearnPCA(n_components = 2)

sklearn_transf = sclearn_PCA.fit_transform(data)
% = sklearn_transf;
y = data[ 'class']

[ 1 print (X.shape)

print (y.shape)
N, d = X.shape

[» (e%e, 2)

(e=@,)

[ 1 from sklearn.model_selection import train_test_split

% _train, X_test, y_train, y_test = train_test_split(X, y, test_size = 8.3, rando

N_traim, _ = X_train.shape
N_test, = ¥_test.shape

print (N_train, M_test)

= 482 a7

[ 1 from sklearn.linear_meodel import LogisticRegressionCv

logis = LogisticRegressionCV()
res = logis.fit{X_train, y_train)

ala
590.000000
183.562319
172190278
0.000000
0.000000
160.000000
272.000000
2000.000000

als

6.900000e+02
-1. 445117213
1.000000e+00
-1.952717e-01
-1.952717e-01
-1.943120e-01
-1.193615e-01

1.899821e+01

Aal1s
590.000000
1017385507
53210.102598
0.000000
0.000000
5.000000
395.500000
100000.000000

class
690000000
0.444925
0.4897316
0.000000
0.000000
0.000000
1.000000
1.000000

i
1
|
n_state = 11)
1
i
i
i
i
]
|
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[]

(]

print{res.scores_})

{1.8: array{[[8.54837267, @.62111801, @.65944999, ©.73291925, @.72049&39,
§.71428571, ©.71428571, @.71428571, 8.71428571, @.71428571],
[0.54837267, ©.68243447, 8.7515528 , 8.30745342, 8.50745342,
9.3136645 , 9.5136645 , 2.8136646 , 2.85138646 , £.8136848 1,
[8.54837267, B©.63354837, ©.75776398, 2.77018634, 2.77018634,
8.77635752, B.77639752, 8.77639752, 8.77639752, 8.77639752]11))

y_train_predict = logis.predict(X_train)
y_test_predict

arr_
arr_

logis.predict(X_test)

train = np.mean{y_train != y_train_predict)
test = np.mean{y_test != y test_predict)
print {1-err_train, l-err_test)

8.7781862354837267 8.8115042828985588

Z=np.array(X_train)
Y=np.array(y_train)

h =

B.82

®_min, x_max =

X,
z =

L =

plt.
plt.

plt.
plt.
plt.
plt.
plt.

plt.

Z.reshape(xx.shape)
figure(l, figsize=({18, 8))
pcolormesh({xx, yy, Z, cmap=plt.cm.Paired)

scatter(X[:, @], %[:, 1], c=Y, edgecolors="k', cmap=plt.cm.Paired)

wlim{xx.min{), =x.max())
ylim{yy.min{}, yy.max{})

wticks({()})
yticks(())

show( )

X[:, @].min{} - .5, X[:, @].max{) + .5

y_min, y_max = X[:, 1].min{} - .5, X[:, 1].max{) + .5

vy = np.meshgrid{np.arange(x_min, x _max, h)}, np.arange{y_min, y_max, h))
logis.predict({np.c_[xx.ravel(), yy.ravel(}])

fprPcaA, tprPCA, thresholds = roc_curve(y_train, logis.predict_proba(X_train)[:,

roc_aucPCA

auc{fprPCa, tprPCA)

11)
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[ 1 plt.plot{fprPCa, tprPCA, label="MeTog roAOBHHMX KOMNOHEHT (mMnowas = %@.3F)" ¥ roc_aucPca)
plt.plot{[e, 1], [&, 1], "k--") # random predictions curve o
plt.xlim{[&.8, 1.8])
plt.ylim{[&.8, 1.8])
plt.xlabel(  CneuwpivnicTe")
plt.ylabel( YyTaueicTe" )
plt.legend(loc="lower right"}

O+ <matplotlib.legend.Legend at ex7facccb4iboas
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° ¥ = data.drop(('class’), axis=1} H
y = data[ 'class’ !
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = @.3, random_state = 11)
res = logis.fit({X_train, y_train)
y_train_predict = logis.predict(X_train) |
y_test_predict = logis.predict(X_test) H

[+ fusrflocal/lib/pythenz.e/dist-packages/sklearn/model_selection/_split.py:1978: Futurewarning: The default wvalue of cv will change from 2 to 5 in version e.22.
warnings.warn(CV_WARNING, FutureWarning)
fusrflecal/lib/python3.s/dist-packages/sklearn/linear_model/logistic.py:947: ConvergenceWarning: lbfgs failed to cenverge. Increase the number of iterations.
"of iterations."”, ConvergenceWarning)
fusrflecal/lib/python3.s/dist-packages/sklearn/1linear_model/logistic.py:947: ConvergenceWarning: lbfgs failed to converge. Increase the number of iterations.
"of iterations.", ConvergencewWarning}
fusrflocal/lib/pythen3.&/dist-packages/sklearn/linear_model/logistic.py:947: ConvergenceWarning: lbfgs failed to converge. Increase the number of iterations.
"of iteraticns."”, convergencewarning}
fusrflecal/lib/python3.s/dist-packages/sklearn/1linear_model/logistic.py:947: ConvergenceWarning: lbfgs failed to converge. Increase the number of iterations.
"of iterations.", ConvergencewWarning}
Fusrflocal/lib/pythoen2.&/dist-packages/sklearn/linear_model/logistic.py:947: ConvergenceWarning: lbfgs failed to converge. Increase the number of iterations.
"of iteraticns."”, convergencewarning}
fusrflecal/lib/python3.s/dist-packages/sklearn/1linear_model/logistic.py:947: ConvergenceWarning: lbfgs failed to converge. Increase the number of iterations.
"of iteraticns."”, ConvergencewWarning}
fusrflecal/lib/python2.6/dist-packages/sklearn/linear_model/logistic.py:947: ConvergenceWarning: lbfgs failed to converge. Increase the number of iterations.
"of iterations."”, Convergencewarning}

[ 1 err_train = np.mean{y_train _train_predict)
err_test = np.mean{y_test I= y_test_predict)

print (1-err_train, l-err_tsst)

O+ ©.8739171842658183 €.%8333816425120773

° fprall, tprall, thresholds = roc_curve(y_train, logis.predict_proba(X_train)[:, 1])
roc_aucAll = auc(fprall, tprall)

# plt.subplots(figsize = (18,5))

plt.plot{fprall, tprall, label="¥ci kpwTepii (nnAowa = X8.3F)" X roc_aucAll)
plt.plot{fprPCA, tprPCA, label="MeTom ronoEHKX KOMNOHEHT (nnowa = ¥0.3F)' ¥ roc_aucPCA)
plt.plot{[@, 1], [®, 1], "k--') # random predictions curve|

plt.xlim{[©.8, 1.8])

plt.ylim{[8.8, 1.8])

plt.xlabel( CneundivnicTe")

plt.ylabel( “YyTaueicTe")

plt.legend(loc="lower right")

O+ <matplotlib.legend.Legend at ex?faeccabeefax
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[ 1 res = logis.fit{X_train, y_train}
y_train_predict = logis.predict(X_train}
y_test_predict = logis.predict(X_test)



columns = np.array(¥_train.columns)
finalErrTrain = 8.5
for i in range (X_train.shape[1]):
for j in range(i+l,%_train.shape[1]):
res = logis.fit(X_train[columns[[i,§]]], y_train}
y_train_predict = logis.predict(X_train[columns[[1,7]]11)
err_train = np.mean{y_train != y_train_predict)
if finalErrTrain:err_train
cTemp = X_train[columns[[i,3]]]
finall = i
finall = j
finalErrTrain = err_train

[ 1 usedCriterias=[]
usedCriterias = np.append{usedCriterias,columns[[finall,finall]])
removedColumns = np.delete{columns,[finall,finall])
print{usedCriterias)
print{removedColumns )

o ['a1z' 'as']

['A2' 'A3' 'AS' 'A11" "A15" ‘A1’ 'Ale’ 'Al2' 'A4 1" 'Ad4_u' ‘A4 y' 'AS_g'

'AS_gg' 'AS_p' 'A6_aa’ "A6_C' 'AB_cc' 'A6_d' 'AG_e' 'A6_fF' 'AB_i' "A6_3'
'AG_K' 'AE_M' 'A6_Q" "AE_r' 'A6_wW' "AG_X' 'A7_bb' 'A7_dd' 'A7_ff' 'A7_h'
'A7_J' 'A7_n' 'A7_0" "A7_V' 'A7_z' "Al13_g' "Al13_p" 'Al13_s']

[ 1] res = logis.fit{%_train[usedCriterias], y_train)
y_test_predict = logis.predict(¥_test[usedCriterias]})
err_test = np.mean{y_test I= y_test_predict)
print{'Train: ", 1-finalErrTrain,'Test: ', 1-err_test)

O+ fusrflocal/lib/python2.6/dist-packages/sklearn/model_selection/_split.py:1978:

FutureWarning)
B8.8695652173513843

warnings.warn{CV_WARNING,
Train: ©.8589316778186335 Test:

° for j in range (48):
b = cTemp
updated = @
for i in range (removedColumns.shape[8]):

a = np.array{¥_train[removedColumns[[1]]])}
C = np.concatenate(({b,a),axis = 1)
res = logis.fit{c, y_train)

y_train_predict = logis.predict(c)

68

FutureWarning: The default walue of cw

err_train = np.mean{y_train != y_train_predict}]
if fimalErrTrainzerr_train
finall = i
finalErrTrain = err_train
cTemp = ¢
updated = 1
if wpdated == @:
break
usedCriterias = np.append{usedCriterias,removedColumns[finall])
removedColumns = np.delete(removedColumns,finall)

[ 1 print{usedcriterias)
print{removedColumns )

C» ['A14' "A3' 'Ag Ff" 'A2" "a12 p°]

['AZ" "A8" "A11' "A15' "A1" 'Al8' 'A12" 'A4_1' 'A4 u' 'Ad y' "AS_g'
"AS_gg' 'AS_p' 'AG_aa' "AB_C' 'AG_cc' 'AG_d" 'AG_e' 'As_i' 'AG_ 7' "AG_k'
'A6_m" 'A6_Q" 'A6_r' "A6_w' 'A6_X' 'A7_bb" "a7 dd' 'a7_ff' 'a7_h"' 'aA7_j'
'A7_n" 'A7_o" 'AT_w' 'A7_z' 'Alz_g' "Alz_s"]

res = logis.fit(X_train[usedCriterias], y_train)}
y_train_predict = logis.predict(X_train[usedCriterias])
y_test_predict = logis.predict(X_test[usedCriterias])
err_train = np.mean{y_train != y_train_predict)]
err_test = np.mean(y_test != y_test_predict)
print{‘Train: ", 1-err_traim, 'Test: ", l-err_test)

G Train: ©.86128364389233%6 Test: ©.8792278531400366
fusrflecal/lib/python3.6/dist-packages/sklearn/model_selection/_split.py:1978:
warnings.warn{CV_WARNING, FutureWarning)

FutureWarning:

The default value of cv will chang



° res = logis.fit({X_train[usedCriterias], y_train) |

|3

69

fpritep, tpritep, thresholds = roc_curve(y_train, logis.predict_proba(X¥_train[usedCriterias])[:, 1])
roc_aucStep = auc(fprstep, tprStep) |

res = logis.fit{¥_train[usedCriterias[[®,1]]], y_train) i
fpriwoMain, tprTwoMain, thresholds = roc_curve(y_train, logis.predict_proba({X_train[usedCriterias[[&,1]]1)[:, 11}
roc_aucTwoMain = auc(fprTwoMain, tprTwocMain) i

|

i

i

i

i

plt.subplots{figsize = (8,5))

plt.plot{fprall, tprall, label="Y¥ci kputepii (nnowa = ¥8.3f)" ¥ roc_auchAll) !

plt.plot{fprPCa, tprPCa, label='MeTon ronoBHMX KOMMOHEHT (mnowa = ¥8.3F)" ¥ roc_aucPca))
plt.plot{fprTwoMain, tprTwoMain, label="flga wanbinew ennAuBoEil wpuwtepii (nnowa = ®@.3F)" % roc_sucTwoMain)
# plt.plot(fprStep, tpritep, label='Moxpoxcea perpecia (mnowa = ¥8.3F)" % roc_auwcStep)

plt.plot{[®e, 1], [&, 1], "k--") # random predictions curwve
plt.xlim{[®.8, 1.8])

plt.ylim{[®.8, 1.8])

plt.xlabel( CrneuwdivnicTe")

plt.ylabel( YyTaueicTe")

plt.legend(loc="lower right"})

fusrflocal/1lib/python3.&6/dist-packages/sklearn/model_selection/_split.py:1978: Futurewarning: The default value of cv will change -
warnings.warn{CV_WARNING, FutureWarning)

fusrflocal/lib/python3. 6/dist-packages/sklearn/model_selection/_split.py:1978: FutureWarning: The default wvalue of cv will change -
warnings.warn({CV_WARMNING, FutureWarning)

«matplotlib.legend.Legend at ex7facccsabacs>
10 -
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from google.colab import drive
drive.mount("/c e', force_remount=

Mounted at /comtent/drive

L numpy
t pandas as
t matplotlib.pyplot as plt
t seaborn as sbh
t re
lotlib inline
1 sklearn import linear_model, datasets, metrics
1 sklearn.linear_model import LinearrRegression
1 sklearn.decomposition import PCA as sklearnPCA
1 sklearn.tree import DecisionTreeClassifier
1 sklearn.svm import SWC
1 sklearn.ensemble ort RandomForestClassifier
1 sklearn.ensemble ort votingClassifier
1 xghoost import XGEClassifier
1 sklearn.metrics import roc_curve
1 sklearn.metrics import auc
port time
plt.style.use( 'ggplot')

data = pd.read_csw("/content/dri tyDrive/Colab Motebooks/cred d.csv', header= » Na_walues="7?',low _memory= » skiprows=1}

data[3e].describe(}

count 284807 . 008000
mean - 881727
std - 841527
min . 888008
25% . BeBe0a
SE% . BeB0ea
75% . BeB0ea
max . BeB0ea
Name: 38, dtype: floates

categorial_columns = [c for c in data.columns if data[c].dtype.name =
numerical_columns = [c for ¢ in data.columns if data[c].dtype.name !=

print(categorial_columns)
print(numerical_columns)

n
['A1', *A2', 'A3', 'A4", 'AS", 'A6', 'A7', 'AZ', 'A9', 'Al@", 'A1l', 'A12', 'A13', 'A14', 'AIS', 'Al6', "A17%, 'A18', 'A19", 'A2@', 'A21', 'A22', 'A23', 'A24', 'AJS', 'A26', 'A27', 'A28', 'A29", 'A30', 'class']
data.count(axis=a)

data = data.fillna{data.median(axis=8}), axis=8)
data.coumt{axis=a)

data] "Al'].describe()

count 224207 . 228008
mean 94813.859575
std 47488 .145955
min e.888088
5% 54281.580008
58 84592,
75% 139328.
max 172792.
Name: Al, dtype:




data.at[data["41'] ==
data.at[data['a1'] ==
data[ 'Al1'].describe()

count 254887 . 80008
mean S4813.859575
std 47488.145955
min @.8aa000
b1 4 c42el.588088
Sk E4692 . 00000
75X 139328.588080
max 172792 . 808088
Name: Al, diype: floates

data.describe()

data_mmerical = data[numerical_columns]
data_numerical = (data_numerical - data_numerical.mean()) / data_numerical.std()
data_mummerical.describe()

Al AZ A3 Ad AG A AT A A9
count 2 548070e+05 2848070e+05 23848070e+05 2848070e+05 2848070e+05 2848070e+05 2845070e+05 2.848070e+05 2845070e+05
mean -1.39962%9e-15 -2.36934Te-15 -D.200088e-17 6.265771e-15 1.96616Te-16 1.757901e-15 -2.237124e-16 1.66327%-15 2.504277e-16

1.000000e+00 1.000000e+00 1.000000e+00 1.000000e+00 1.000000e+00 1.000000e+00 1.000000e+00 1.000000e+00 1.000000e+00

1.996580e+00 -2.879850e+01 -4403521e+01 -3.187168e+01 -4.013912e+00 -8240795e+01 -1.963602e+01 -3.520933e+01 -6.130242e+01

-8.552105e-01 -4.69890%e-01 -3.624701e-01 -5872131e-01 -5993777e-01 -5010677e-01 -5766811e-01 -4.475852e-01 -1.746801e-01

-2.131450e-01  9.245335e-03 3.965677Te02 1.186122e-01 -1.401721e02 -3.936675e-02 -2.055043e01 3.241718e-02 1.871979e-02

9.372158e-01  6.716927e-01  4.867194e-01 6774557e-01  5.250073e-01 4.433457e-01 2.991620e01 4.611099e-01  2.7407&0e-01

1.642055e+00 1.253349e+00 1.335773e+01 6.187982e+00 1.191872e+01 2521409e+01 5.502005e+01 9.747807e+01 1.675150e+01

sclearn_PCA = sklearnPCA(n_components = 2)
sklearn_transf = sclearn_PCA.fit transform{data)
X = sklearn_transf;

y = data['c "1

print (X.shape)
print (y.shape)
N, d = X.shape

(284887, 2)
(2848e7,)

primt{X)
from sklearn.model_selection import train_test split
¥ _train, X test, y train, y_test = train_test split(X, y, test_size = @.6,train_size = @.3, random_state = 11)

N_train, _ = X_train.shape
N_test, = X_test.shape

primt (M_train, N_test)

85442 178885

from sklearn.linear_model import LogisticRegressioncCv
logis = LogisticRegressionCV(solver="1ibl
logis_MM_start_time = time.time()

res = logis.fit(x train, y_train)
logis MM _end_time = time.time()

y_train_predict = logis.predict(X train)
y_test predict = logis.predict(X_test)

train_predict)
test predict)

err_train = np.mean{y_train !
err_test np.mean{y_test !
print{“"main component")

print (1-err_train, 1l-err_test)

=¥
=¥_




" tree_model = DecisionTreeClassifier{max_depth = 4, criterion

tree_start_time = time.time()
clf = tree_model.fit(¥_train, y_train}
tree_end _time = time.time()

tree_traln = tree_model.predict(X_train)
tree_test = tree model.predict(x_test)

err_tree_train np.mean{y_train != tree_train)
err_tree_test np.mean{y_test 1= tree_test)

print{“"decisicn tree")
print (1-err_tree_train, 1l-err_tree_test)

decision tree
©.9985819877268791 ©.9981859145839061

swm = SVWC{kernel="poly',probability=
swm. fit(X_traim, y_train}

svm_start_time = time.time()
svm_yhat = svm.predict{x_test)
swm_end_time = time.time()

swm_train_predict = svm.predict(¥_train})
svm_test_predict = svm.predict(Xx_test)

err_svm_train np.mean{y_train != svm _train_predict)
err_svm_test np.mean{y_test != svm test predict)
primt{"svm"}

print (1-err_svm_train, 1-err_svm_test)

svm
0.9934882769598889 ©.9982210253360886

c1f1 = LogisticRegressioncv()
clf? = RandomForestClassifier{n_estimators=58, random_state-=1}

voting = votingClassifier(estimators=[('1lr"', clfi}, ('rf", clf2)], voting="scft')
voting. fit{¥_train, y_train)

voting start_time = time.time()
voting yhat = voting.predict{x_test)
voting end_time = time.time()

voting train_predict = voting.predict(X_train}
voting test predict = voting.predict(X_test)

err_votinmg_traim = np.mean(y_train != woting_train_predict)
err_wvoting_test = np.mean{y_test != voting_test_predict)
print{“log reg + random forest

print (1-err_voting_train, 1-err_voting_test)

log reg + random forest
8.9984838276959888%9 0.99822182533600886

clfil LogisticRegressionCV()
clf22 LogisticRegressionCV({solver="1iblinear", max_Iiter=30288e8a)

votingl = votingClassifier(estimators=[('lr", clfil}, {("'rf', clf22)], voting="soft")
votingl.fit({X train, y_train)

votingl_ start_time = time.time()
votingl yhat = votingl.predict(X_test)
votingl end_time = time.time()




from sklearn.tree import plot_tree
plt.figure({figsize=(18,18)})
plot_tree{clf, filled= )
plt.show()

X=np.array({¥_train}
Y=np.array{y_train)

fprPcaA, tprPCA, thresholds = roc_curve(y_train, logis.predict_proba{X_train)[:, 1])
roc_aucPCa = aucl{fprrPca, tprPCA)

fprTree, tprTree, thresholdsTree = roc_curve(y_train, tree_model.predict_proba(X train)[:, 1]}
roc_aucTree = auc{fpriree, tpriree)

fprovm, tprswvm, thresholdssvm = roc_curve(y_train, svm.predict_preoba(¥_train)[:, 1])
roc_aucsvm = auc{fprsvm, tprsvm)

fprvoting, tprvoting, thresholdsvoting = roc_curve(y_train, voting.predict_proba{X_train)[:, 1])
roc_aucvoting = auc(fprvoting, tprvoting)

fprvotingl, tprvotingl, thresholdsvotingl = roc_curve(y_train, votingl.predict proba(X_train)[:, 1]}
roc_aucvotingl = auc(fprvotingl, tprvotingl)

plt.subplots{figsize = (18,5))

plt.plot(fprveting, tprvoting, label="MeTOn AH 3 Oepe (nnoy Xa.2f)" ¥ roc_aucvoting)
plt.plot(fprvotingl, tprvotingl, AHL E 7 D amy {naowa = %8.3F)" ¥ roc_aucvotingl)
plt.pleot(fprrca, tprrPCA, label="MeTo X K ( L3F) " X roc_aucPCA)
plt.plot(fprTree, tprTree, label EEd = 8.3 % roc_aucTree)
plt.plot(fprsvm, tprsvm, label-="» vm - 2f)" ¥ roc_aucsvm)

plt.plet([e, 1], [, 1], 'k--)

plt.xlim([@.8, 1.8])

plt.ylim([@.8, 1.8])

plt.xlabel{ 'CneundiunicTe')

plt.ylabel( "HyT ")

plt.legend({loc="1ow right")

«matplotlib.legend.Legend at 8x7fabsd253eb8>

o X = data.drop(('class'), axis=1)
y = data[ 'class']
. train, X test, y_train, y_test = train test split(x, y, test size = @.2, train size = @.2, random_state = 11)

logis_all_start time = time.time()
res = lopis.fit(x_train, y_train)
logis_all end_time = time.time()}

y_train_predict = lngis.pr‘edict{):_trainﬂ
y_test _predict = logis.predict(x_test}

y_test_predictl = logis.predict proba(X_test)
print{np.concatenate({np.transpose([y_test_predict[:1e]]), y_test predicti[:1e],np.transpose{[np.array(y_test[:18])]1)},axis=1})




o err_train = np.mean{y_train != y train_predict)
err_test np.meanijy_test I= y_test_pr‘edict}|
print({'all Train: ', 1l-err_train, 'Test: ', 1-err_test)

all Train: @.999230289265989 Test: ©.9998519995786665

fprall, tprall, thresholds = roc_curve(y_train, logis.predict_proba{X_train)[:, 1])
roc_aucAll = auc(fprall, tprall)

plt.subplots{figsize = (18,5))

plt.plot(fprvoting, tprvoting, label="M 4 A (nnowa 3" ¥ roc_aucvoting)
plt.plot(fprvotingl, tprvotingl, label="V A AHCI i iame {maowa = %B.3F)" X roc_aucvotingl)
plt.plot({fprTree, tprTiree, label-='MeTon a pi { nAcwa % roc_aucTree)

plt.plot{fprsvm, tprsvm, label="MeTog Svm (nAcwWS 2} % roc_aucsvm)

plt.plot(fprall, tprall, label="¥ci kpuTe 3 %2.3f)" % roc_aucall}

plt.plot(fprrca, tprrca, label="Mme g (nnoma = ¥8.3f)" ¥ roCc_aucPCA)

plt.pl{:‘t([a, 1]: [9, 1]: K-~ }
plt.xlim{[e.8, 1.8])
plt.ylim{[@.8, 1.8])
plt.xlabel({"Cne i

plt.ylabel{ "4y
plt.legend(loc=

<matplotlib. legend.Legend at ex7fabSe4632ba>

A 3 pErpecinmm (N
0 pepess papeHHsinnows = 0

res = lopgis.fit(X_train, y_train)
y_train_predict = logis.predict({X train)
y_test_predict = logis.predict(X_test)

logis_2main_filter start_time = time.time()

columns = np.array(X_train.columns)
fimalErrTrain = 8.5
for 1 in range (X _train.shape[1]):
for j in range({i+1,X train.shape[1]):
res = logis.fit{xX train[columns[[i,311]1, v_train)
y_train_predict = logis.predict(X_traim[columns[[1,7111)
err_train = np.mean(y_traim != y train_predict)
print(err_train)
if finalErrTrainxerr_train :
cTemp = X_train[columns[[i,311]
finall
finall
finalErrTrain = err_train

logis_2main_filter end time = time.time()




usedcriterias=[]

usedCriterias = np.append(usedcriterias,columns[[finalI,finala]])
removedColumns = np.delete(columns,[finalI,finall])
print{usedcriterias)

print{removedColumns)

[*A13* "A15']

["A1" 'A2" 'A3" 'A4' "AS' "Ag" 'A7' 'AS' 'A9' 'Ale' 'A11' 'A12" 'A1a’
"A16' "A17' "A18' 'A19' 'A28" 'A21' "A22' 'A23' 'A24" 'A25' 'A2G" 'A27"
A28 "A29' "A3z@']

logis main2_start_time = time.time()
res = logis.fit(X_train[usedCriterias], y_traim)
logis main2_end time = time.time()

y_test predict = logis.predict({X_test[usedCriterias])
err_test = np.mean({y_test != y test predict)
print{'two main Train: ', 1-fipalErrTrainm, 'Test: ', 1-err_test)

y_test_predictl = logis.predict_proba{X_test[usedCriterias])
print{np.concatenate((np.transpose([y_test_predict[:18]]), y_test predicti[:1e],np.transpese{[np.array(y_test[:18])])},axis=1}}

8.9992275416513852 Test: @.9988237772550121
9.99748224€-81 2.51776287c-84 ©.00008008c+80]
9.99733659e-81 2.66341427e-84 ©.00008860e+08]
.80000860e+00 9.99693845e-81 3.86955408e-84 0.00000008E+00]
.80000000£+00 9.99613826e-01 3.86174348e-84 0.00000000E+00]
.Be808ae8e+88 9.993814985e-01 1.85895448c-84 0.80000080¢+08 ]
.Be808ae8e+88 9.99558388e-01 4.496921856-84 0.82000080¢+08 ]

9 1 e

9 b e

9 1 e

9 E] e

main Train:
. BB800006c +08
. Bebeoeate+00

. BE808888e+80 9.99385875e-81 1.9492537%e-84 B.80000880e+08 ]
. B2p0aeeae+00 ]
. BBp0aG6ee+08 ]
-eBpoeesac+ae] ]

-99364435e-81
-92862534e-81
-96854522e-81

-35565867e-84
-37466235e-84
-94547827e-83

- BeBeo0ate +00
- BeBeo0ate +00
- Bebaooate +00

logis_step filter_start time = time.time()

for i in range (48):
b = cTemp
updated = @
for i in range (removedColumns.shape[e]):
a = np.array{X_train[removedColumns[[1]]1)
€ = np.concatenate(({b,a),axis = 1}
res = logis.fit(c, y train}
y_train_predict = logis.predict{c)
err_train = np.mean{y_train != y train_predict)
if fimalErrTrainzerr_train :
finall = 1
finalErrTrain = err_train
cTemp = ¢
updated =
if updated ==

al
:H

usedCriterias = np.append({usedCriterias,removedColumns[finalI])
removedColumns = np.delete{removedColumns,finall)

logis_step_filter end time = time.time()

print{usedcriterias)
print(removedColumns )

['A12" "A1S' "A22' "A12"]
[*A1" "A2" "A3" 'A4" "AS' "AG' 'A7' 'AZ" 'A9' "A18' 'A11' 'Al2' "A14’
"A19" 'A21' 'A23' "A24" 'A25" "AZE" "A27" 'A28" 'A29°

logis_step start time = time.time()
res = legis.fit(X_train[usedCriterias], y_train)
logis_step end_time = time.time()

y_train_predict = logis.predict{X_train[usedCriterias])

y_test _predict = logis.predict{X test[usedCriterias])

err_train = np.mean{y_train != y train predict)

err_test = np.mean(y_test |= y test predict)

primt({" most valued Trai 'y 1-err_train, 'Test: ', 1l-err_test)
y_test_predicti - logis.predict proba(X_test[usedcCriterias])

primt{np.concatenate({np.transpose([y_test predict[:18]]), y_test predicti[:1e],np.transpose{[np.array(y_test[:18])])),axis=1})




logis.fit(x_train[usedcriteri train)

train, logis.predict proba(x_train[usedCriteria

logis.predict p rain[usedCriterias[[e,1]1]1]1)[:, 1]}

.plot(fprrca, tpreca, label=
.plot{fprTwoMain, tprT 1

¥ci kpuTepa (nAcwa = 0.968)

MaTon rosoBHMY KOMRGHERT (naowas = 0.591)
DEd nanGinsw BNAMSGET KPUTEDI (NAows = 0 957)
Moxpoross perpecia (nnowa = 0°959)

Metan Ancambing (Rnows = 1 .000)

MeTon AncamBng 3 perpecinmm (nnows = 0 597}
MeTon gepess pawedsinaous = 0. 784)

MeTon Svm (naowa = 0 592)




BIJIOMICTh ATECTAIIIMHOT POBOTH

[To3HauenHs HaiimenyBanns Hon.
B1JOMOCTI
TekcToB1 TOKYMEHTH
1 ITosicHIOBaJIbHA 3aITCKa 76 c.
2 [Ipe3eHTaniitnuii Mmatepiain 27 c.
[H1111 HOKYMEHTH
3 Po3nipykiBku nporpam 19 c.
4 Penensis 2c.
5 Biaryk kepiBHHKa 1c.
3aCT00yBaHHﬂ MeTO)]iB MAIIUMHHOI'O HABYAHHSA
I OIIiHlOBaHHﬂ KPE€AUTHUX pI/I3PlKiB
3min | Apk. Homep noxkym. Hign. | darta
Po3po6. Konosanos B.C. (Tema po6oTn) Apkym | ApxkywiB
Iepesip. Madkina H.B. Binomicts
H. kourp. |Cumopor M.B. arecrauiiHol XHYPE
3ars. Tessimen A.Jl. podoTu Kadeapa IIM




