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K1

20000
120000
Q0000
50000
50000
50000
500000
100000
144000
20000
200000
260000
630000
0000
250000
50000
20000
320000

x2
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4
L
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X5

24
26
4
37
57
37
29
23
28
33
34
51
41
30
29
23
24
49

iG]

X7

iG]

X9 10 11 K12

B

2 3013
2 2682
0 20239
0 46990
0 8617
0 64400
0 367965
-1 11876
0 11285
-1
1
2
1
2
0
0
2
1

[ ile e BL = R e R )

0
11073
12261
12137
65802
T0esT
50614
15376

253286

[
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*®13
3102
1725
14027
45233
5670
57069
412023
380
14096
0
9787
21670
6500
£7369
57060
29173
18010
246536

K14
689
2682
13559
49291
35835
57608
445007
601
12108
0
5535
9966
6500
65701
63361
28116
17428
194663

¥15
0
3272
14331
28314
20940
19394
542653
221
12211
0
2513
8517
6500
B6752
59696
28771
18338
0074

Xl6
0
3455
14943
28959
19146
19619
483003
159
11793
13007
1828
22287
6500
36137
6875
29331
17905
5856

K17
0
3261
15549
29547
19131
20024
473944
567
3719
13912
3731
13668
2870
36894
55512
30211
19104
195599

ERIZRIR : UCI machine learning
http://archive.ics.uci.edu/ml/datasets/
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http://archive.ics.uci.edu/ml/datasets/default+of+credit+card+clients?fbclid=IwAR1rRoORDwnzIRpFHDIdcJOAAmNhLSvvEw_Gqpn1nHC8x2UqdVDjKCrtmqs
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from sklearn.preprocessing import MinMaxScaler

import pandas as pd

data = pd.read_csv('original.csv’) VIR AT

scaler = MinMaxScaler(feature_range=(-1, 1)) EE e E -1 E 2R
data_norm= scaler.fit_transform(data)

print(data_norm)

_—
== 5

import csv I LIEETEN S icsv i
data_norm = pd.DataFrame(data_| norn)
data_ _norm.to_csv('data_norm.csv',index = False)

® (FEHEMinMaxScalerE4t
® EERESHHBERSIE-12I12RE

O TEenEsANBURRERBY
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X = np.array(data.ix[:, data.columns !=
y = np.array(data.ix[:, data.columns ==
print('Shape of X: {}'.format(X.shape))
print('Shape of y: {}'.format(y.shape))

—
—

<<

from imblearn.over_sampling import SMOTE

from sklearn.model_selection import train_test_split

X_train, X_test, y train, y_test = train_test split(X, y, test_size=8.3, random_state=0)
print("Number transactions X_train dataset: ", X_train.shape)

print(“Number transactions y_train dataset: ", y_train.shape)

print("Number transactions X_test dataset: ", X_test.shape)
print(“Number transactions y_test dataset: ", y_test.shape)

EFASMOTEE
B ERME S A30%E - 70%3IR T (B

N

MIRES16304% - BRIEE

16000

14000 A

12000

Frequency

6000 1

4000

2000 1

Fraud class histogram

10000 ~
8000 1

Fraud class histogram

16000 -
14000
12000 A
10000 A
8000

Frequency

6000 4

4000 4

2000
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tr = RandomForestClassifier()
fit = tr.fit(X, y)

importances = forest.feature_importances_

std = np.std([tree.feature_importances_ for tree in forest.estimators_],
axis=0)

indices = np.argsort(importances)[::-1]

print("Feature ranking:")

for f in range(X.shape[1]):
print("%d. feature %d (%f)" % (f + 1, indices[f], importances[indices[f]]))

161715211819207 2 810 9 3 1

plt.figure()

plt.title("Feature importances”)

plt.bar(range(X.shape[1]), importances[indices],
color="b", yerr=std[indices], align="center")

plt.xticks(range(X.shape[1]), indices)

plt.xlim([-1, X.shape[1]])

plt.show()

Feature ranking:
7 feature 5 (e.egsesam
feature 4 (@.866378)
feature @ (0.065619)
feature 6 (8.058899)
feature 11 (@.050399)
feature 12 (8.846844)
feature 22 (@.246461)
. feature 13 (0.845059)
feature 14 (8.844771)
feature 16 (@.044064)

data=df.iloc[:,indices[@:10]]
print('Selected Features:','\n',data.columns,'\n’,data)

O 01~ AW R

@

fFFARandomForestClassifierE % ‘ ‘
REBFZELIOEEZE M 13 Tenture 21 \o.oas0)

14. feature 18 (@.842169)
15. feature 19 (@.@42101)
16. feature 28 (8.848959)
“ 17. feature 7 (@.033914)
s == S KL
O %j( J="lr$ ﬂﬁ(&ﬁ 2 %& 18. feature 2 (8.832599)
° T}Jﬁ = 7 ;E MEE 132 2K 5% 19. feature 8 (2.230316)
20. feature 1@ (8.829439)
21. feature 9 (@.828565)
22. feature 3 (8.021776)
23, feature 1 (@.911585)
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SVM

Smote

30%Rl5 ~ 70%:I4R B
ftloversampling

Random Forest

slAEE
FNFER 45 R AHRE
AR LO1E & 14

fFEIEEH

Confusion matrix
R BB FEREAS
ERE - BEE

BE s

SVM kernel

LAB@E - 15
kernelz& & rbf



s> SVM

import pandas as pd

dfl = pd.read_csv("data_selected.csv")
dfl.head()

df1l.shape

X = dfl.drop('Y", axis=1)

y = df1['Y"]

from sklearn.model_selection import train_test_split
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = @.30)

from sklearn.svm import SVC
svclassifier = SVC(kernel="rbf")
svclassifier.fit(X_train, y_train)

y_pred = svclassifier.predict(X_test)
from sklearn.metrics import classification_report, confusion_matrix

print(confusion_matrix(y_test,y_pred))
print(classification_report(y_test,y_pred))

SWM ERME  SIER
iR R 0.8l 0.78
aeEg 0.8 0.79

© srstErErst
© somsEssnssssrcis



> KNN(K3a5l 53 %8)
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> KNN-1£3Y

scaler = StandardScaler() =& {8y n i at
scaler.fit(df.drop( 'Y ,axis=1))
scaled_features = scaler.transform(df.drop('Y",axis=1))

for i in range(1,30): #/FFHEr GIRE WEETIK w3l EB0G T

knn = KNeighborsClassifier(n_neighbors=1i)
knn.fit(X_train,y_train)

pred_i = knn.predict(X_test)
error_rate.append(np.mean(pred_i != y_test))

¢ = 5T gy - -
-4

plt.figure(figsize=(10,6))

plt.plot(range(1,3@),error_rate,color='blue’, linestyle='dashed', marker='o',
markerfacecolor="red', markersize=10)

plt.title('Error Rate vs. K Value')

plt.xlabel('K")

plt.ylabel('Error Rate')

4y

knn = KNeighborsClassifier(n_neighbors=26) & &/ 5@ 0 5 o= FSconfusic Efix P A (S T

knn.fit(X_train,y train)
pred = knn.predict(X_test)

print({'WITH K=26")

print('\n")
print(confusion matrix(y test,pred))
print('\n")
print(classification report(y test,pred))
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KNN
PR A
HEGEH

EHRLE HERL
0.813 0.813
0. 823 0. 893

© K=20%& - SEREARNE
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> MLP

® Ty AJi b it e

OO mp ©70°6
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S MLP-#E2E 1T

ZEE =8 - ZA10EM®L&TT
A %{300 * B572160.000001

® EEAXBsqd(FEMEE FEZE)

\ =t _ \ N s e _EE_ “‘_EE_
BB IO LB HtolE - 5EE ﬁﬁ:};& Ofﬁ ﬁo ;fgt
=300 R h 45 502 4t : - .

HEcE®E 0,817 0. 777

from sklearn.model_selection import train_test_split
from sklearn.metrics import accuracy_score
from sklearn.metrics import confusion_matrix

y = data["Y"]
x = data.drop(['Y"], axis=1)

x_train, x_test, y_train, y_test = train_test split(x,y, test_size= 8.3, random_state=8)

clf = MLPClassifier(hidden_layer_ sizes=(1@,18,18), max_iter=380, alpha=0.0001,
solver='sgd’, verbose=2, random_state=1,tol=0.0202000001)

clf.fit(x_train, y_train)
y_pred = clf.predict(x_test)



s> BPN

® MLP+EBP(BIEIEE H)%) = BPN (B M 48 5%)
o HHMEA - MEGE

WA RWE  WUE ., GE(AERA)
AlREREERL . STEEREEHIEE

s MEB(AEZRLET) :
Rigir = BEHAEESE
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> BPN-1&EEIEIT

® fFEHEMatlab
® BEERDATO%IGHE « 30%RIHE - B 15%5EE
O HBRPEETY

Hidden Layer Output Layer

Input __ Output
23 1

10 1




s> BPN-%&

Training Confusion Matrix Validation Confusion Matrix 1 ANy ROC 1 aldetionROC
of 1510 2945 84.1% of 327 658 83.4% ROC E 2? .
73.9% 14.0% 15.9% 73.3% 14.6% 16.6% & oie = D wK .
g 8 : £
k] = 0 06 0 06 [ == 2 4 [EE ==
Slse |wn | Sflm | s fon| £ - TBRIEEEEER
A 4.0% 8.0% 33.5% 2 3.9% 8.2% 32.3% £ g o P
: g 5 04 g 04
2 = =1 S
¢ s : : SRASERNBER(ES
94.8% 36.4% 81.9% 94.9% 35.9% 81.5% 02 02 SZ_ /)y nv. ==
5.2% 63.6% 18.1% 5.1% 64.1% 18.5%
: 0 45 .
o N Q N G024 0'6 0.8 R RS L T e e .
Target Class Target Class False Positive Rate False Positive Rate
—++ ﬁnz F Bkt 144 =
Test Confusion Matrix All Confusion Matrix : Test ROC ; All ROC ° E E I%]? 1H;H ]Iill = 1%7? N
of 4 618 B4.4% of 22157 222 B4.0%
7a2% | 138% | 1s.6% 738% | ta1% | 0w e o5 2? —F E < Q [E iE
. ! >
w w o o3 ,
8 8 3 5 EE n. /. t ; : X
O = 358 66.3% o, 1207 2414 66.7% g0 T
H 4.0% 8.0% 33.7% H 4.0% 8.0% 33.3% 5 g S . [E
3 3 e
s s e A N TE =1 z2
94.8% 36.6% 82.2% 94.8% 36.4% 81.9% = =
5.2% 63.4% 17.8% 5.2% 63.6% 18.1% 02 0.2 i
TS
© N o S 0 0 o =
Target Class Target Class 0 02 04 06 08 1 0702 o4 ioe oat
False Positive Rate False Positive Rate

BPN ERL &R

FEAS# 82.2 81.3

FREE 81.9 81.9
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SVM MLP KNN BPN
PR HH% 0. 81 0.817 0.813 0.822
FHEGEIR 0. 81 0.817 0.823  0.819

O AETHEERETHRL
O FEREYE  BPNEE
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THE END




