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(2)

Decision Tree Classifier

Bel S Al ARESE E2J9] F|Of Zlol& 304 107HR] & 871
= Ajg3ion], BaE AL Gini F4% AL RUe s
10419 Zlolz2 2AS stde O A&=s 0.7682 7M =7
<1 8>2 kS Al(training set), A% Al(validation set)o.& &F
Azgrolct

DecisionTreeClassifier(max_

precision

] 0.5531
i 0.7585

accuracy
macro avg
weighted avg

0.6558
0.6587

DecisionTreeClassifier(max_

precision

] 0.5656
d 0.8577

accuracy
macro avg
weighted avg

0.7117
0.7158

DecisionTreeClassifier(max_

precision

] 0.5776
1 0.8609

accuracy
macro avg
weighted avg

0.7193
0.7233

DecisionTreeClassifier(max_

precision

0 0.7425
i 0.6262

accuracy
macro avg
weighted avg

0.6844
0.6827

depth=3, random_state=1)
recall fl-score support

0.8927
0.3184

0.6830
0.4485

8277
8760

0.5974
0.5657
0.5624

17037
17037
17037

0.6055
0.5974

depth=4, random_state=1)
recall fl-score support

0.9448
0.3145

0.7076
0.4602

8277
8760

0.6207
0.5839
0.5804

17037
17037
17037

0.6296
0.6207

depth=5, random_state=1)
recall fl-score support

0.9401
0.3505

0.7156
0.4981

8277
8760

0.6369
0.6068
0.6038

17037
17037
17037

0.6453
0.6369

depth=6, random_state=1)
recall fl-score support

0.4644
9.8478

0.5714
0.7204

8277
8760

0.6616
0.6459
0.6480

17037
17037
17037

0.6561
0.6616

DecisionTreeClassifier(max_depth=7, random_state=1)

precision

'] 0.6088
i 0.8603

accuracy
macro avg
weighted avg

0.7346
0.7381

recall fl-score

0.9246
0.4387

0.7342
0.5811

0.6748
0.6576
0.6555

0.6817
0.6748

support

8277
8760

17037
17037
17037

DecisionTreeClassifier(max_depth=8, random_state=1)

precision

'] 0.7550
i 0.6903

accuracy
macro avg
weighted avg

0.7227
0.7218

recall fl-score

0.6147
0.8115

0.6777
0.7460

0.7159
0.7119
0.7128

9.7131
0.7159

support

8277
8760

17037
17037
17037

DecisionTreeClassifier(max_depth=9, random_state=1)

precision

] 0.8002
1 0.7038

accuracy
macro avg
weighted avg

0.7520
0.7506

Dec151onTreeC13551fler(max

Precision

0 0.6724
a 0.9574

accuracy
macro avg
weighted avg

0.8149
0.8189

recall fl-score

0.6198
0.8538

0.6985
0.7716

0.7401
0.7351
0.7361

0.7368
0.7401

_random_

TISSTUTE

depth—lw

Tecacy

0.9740 0.7956
0.5516 .6999

. 7568
L1475
. 7464

0.7628

support

8277
8760

17037
17037
17037

state=1)

SUppUTC

8277
8760

17037
17037
17037

<72 8> Decision Tree

(3) Random Forest Classifier

oo k& A] sto]lm m2to]lE n_estimators, max_featuresg 1l2ist
ATt n_estimators= treef] 7j4E 9lOlst= Zlo =2 hofA] 507HX] 59]
32 5 10579 0] 122 Sastolch B3, 40 2¥S e
A2qsfjof a log2’
714 "auto"9]

9] featurese=

st features (n_estimators)= ‘auto’.

o
=
rt’

featuresg+= sqrt(n_features)o]® ‘sqr

log2’, log2(n_features) ojty. A<

29



n_estimators=25, max_features='auto’ = 3}

= U <3

2 84e 3 2

=

RandomForestClassifier(n_estimators=5, random_state=123)

precision

4 P>=

(training set),

2 I A& 09112 714

A5 Al(validation set)©

RandomForestClassifier(n_estimators=15, random_stat

recall fl-score support precision  recall fl-score support
[} 0.8921  0.9015  0.8968 8277 [} 0.8973  0.9164  0.9068 8277
1 0.9060  0.8969  0.9014 8760 1 0.9194  0.9009  0.9101 8760

accuracy 0.8992 17037 accuracy 0.9084 17037
macro avg 0.8990 0.8992 0.8991 17037 macro avg 0.9083 0.9087 0.9084 17037
weighted avg 0.8992 0.8992 0.8992 17037 weighted avg 0.9087 0.9084 0.9085 17037

RandomForestClassifier(max_features='log2', n_estimators=5, random_state=123) RandomForestClassifier(max_features='log2', n_estimators=15, random_state=123)
precision  recall fl-score support precision  recall fl-score support

] 0.8860 0.9001 9.8930 8277 o 0.8942 0.9097 0.9019 8277
a 0.9041 0.8905 0.8973 8760 a 0.9133 0.8983 0.9057 8760

accuracy 0.8952 17037 accuracy 0.9039 17037
macro avg 0.8951 0.8953 0.8951 17037 macro avg 0.9037 0.9040 0.9038 17037
weighted avg 0.8953 0.8952 9.8952 17037 weighted avg 0.9040 0.9039 0.9039 17037

RandomForestClassifier(n_estimators=19, random_state=123) RandomForestClassifier(n_estimators=20, random_state=123)
precision ~ recall fl-score support precision ~ recall fl-score support

0 0.8891 0.9259 0.9071 8277 0.9229 0.9080 8277
1 0.9272 0.8909 9.9087 8760 .92 0.8961 0.9103 8760

accuracy 0.9079 17037 accuracy 0.9091 17037
macro avg 0.9081 0.9084 0.9079 17037 macro avg 0.9092 0.9095 0.9091 17037
weighted avg 0.9087 0.9079 0.9079 17037 weighted avg 0.9096 0.9091 0.9092 17037

RandomForestClassifier(max_features='log2', n_estimators=10, random_state=123) RandomForestClassifier(max_features='log2', n_estimators=20, random_state=123)
precision  recall fl-score support precision  recall fl-score support

o 0.8797 0.9194 0.8991 8277 o 0.8892 0.9193 0.9040 8277
1 0.9205 0.8812 0.9004 8760 1 0.9212 0.8918 0.9063 8760

accuracy 0.8997 17037 accuracy 0.9051 17037
macro avg 0.9001 0.9003 0.8997 17037 macro avg 0.9052 0.9055 0.9051 17037
weighted avg 0.9006 0.8997 0.8998 17037 weighted avg 0.9057 0.9051 0.9052 17037

RandomForestClassifier(n_estimators=25, random_state=123) RandomForestClassifier(n_estimators=35, random_state=123)
precision  recall fl-score support precision  recall fl-score support

o 0.9020 0.9184 0.9101 8277 o 0.8987 0.9177 0.9081 8277
1 0.9216 0.9057 0.9136 8760 1 0.9207 0.9023 0.9114 8760

accuracy 9.9119 17037 accuracy 0.9098 17037
macro avg 0.9118 0.9121 17037 macro avg 0.9097 0.9100 0.9098 17037
weighted avg 0.9121 0.9119 0.9119 17037 weighted avg 0.9100 0.9098 0.9098 17037

RandomForestClassifier(max_features='1l0og2', n_estimators=25, random_state=123) RandomForestClassifier(max_features="'1l0g2" estimators=35, random_state=123)
precision recall fl-score support precision recall fl-score support

0 0.8955 0.9118 0.9036 8277 0 0.8934 0.9141 0.9036 8277
1 0.9152 0.8994 0.9072 8760 1 0.9170 0.8969 0.9069 8760

accuracy 0.9054 17037 accuracy 0.9053 17037
macro avg 0.9053 0.9056 9.9054 17037 macro avg 0.9052 0.9055 0.9052 17037
weighted avg 0.9056 0.9054 9.9055 17037 weighted avg 0.9055 0.9053 9.9053 17037

RandomForestClassifier(n_estimators=3@, random_state=123) RandomForestClassifier(n_estimators=4@, random_stat:
precision  recall fl-score support precision  recall fl-score support

o 0.8959 0.9204 9.9080 8277 o 0.8953 0.9204 0.9077 8277
228

1 0.8990 0.9107 8760 1 0.9227 0.8983 0.9103 8760
accuracy 0.90%4 17037 accuracy 0.9090 17037
macro avg 0.9093 0.9097 0.9094 17037 macro avg 0.9090 0.9093 0.9090 17037
weighted avg 0.9097 0.9094 0.9094 17037 weighted avg 0.9094 0.9090 0.9090 17037

RandomForestClassifier(max_features='log2', n_estimators=30, random_state=123) RandomForestClassifier(max_features='log2', n_estimators=4, random_state=123)
precision  recall fl-score support precision  recall fl-score support

] 0.8910 0.9187 0.9046 8277 ] 0.8908 0.9176 0.9040 8277
a 0.9209 0.8938 0.9071 8760 a 0.9199 0.8937 0.9066 8760

accuracy 09.9059 17037 accuracy 0.9053 17037
macro avg 0.9059 0.9063 0.9059 17037 macro avg 0.9053 0.9057 0.9053 17037
weighted avg 0.9064 0.9059 9.9059 17037 weighted avg 0.9057 0.9053 0.9053 17037

<13 9> Random Forest st&52At

(4) Logistic Regression Classifier
oo k& 2] stoln ui2lulE penalty, C ¥ class_weight2 12{5}%

C}. penalty= ‘117, 12°, mr2lolg ‘C': A sHregularization)?] &2
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AN ol

5= Z1o=2 = 571X Z40.01, 0.1, 1, 10, 100)o.z sh53itt. class
715RE v S AFE510] n_samples / (n_classes * np.bincount(y))=
UH dolHe ZdA ¥leo] vh|YskE VHEAlE Ateo® 27dshs
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o|>l _Ik‘,L ﬂJlo

LogisticRegression(C=0.01, penalty='11', random_state=2072, solver='liblinear') LogisticRegression(C=1, penalty='11', random_state=2072, solver='liblinear')
precision recall fl-score support precision recall fl-score support

0 0.5764 0.5895 0.5828 8277 0 0.6545 0.5845 0.6175 8277
1 0.6036 0.5906 0.5970 8760 1 0.6434 0.7084 0.6744 8760

accuracy 0.5901 17037 accuracy 0.6482 17037
macro avg 0.5900 0.5901 0.5899 17037 macro avg 0.6490 0.6465 0.6460 17037
weighted avg 0.5904 0.5901 0.5901 17037 weighted avg 0.6488 0.6482 0.6468 17037

LogisticRegression(C=0.01, class_weight='balanced', penalt: LogisticRegression( » Class_weight='balanced', penalty="11',
random_state=2072, solver='liblinear') random_state=2072, coLverJllblmear )
precision  recall fl-score support #1ocoarn

0 0.5764 0.5895 0.5828 8277 0 0.6508 0.6034 0.6262 8277
1 0.6036 0.5906 0.5970 8760 1 0.6494 0.6941 0.6710 8760

accuracy 0.5901 17037 accuracy 0.6500 17037
macro avg 0.5900 0.5901 0.5899 17037 macro avg 0.6501 0.6487 L0450 17037
weighted avg 0.5904 0.5901 0.5901 17037 weighted avg 0.6500 0.6500 0.6492 17037

LogisticRegression(C=0.1, penalty='11', random_state=2072, solver='liblinear') LogisticRegression(C=10, penalty='11', random_state=2072, solver='liblinear')
precision  recall fl-score support precision  recall fl-score support

0 0.6363 0.6058 0.6207 8277 0 0.6557 0.5816 0.6164 8277
1 0.6437 0.6728 0.6579 8760 1 0.6428 0.7114 0.6754 8760

accuracy 0.6403 17037 accuracy 0.6484 17037
macro avg 0.6400 0.6393 0.6393 17037 macro avg 0.6492 0.6465 0.6459 17037
weighted avg 0.6401 0.6403 0.6398 17037 weighted avg 0.6491 0.6484 0.6467 17037

LogisticRegression(C=0.1, class_weight='balanced', penalty='11', LogisticRegression(C=10, class_weight='balanced', penalty=
random_state=2072, solver='liblinear') random_state=2072, solver='liblinear')
precision  recall fl-score support precision  recall fl-score support

[ 0.6363 0.6116 0.6237 8277 [ 0.6507 0.5972 0.6228 8277
" 0.6460 0.6697 0.6577 8760 " 0.6468 0.6970 0.6710 8760

accuracy 0.6415 17037 accuracy 0.6485 17037
macro avg 0.6412 0.6407 0.6407 17037 macro avg 0.6487 0.6471 0.6469 17037
weighted avg 0.6413 0.6415 0.6412 17037 weighted avg 0.6487 0.6485 0.6476 17037

LogisticRegression(C=100, penalty='11', random_state=2072, solver='liblinear') LogisticRegression(C=8.1, random_state=2072, solver='liblinear")
precision recall fl-score support precision recall fl-score support

o 0.6562 0.5805 0.6160 8277 [ 0.4858 0.9990 0.6537 8277
1 0.6426 0.7126 0.6758 8760 1 0.5000 0.0009 0.0018 8760

accuracy 0.6484 17037 accuracy 0.4858 17037
macro avg 0.6494 0.6465 0.6459 17037 macro avg 0.4929 0.5000 0.3278 17037
weighted avg 0.6492 0.6484 0.6467 17037 weighted avg 0.4931 0.4858 0.3185 17037

LogisticRegression(C=10@, class_weight='balanced', penalty='11', LogisticRegression( .1, class_weigh alanced', random_state=2072,
random_state=2072, solver='liblinear') solver='liblinear')
precision  recall fl-score support precision  recall fl-score support

[ 0.6507 0.5972 0.6228 8277 [ 0.4857 9.9993 0.6537 8277
i 0.6468 0.6970 0.6710 8760 i 0.3333 0.0003 0.0007 8760

accuracy 0.6485 17037 accuracy 0.4856 17037
macro avg 0.6487 0.6471 0.6469 17037 macro avg 0.4095 0.4998 0.3272 17037
weighted avg 0.6487 0.6485 0.6476 17037 weighted avg 0.4074 0.4856 0.3179 17037

LogisticRegression(C=0.81, random_state=2072, solver='liblinear') LogisticRegression(C=1, random_state=2072, solver='liblinear')
precision  recall fl-score support precision  recall fl-score support

0 0.4858 0.9990 0.6537 8277 0 0.4858 0.9990 0.6537 8277
1 0.5000 0.0009 0.0018 8760 1 0.5000 0.0009 0.0018 8760

accuracy 0.4858 17037 accuracy 0.4858 17037
macro avg 0.4929 0.5000 0.3278 17037 macro avg 0.4929 0.5000 0.3278 17037
weighted avg 0.4931 0.4858 0.3185 17037 weighted avg 0.4931 0.4858 0.3185 17037

LogisticRegression(C=0.01, class_weight='balanced', random_state=2072, LogisticRegression(C=1, class_weight='balanced', random_state=2072,
solver="liblinear') solver="liblinear')
precision recall fl-score support precision recall fl-score support

[ 0.4857 9.9993 0.6537 8277 [ 0.4857 09.9993 0.6537 8277
a 0.3333 0.0003 0.0007 8760 a 0.3333 0.0003 0.0007 8760

accuracy 0.4856 17037 accuracy 0.4856 17037
macro avg 0.4095 0.4998 0.3272 17037 macro avg 0.4095 0.4998 0.3272 17037
weighted avg 0.4074 0.4856 0.3179 17037 weighted avg 0.4074 0.4856 0.3179 17037

<33 10> Logistic Regression sh&7Z 1t
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(5) K-Nearest Neighbors Classifier

ool shS Al Shojm| mf2fulE n_neighbors, weights& 112{3%ITY.
o]9.0] & 108E 607 59 wiaz & 107HA]2 Sh&dict ®&, 7
Ale ol20] 715AS SL6l ol ‘uniform'T A2o] @42 J1EAR
Hojst= 'distance's Arg83itt. wdS sHSSH ZAn; n_neighbors=15,
weights="distance'2 12 o A&z (0.97602 71 =7 Uit <7
11>& &5 Al(training set), A% All(validation set)o. 2 sh&5S St A3

oIt

KNeighborsClassifier(n_jobs=-1, n_neighbors=10) KNeighborsClassifier(n_jobs=-1, n_neighbors=20)
precision recall” fl-score support precision recall’ fl-score support

] 0.9505 0.9412 0.9458 8277 ] 9.9443 9.9155 0.9297 8277
1 0.9449 0.9537 0.9493 8760 1 0.9224 0.9490 0.9355 8760

accuracy 0.9476 17037 accuracy 0.9327 17037
macro avg 0.9477 0.9474 0.9475 17037 macro avg 9.9334 9.9323 0.9326 17037
weighted avg 0.9476 0.9476 0.9476 17037 weighted avg 0.9331 0.9327 0.9327 17037

KNeighborsClassifier(n_jobs=-1, n_neighbors=10, weights='distance')  KNeighborsClassifier(n_jobs=-1, n_neighbors=20, weights='distance')
precision recall” fl-score support precision recall’ fl-score support

] 0.9806 0.9718 0.9762 8277 ] 0.9831 0.9693 0.9762 8277
1 0.9736 0.9818 0.9777 8760 1 8.9714 0.9842 0.9778 8760

accuracy 0.9770 17037 accuracy 0.9770 17037
macro avg 0.9771 0.9768 0.9770 17037 macro avg 9.9772 0.9768 0.9770 17037
weighted avg 0.9770 0.9770 0.9770 17037 weighted avg 0.9771 0.9770 0.9770 17037

KNeighborsClassifier(n_jobs=-1, n_neighbors=15) KNeighborsClassifier(n_jobs=-1, n_neighbors=25)
precision recall’ fl-score support precision recall’ fl-score support

] 0.9478 0.9216 0.9345 8277 ] 0.9463 0.9007 0.9229 8277
1 0.9278 0.9521 9.9398 8760 1 9.9103 0.9517 0.9305 8760

accuracy 9.9373 17037 accuracy 0.9269 17037
macro avg 0.9378 0.9368 9.9371 17037 macro avg 9.9283 0.9262 0.9267 17037
weighted avg 0.9375 0.9373 0.9372 17037 weighted avg 0.9278 0.9269 0.9268 17037

KNeighborsClassifier(n_jobs=-1, n_neighbors=15, weight: distance') KNeighborsClassifier(n_jobs=-1, n_neighbors=25, weights='distance')
precision TECETC T I=SCOTE S UpPuTe precision recall fl-score support

] 0.9830 0.9704 0.9767 8277 ] 0.9834 0.9688 0.9761 8277
T 0.9724 0.9841 0.9782 8760 1 0.9710 0.9846 0.9777 8760

accuracy 0.9775 17037 accuracy 0.9769 17037
macro avg 0.9777 0.9773 % < 17037 macro avg 0.9772 0.9767 0.9769 17037
weighted avg 9.9775 0.9775 0.9775 17037 weighted avg 8.9770 0.9769 0.9769 17037

KNeighborsClassifier(n_jobs=-1, n_neighbors=30) KNeighborsClassifier(n_jobs=-1, n_neighbors=45)
precision recall” fl-score support precision recall” fl-score support

] 0.9334 0.8997 0.9163 8277 ] 0.9276 0.8708 0.8983 8277
1 0.9084 0.9394 0.9236 8760 1 0.8846 0.9357 0.9095 8760

accuracy 9.9201 17037 accuracy 0.9042 17037
macro avg 0.9209 0.9196 0.9199 17037 macro avg 0.9061 0.9033 0.9039 17037
weighted avg 0.9206 0.9201 0.9201 17037 weighted avg 0.9055 0.9042 0.9040 17037

KNeighborsClassifier(n_jobs=-1, n_neighbors=3@, weights='distance')  KNeighborsClassifier(n_jobs=-1, n_neighbors=45, weights='distance')
precision recall” fl-score support precision recall” fl-score support

] 0.9837 0.9681 0.9758 8277 ] 0.9827 0.9675 0.9750 8277
1 1

0.9703 0.9848 0.9775 8760 0.9697 0.9839 0.9768 8760
accuracy 0.9767 17037 accuracy 0.9759 17037
macro avg 0.9770 0.9765 0.9767 17037 macro avg 0.9762 0.9757 0.9759 17037
weighted avg 0.9768 0.9767 0.9767 17037 weighted avg 0.9760 0.9759 0.9759 17037

KNeighborsClassifier(n_jobs=-1, n_neighbors=35) KNeighborsClassifier(n_jobs=-1, n_neighbors=50)
precision recall” fl-score support precision recall’ fl-score support

o 0.9338 0.8856 0.9090 8277 ] 9.9196 0.8659 0.8919 8277
1 0.8969 0.9406 0.9183 8760 1 0.8799 0.9284 0.9035 8760

accuracy 0.9139 17037 accuracy 0.8980 17037
macro avg 0.9153 0.9131 0.9136 17037 macro avg 9.8997 0.8972 0.8977 17037
weighted avg 0.9148 0.9139 0.9138 17037 weighted avg 0.8992 0.8980 0.8979 17037

KNeighborsClassifier(n_jobs=-1, n_neighbors=35, weights='distance')  KNeighborsClassifier(n_jobs=-1, n_neighbors=50, weights='distance')
precision recall” fl-score support precision recall’ fl-score support

] 0.9832 0.9682 0.9757 8277 ] 0.9827 0.9669 0.9747 8277
1 0.9704 0.9844 0.9773 8760 1 0.9692 0.9839 0.9765 8760

accuracy 0.9765 17037 accuracy 0.9756 17037

macro avg 0.9768 0.9763 0.9765 17037 macro avg 0.9759 0.9754 0.9756 17037
weighted avg 0.9766 0.9765 0.9765 17037 weighted avg 0.9757 0.9756 0.9756 17037

<3™ 11> K-Nearest Neighbors &+&7 1}
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(6)

Linear Support Vector Classifier

oo st Al sto]m mbetulE] penalty, C X class_weight2 12{3t%
o, Zt5L Logistic Regression gt SUsHA 5to sh&S sHYich @
a2 &5 Ayl C=0.1, class_weight='balanced', penalty="11'2 3§&
O d&e 0.6500= 7P =7 ugth <I" 12> <5 Al(training
set), 4% Al(validation set)o.2 st5S st A3kgholtt.

LinearSVC(C=0.01, dual=False, penalty='11', random_state=1234)
precision recall fl-score support

LinearSVC(C=1, dual=False, penalty='11', random_state=1234)
precision recall fl-score support

0.6193
0.6763

8277
8760

L] 0.6153
al 0.6250

0.5840
0.6550

0.5993
0.6397

8277 [}
8760 1

0.6569
0.6450

0.5858
0.7108

0.6205
0.6195
0.6200

17037
17037
17037

0.6501
0.6478
0.6486

17037
17037
17037

accuracy
macro avg
weighted avg

accuracy
macro avg
weighted avg

0.6195
0.6205

0.6202
0.6203

0.6509
0.6507

0.6483
0.6501

LinearSVC(C=0.01, class_weight='balanced', dual=False, penalty='11',
random_state=1234)
precision recall

LinearSVC(C=1, class_weight='balanced', dual=False, penalty='11',
random_state=1234)

fl-score support precision recall fl-score support

L]
1

accuracy
macro avg
weighted avg

LinearsvC(C=0.1,
pre

]
1

accuracy
macro avg
weighted avg

LinearSVC(C

0.6145
0.6258

0.6202
0.6203

dual=False, penalt

cision
0.6554
0.6444

0.6499
0.6497

9.1, class_weight:

0.5877
0.6517

0.6197
0.6206
recall
0.5858
08.7090

0.6474
0.6492

random_state=1234)

e

]
1

accuracy
macro avg
weighted avg

0.6547
0.6471

0.6509
0.6508

0.5936
0.7042

0.6489
0.6505

balanced',

0.6008
0.6385

0.6206
0.6197
0.6202

u’',
fl-score

0.6187
0.6751

0.6492
0.6469
0.6477

0.6226
0.6745

0.6505
U460

0.6493

LinearSvC(C=100, dual=False, penalty='11',
precision

o
i

accuracy
macro avg
weighted avg

0.6569
0.6446

0.6507
0.6505

recall
0.5849
0.7113

0.6481
0.6499

fl-score

0.6188
09.6763

0.6499
0.6475
0.6483

8277
8760

17037
17037
17037

random_state=1234)

support

8277
8760

17037
17037
17037

dual=False,

TP

8277
8760

17037
17037
17037

random_state=1234)
support

8277
8760

17037
17037
17037

penalty="11'

]
1

accuracy
macro avg
weighted avg

LinearSvC(C=10, dual=False, penalt

0.6563
0.6452

0.6507
0.6506

precision

]
ul

accuracy
macro avg
weighted avg

0.6569
0.6446

0.6507
0.6505

0.5870
9.7095

0.6483
0.6500
recall
0.5849
0.7113
0.6481

499

0.6197
0.6758

0.6500
0.6478
0.6486

u’',
fl-score
0.6188
0.6763

0.6499
0.6475
0.6483

8277
8760

17037
17037
17037

random_state=1234)

support

8277
8760

17037
17037
17037

LinearSVC(C=10, class_weight='balanced', dual=False, penalty='11',
random_state=1234)
precision

L]
il

accuracy
macro avg
weighted avg

LinearSvC(C=0.1,

0.6565
0.6444

0.6505
09.6503

random_state=1234)

precision

]
1

accuracy
macro avg
weighted avg

LinearSv

1.0000
0.5147

0.7573
0.7504

=0.1, class_weight

recall
0.5850
0.7107
0.6479
.6496
recall
0.0019
1.0000

0.5010
0.5151

fl-score

0.6187
0.6760

0.6496
0.6473
0.6481

fl-score

0.0039
0.6796

0.5151
0.3417
9.3513

support

8277
8760

17037
17037
17037

support

8277
8760

17037
17037
17037

balanced', random_state=1234)

LinearSVC(C=100, class_weight='balanced', dual=False,
random_state=1234)

precision recall fl-score support

precision

o
i

accuracy
macro avg
weighted avg

LinearsSvC(C=0.01,

0.6565
0.6444

0.6505
0.6503

recall
0.5850
0.7107

0.6479
0.6496

fl-score

0.6187
0.6760

0.6496
0.6473
0.6481

random_state=1234)

recall

fl-score

support

8277
8760

17037
17037
17037

[}
1

accuracy
macro avg
weighted avg

Linearsvc(C=1,

1.0000
0.5147

08.7573
0.7504

0.0019
1.0000

0.5010
0.5151

random_state=1234)
precision recall

0.0039
0.6796

0.5151

0.3417
9.3513

fl-score

8277
8760

17037

17037
17037

support

precision support

]
1

accuracy
macro avg
weighted avg

1.0000
0.5147

0.7573
0.7504

0.0019
1.0000

0.5010
9.5151

0.0039
0.6796

9.5151
9.3417
9.3513

8277
8760

17037
17037
17037

LinearSVC(C=0.01, class_weight='balanced', random_state=1234)
precision

o
1
accuracy

macro avg
weighted avg

1.0000
0.5147

0.7573
0.7504

recall
0.0019
1.0000

0.5010
0.5151

<

fl-score

0.0039
08.6796

9.5151
9.3417
9.3513

2]

a

support

8277
8760

17037
17037
17037

12> Linear Support

']
a

accuracy
macro avg
weighted avg

class_weight="'balanced",

1.0000
0.5147

08.7573
09.7504

precision

accuracy
macro avg
weighted avg
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1.0000
0.5147

08.7573
0.7504

Vector

0.0019
1.0000

0.5010
0.5151
recall
0.0019
1.0000

0.5010
0.5151

0.0039
0.6796

0.5151
0.3417
9.3513

fl-score

0.0039
0.6796

0.5151
0.3417
0.3513

8277
8760

17037
17037
17037

random_state=1234)

support

8277
8760

17037
17037
17037




A% Al(validation set)o.2 wE¥ HgQ nj2tojg el &3 do| A

&7} =g metu]Eolrt,

<3 12>

F

2 A3 Al(validation set) gy 4=

ol metolE(Hyper-parameter)S #3Fich <& 13>2 ZHE 74

Model

Hyper-parameter

accuracy

Decision Tree

DecisionTreeClassifier(
max_depth=10, random_state=1)

0.7568

Random Forest

RandomForestClassifier(
n_estimators=25, random_state=123)

0.9118

Logistic Regression

LogisticRegression(

C=1,

class_weight="balanced’,

penalty='11",

random_state=2072, solver='liblinear")

0.6499

K-Nearest Neighbors

KNeighborsClassifier(
n_jobs=-1,
n_neighbors=15,
weights="distance")

0.9774

Linear Support
Vector

LinearSVC(

C=0.1,

class_weight="balanced’,
dual=False,

penalty='11", random_state=1234)

0.6504
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A VE Y 23

Al 12 H|AE Al(Test Set) 2% A}

ol 7% Al(validation set)0.& 3shg 3F RES mEl¥Ea HAE Al
set)oz2 A=S sHCH <E 14> B EYH HAE Al(test set)2 7
Atz o} AUROC #o 2, K-Nearest Neighbors 0.9774, Random
Forest 0.9091, Decision Tree 0.7658, Linear Support Vector 0.6508,
Logistic Regression 0.6502 <02 UERACE

—
—+

tes

=
[s)

2

<# 13> 2d¥ g 2E Al(test set) 5 A=

validation set Test Set
Model

accuracy accuracy AUROC
Decision Tree 0.7568 0.7658 0.7694
Random Forest 0.9118 0.9091 0.9092
Logistic Regression 0.6499 0.6502 0.6495
K-Nearest Neighbors 0.9774 0.9766 0.9765
Linear Support

0.6504 0.6508 0.6498
Vector
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A AE M(validation set)o2 ARESE HJoJHE st A(training
set)h}f stubz fAA OAl FEsiRch <& 15>+= s A(training set)
1+ A= Al(validation set)g A Bd@H 7A=sE AsbwoF AUROC 3
O &2, K-Nearest Neighbors 0.9815, Random Forest 0.9263, Decision
Tree 0.7494, Linear Support Vector 0.6488, Logistic Regression 0.6502
2oz uehdch &x|7] A EAE Al(Test Set)oz 7=sh grwch th
4 7ate 9 AUROCZO] EolAch.

<& 14> 8% % A7 32

validation set test set validation + test set
Model
accuracy accuracy AUROC accuracy | AUROC
Decision Tree 0.7568 0.7658 0.7694 0.7512 0.7494
Random
0.9118 0.9091 0.9092 0.9263 0.9263
Forest
Logistic
. 0.6499 0.6502 0.6495 0.6511 0.6502
Regression
K-Nearest
) 0.9776 0.9766 0.9765 0.9816 0.9815
Neighbors
Linear
Support 0.6504 0.6508 0.6498 0.6497 0.6488
vector
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B= ol Decision Tree Classifier, Random Forest Classifier,
Logistic Regression Classifier, K-Nearest Neighbors Classifier,
Linear Support Vector Classifier2 7zt 3% ¥ sh458 488510 ndlS
wEoy, EH0r HAE HolHz HE5S st oA e 2
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<22 {> 92 gd 52 3 (Python)

import pandas as pd

import numpy as np

import pickle

import datetime as dt

import matplotlib.pyplot as plt

file_path = 'JUsers/honghakjin/Language/FMS/DATA"
df = pd.read_csv(file_path+r'/'+"'df_dataV.csv', index_col=False, sep=',')

df.shape

df.infol)
df.isnull().sum()
df['Fraud'].value_counts()

# "Call Duration' feature make category

bins = [-1,180, 600, 3601]

labels = [18@, 6088, 3601]

df['Call Duration'] = pd.cut(df['Call Duration']l, bins, labels = labels)
df ['Call Duration'].value_counts()

# one hot encoding
df_onhot = pd.get_dummies(df, celumns=['0C_CODE', 'IC_CODE', 'OType_Code',
'IType_Code', 'Call_Duration', 'Service_Result'],
drop_first=True)
df_onhot.info() # feature 72, memory: 5.8 MB
df_onhot.head()

from sklearn.model_selection import train_test_split, GridSearchCV

from sklearn.preprocessing import StandardScaler

# train_test_split

¥ = df_onhot.loc[:, [col for col in df_onhot.columns if col != 'Fraud']]
y = df_onhot['Fraud']

# 8 “train_val_test_split' & Ho:
# #O0EIE &% 4 (training set), #F 4 (validation set), HIAE 4 (test set) 372 #g
def train_val_test_split(X, y, val_size=0.3, test_size=8.2Z, random_state=123):
X_train, X_test, y_train, y_test = train_test_split(X, v,
test_size=test_size,
random_state=random_state)
val_size_rev = val_size / (1 - test_size)
¥_train, ¥_val, y_train, y_val = train_test_split{X_train, y_train,
test_size=val_size rev,
random_state=random_state)
return X_train, X_val, ¥X_test, y_train, y_val, y_test

¥_train, ¥_wval, ¥_test, y_train, y_val, y_test = train_val_test_split(X, v,
val_size=0.3,
test_size=0.2,
random_state=123)
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# Decision tree

from sklearn.tree import DecisionTreeClassifier

from sklearn import metrics

from pprint import pprint

depth_set = [3, 4, 5, 6, 7, 8, 9, 18]

dt_models = []
accuracy_set = []
cm_set = []
train_accuracy_set = []

for depth in depth_set:
model = DecisionTreeClassifier(max_depth = depth, random_state = 1)
model.fit(X_train, y_train)
y_train_hat = medel.predict(X_train)
y_val_hat = model.predict(X_val)
train_accuracy = metrics.accuracy_score(y_train,
y_train_hat)
accuracy = metrics.accuracy_scorel(y_val, y_wval_hat)
cm = metrics.confusion_matrix(y_wval, y_val_hat)
print{metrics.classification_reportiy_val, y_val_hat, digits=4))

dt_models.appendimodel)
accuracy_set.append(accuracy)
train_accuracy_set.append(train_accuracy)
cm_set.appendicm)

pprint(train_accuracy_set)
perint{accuracy_set)

# OiSfOje 24 Hop, JE £2 2En validation seto] Cff FEic
max_value = max{accuracy_set)

max_index = accuracy_set.index(max_value}
printi{max_index)

print{max_value)

print{cm_set [max_index])

# 71 g2 =Y

best_dt = dt_models[max_index]
printi{best_dt)
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# Random Forest

from sklearn.ensemble import RandomForestClassifier

n_estimators_set [5, 18, 15, 2@, 25, 308, 35, 40, 45, 50]
max_features_set = ["auto', 'log2']

rf_models = []
accuracy_set = []
cm_set = [I]
train_accuracy_set = []

for n_estimators in n_estimators_set:
for max_features in max_Tfeatures_set:
rf = RandomForestClassifier({n_estimators = n_estimators,
max_features = max_features,
random_state = 123)

rf.fit(¥_train, y_train)

y_train_hat = rf.predict(X_train}

y_val_hat = rf.predict(X_val)

train_accuracy = metrics.accuracy_score(y_train, y_train_hat)
accuracy = metrics.accuracy_scorely_val, y_val_hat)

em = metrics.confusion_matrix(y_val, y_val_hat)
print({metrics.classification_report(y_val, y_wal_hat, digits=4))

rf_models.append(rf)
train_accuracy_set.append(train_accuracy)
accuracy_set.append{accuracy)
em_set.append({cm)

perint(train_accuracy_set)
perint{accuracy_set)

# OREpOjE Bt o, 71 £2 oEa validation setdf ci$t FHEc
max_value = max{accuracy_set)

max_index = accuracy_set.index(max_value)
print{max_index)

print{max_value)

print{cm_set [max_index])

# 71 g2 =Y

best_rf = rf_models[max_index]
printi{best_rf)

48




B A B A B R B B A A R R B A A R A o A R R B R A R R R R A R R AR
# LogisticRegression

from sklearn.linear_model import LogisticRegression

# Hyper-parameter candidates
penalty_set = ["11', '12']

C_set = [P.01, 9.1, 1, 18, 188]
class_weight_set = [None, 'balanced']

# Ent HMEE 0|2 sl [FEt 2AE MU
train_acc_set = []
val_acc_set = []
cm_set = []
Lr_models = []

import warnings
warnings.filterwarnings("ignore")
for penalty in penalty_set:
for C in C_set:
for class_weight in class_weight_set:
1r = LogisticRegression(penalty=penalty, C=C, solver = 'liblinear®,
class_weight=class_weight,
random_state=2072)
# Train the model
lr.fit(X_train, y_train)
1r_models.append(1lr)

# Calculate training accuracy and validation accuracy
y_train_hat = lr.predict{X_train)

y_wal_hat = lr.predict(X_wval)

train_acc = metrics.accuracy_scorel(y_train, y_train_hat)

val_acc = metrics.accuracy_score{y_val, y_wval_hat)

cm = metrics.confusion_matrix(y_val, y_wval_hat)
print{metrics.classification_reportiy_val, y_val_hat, digits=4))

train_acc_set.append(train_acc)
val_acc_set.append(val_acc)
cm_set.append(cm)

# OrtOje B #3p, 7HE #28 2Pt validation setOf CHEF HET
max_value = max{val_acc_set)

max_index = val_acc_set.index(max_value)
print{max_index)

print{max_value)

print{cm_set[max_index])

# 7 g2 2

best_1r = Llr_models [max_index]
print{best_1r}
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# K-Nearest Neighbors Classifier

from sklearn.neighbors import KMeighborsClassifier

# Hyper-parameter caldidates
n_neighbors_set = [1@, 15, 2@, 25, 3@, 35, 45, 58, 55, 6@]
weights_set = ['uniform®, 'distance']

# Zut HMEE o/ g 9Ft 2AE Mo
train_acc_set = []
val_acc_set = []
cm_set = []
knn_models = []

for n_neighbors in n_neighbors_set:
for weights in weights_set:
knn = KNeighborsClassifier(n_neighbors=n_neighbors, weights=weights, n_

# Train the model
knn.fit{X_train, y_train)
knn_models.append(knn)

# Calculate training accuracy and validation accuracy
y_train_hat = knn.predicti{X_train)

y_val_hat = knn.predict(X_val)

train_acc = metrics.accuracy_scorely_train, y_train_hat)
val_acc = metrics.accuracy_score(y_val, y_val_hat)

cm = metrics.confusion_matrix(y_val, y_val_hat)
print(metrics.classification_report{y_val, y_val_hat, digits=4}}

train_acc_set.append(train_acc)
val_acc_set.append(val_acc)
cm_set.append{cm)

# O2H0E &M &, 71 $8 DYN validation setdf CHE FHET
max_value = max{val_acc_set)

max_index = val_acc_set.index(max_value)
print(max_index)

print{max_wvalue)

print{cm_set [max_index])

# 7 g2 Y

best_knn = knn_models[max_index]
print(best_knn)
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# Linear Support Vector Classifier
from sklearn.svm import LinearSVC, SVC

# Hyper-parameter caldidates
penalty_set = ['11', '12']

C_set = [p.81, ©.1, 1, 18, 1@8]
class_weight_set = [None, 'balanced']

# 2 HMIE 02| BHET| T 2AE MY
train_acc_set = []
val_acc_set = []
cm_set = []
Lr_svec_models = []

for penalty in penalty_set:
for C in C_set:
for class_weight in class_welght_set:
if(penalty=="11"') :
lr_svc = LinearSVC({penalty=penalty, C=C,
class_weight=class_weight, dual=False,
random_state=1234)
else :
lr_svec = LinearSVC({penalty=penalty, C=C,
class_welght=class_weight, dual=True,
random_state=1234)

Lr_svc.fit(X¥_train, y_train)
lr_svc_models.append(lr_svc)

# Calculate training accuracy and wvalidation accuracy
y_train_hat = lr_svc.predict(X_train)

y_val_hat lr_svc.predict(X_val)

train_acc = metrics.accuracy_scorel(y_train, y_train_hat)

val_acc = metrics.accuracy_score({y_val, y_val_hat)

cm = metrics.confusion_matrix({y_wval, y_wval_hat)
print{metrics.classification_reportiy_val, y_val_hat, digits=4))

train_acc_set.appenditrain_acc)
val_acc_set.append(val_acc)
cm_set.append(cm)

# OREHO|E| Sf 2o, 7P 8 29at Validation setd| CHE FEc
max_value = max{val_acc_set)

max_index = val_acc_set.index(max_value)
print(max_index)

print{max_value)

print(cm_set[max_index])

# 718 g2 2

best_1lr_svc = Llr_svc_models [max_index]
print{best_lr_swc)
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B R R B R A R B R A R R R A A R S e R e e A R R R R R R
# E2E Mg ol8sto] 7 ds0 8 2 71

best_models = [best_dt, best_rf, best_lr, best_knn, best_lr_svcl#, best_svc]
pprint(best_models)

for best_model in best_models:
y_test_hat = best_model.predict(X_test)
print(best_model)
print(metrics.accuracy_score(y_test, y_test_hat))
print{metrics.confusion_matrix(y_test, y_test_hat))
print{‘="'%88)

B R R B R A R B R A R R R A A R S e R e e A R R R R R R
# &% best modelSE training set + validation setO CHA] &&8t &, test set®l Of& 0|F s 7t
¥_concat = pd.concat( [X_train, X_vall)

y_concat = pd.concat(/[y_train, y_val]}l

for best_model in best_models:

# BE cojHY 2YE refit
best_model.fit(X¥_concat, y_concat)

# Test seto] chef ol& ds ot
y_test_hat = best_model.predict(X_test)

#print(best_model)
print(metrics.accuracy_score(y_test, y_test_hat))
print(metrics.confusion_matrix(y_test, y_test_hat))
# print('="%80)
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Abstract

A Study on how to reduce the fraud
of CSP Fraud Management Systems

through machine learning

- CSP Fraud Detection -

Hong, HAK JIN
Seoul School of Integrated Sciences and Technologies

Advisor: Jang, Jung Hoo, Ph.D.

Fraud call detection by Communications Service Provider
(CSP) is an important but difficult task. Due to the development of
technology, Fraud calls are being made through various methods.
In addition, Fraud calls are attempted in the same way (pattern)
as normal users, making it more difficult to distinguish Fraud
calls from normal users. There is a limit to detecting such com-
plex and difficult-to-detect fraud with a rule-based system using a
threshold. In addition, according to the CFCA 2019 report, CSP
losses have been increasing again since 2019 due to Fraud calls.

As mentioned earlier, currency fraud (Fraud) has also diversified
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due to the diversification of services with the development of
technology, limiting wholesaler managers to immediately respond
to new types of Fraud calls based on rules using existing

thresholds.

In this study, the purpose of the CSP Fraud detection system is to
immediately respond to various Fraud calls and predict Fraud
calls by replacing the process of creating rules using thresholds
with machine learning. The data used for the analysis here used
the CSP's call detail record (CDR) data for 3 months. Among
them, call detail record (CDR) data consisting of outbound inter-
national phone calls were predicted by learning a classification
model of supervised learning. The label was based on Fraud calls
detected by the CSP Fraud detection system and Fraud numbers
published by the CFCA, and the five classification models used
were the Division Tree Classifier, Random Forest Classifier, Logic
Regression Classifier, K-Nearest Neighbors, Class. In addition, the
optimal hyper-parameter for each module was found and applied
to each prediction model to make Fraud predictions. As a result
of the analysis, more than 90% of the K-Nearest Neighbors and
Random Forest models predicted fraudulent currencies, of which
the K-Nearest Neighbors model predicted high at 97%. Analyzing
not only call detail records (CDRs) but also data such as customer
data and billing data that were not included in this study is ex-
pected to help detect CSP fraud as well as immediately respond to

Fraud calls.

Keywords: Fraud detection, fraud calls, classification machine
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learning, carrier fraud, CSP fraud.
Student Number: 2015411013
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