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H#4772481823 MAJOR COMPUTATIONAL SCIENCE
KEY WORD: CREDIT SCORING / DATA MINING / CLUSTER ANALYSIS / CLASSIFICATION METHOD

VIVACH CHONCHAIYA : IMPROVING CREDIT SCORING MODEL VIA CLUSTER
ANALYSIS OF MULTI-PREDICTORS (CLAMP). THESIS ADVISOR : ASST. PROF.
KRUNG SINAPIROMSARAN, Ph.D., 109 pp.

Banks use the credit score to rank potential individuals among loan customers. This
score helps the banks to determine the high risk customers among loan customers. The
scoring model incorporates essential data from persenal customer data, credit histories and
customer behavior. This research proposes a combined scoring model based on two data
mining techniques, clustering analysis and classification, called “Cluster Analysis of multi-
predictors (CLAMP)." This combined strategy constructs the model in two phases. The first
phase is a clustering process which uses the X-mean clustering algorithm. This process will
partition training data into k groups where k is determined by information measure criteria.
The second phase is classifier selection from J48 (decision tree model), Naive Bayes
(probability model), logistic regression (statistical model) and multi-layer perceptron (artificial
intelligent model). The critena for selecting classifier are based on partitioning data into 40%
training set for building @ model, 30% validation set for selecting the best classifier within a
group and 30% test set to reject overfitting model. The classifier using CLAMP shows a

better accuracy than the classifier alone.
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Set auto-numeric.
[¥] Set confidence factor.

SetValue: =~ Real Setinterval: | 01 | to | 1 | Real.
Setbin: | 3 | Integer.
Set auto-nominal.

[] Set hinary splits.

[] Set reduce error pruning.
[ Set subtree Raising.

[v] Set unpruned.

[v] Set use Laplace.

[ Set save inst
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Set auto-parameter.

Set auto-numeric.
Learning rate. Set value : Real : [0 - 1]
Momentum. Setvalue : Real : [0 - 1]

Set bin: 3 Positive Integer more than 2.

Set auto-nominal.

[ ] Set pattern network.  Set value :

[] Set decay. Set value :
[ | Setreset. Setvalue : =
Pattern network detail. S S ST F 2
a = (number of attributes + number of classes) /2.
i=number of attributes.

0 = number of classes.

t = number of attributes + number of cfiﬁsses.

Set normal-parameter.
Mominal to hinary filter.
Normalize attributes.
Normalize numeric class.

Random seed: 0 Integer.
Training time : ‘ Integer.
\alidate set size: 0 Integer.

Validate Thrns-huld L 20 Integer.
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|| Select auto-parameter. e —— @@g

Set auto-parameter.
Set auto-numeric.
Mot have any parameter for auto-numeric.
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[] Set use kernel estimator.
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word_freg_you
word_freqg_credit

word_freqg_your

word_freq_font
word_freq_000
word_freq_money
word_freg_hp
word_freg_hpl
word_freq_george
word_freq_650
word_freq_lab
word_freq_labs
word_freg_telnet
word_freq_857
word_freq_data
word_freq_415
word_freq_85
word_freg_technology
word_freq_1999
word_freq_parts
word_freq_pm
word_freq_direct

word_freg_cs

word_freq_meeting
word_freq_original
word_freq_project
word_freq_re
word_freq_edu
word_freg_table
word_freq_conference
char_freq_;

char_freg_(

char_freq_[

char_freq_!

char_freq_$

char_freq_#
capital_run_length_average
capital_run_length_longest

capital_run_length_total
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Training data Validate data Test data
Accept 1,156 1,077 919
Reject 226 287 226
Total 1,382 1,364 1,145
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mjmﬁ 1 28 27 24
nq‘sﬁi 2 41 41 44
mjw‘?i 3 24 23 21
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Classifier®s summary of train data set : group O.
Method trees.J48 bayes.NaiveBayes
Correct number 79 81
percent 81.4433 83.5052
Incorrect number 18 16
percent 18.5567 16.4948
Kappa statistic 0.2977 0.4441
Mean absolute error 0.2889 0.2734
Root mean squared error 0.3800 0.3587
Relative absolute error 79.2326 74.9954
Root relative squared error 89.3486 84 .3346

functions.Logistic functions.MultilayerPerceptron

79
81.4433
18

18.5567
0.3746
0.2916
0.3794

79.9794

89.1956

87.
12.

62.
72.

85
6289
12

3711

.6475
.2280
.3081

5466
4261

Classifier®s summary of validate data set : group O.

Method trees.J48 bayes.NaiveBayes
Correct number 96 90
percent 72.1805 67.6692
Incorrect number Sy 43
percent 27.8195 32.3308

Kappa statistic 0.0372 -0.0067
Mean absolute error 0.3647 0.3936
Root mean squared error 0.4680 0.5146
Relative absolute error 93.6106 101.0291
Root relative squared error 103.1226 113.3970

functions.Logistic

92
.1729

41
.8271
.0214
.3677
.4964
.3661
3883

functions._MultilayerPerceptron
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81
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.4323
.5381
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Classifier®s summary of train data set : group 1.

Method trees.J48 bayes.NaiveBayes
Correct number 326 326
percent 84.2377 84.2377
Incorrect number 61 61
percent 15.7623 15.7623

Kappa statistic 0.0000 0.0000
Mean absolute error 0.2656 0.2782
Root mean squared error 0.3644 0.3666
Relative absolute error 99.5481 104.2763
Root relative squared error 99.9988 100.6037

functions.Logistic
327

84.4961

60
5039
0273
2621
3619
2597
3072

15.
0.
0.
0.

98.

99.

functions.MultilayerPerceptron

84.
15.

80.
93.

328
7545
59
2455

.1125
.2155
.3406

7801
4738

Classifier™s summary of validate data set : group 1.

Method trees.J48 bayes.NaiveBayes
Correct number 291 291
percent 80.3867 80.3867
Incorrect number 71 71
percent 19.6133 19.6133

Kappa statistic 0.0000 0.0000
Mean absolute error 0.2919 0.3088
Root mean squared error 0.3989 0.4027
Relative absolute error 99.6349 105.4097
Root relative squared error 100.0416 100-9982

functions.Logistic

100.9640

functions._MultilayerPerceptron




FNTNT 4.9 0 ANINLAAINAANSAINFLULAuLn sz ludayangy

a a dl 1 dj
WA AUTRAINERIANT WM TuLsen ﬂVLVIEI

67

dl v v
N2 NULBHANNT

a

Classifier™s summary of train data set : group 2.

Method trees.J48 bayes.NaiveBayes functions.Logistic functions_MultilayerPerceptron
Correct number 488 479 488 491
percent 86.0670 84.4797 86.0670 86.5961
Incorrect number 79 88 79 76
percent 13.9330 15.5203 13.9330 13.4039
Kappa statistic 0.0000 0.0203 0.0000 0.1110
Mean absolute error 0.2398 0.2391 0.2345 0.1916
Root mean squared error 0.3463 0.3543 0.3426 0.3178
Relative absolute error 99.6202 99.3146 97.3845 79.5906
Root relative squared error 99.9993 102.3055 98.9258 91.7842
Classifier®s summary of validate data set : group 2.
Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 428 430 428 424
percent 76.2923 76.6488 76.2923 75.5793
Incorrect number 33 131 133 137
percent 23.7077 23.3512 23.7077 24.4207
Kappa statistic 0.0000 0.0452 0.0000 0.0015
Mean absolute error 0.3103 0.3032 0.3046 0.2915
Root mean squared error 0.4364 0.4372 0.4349 0.4612
Relative absolute error 99.7857 97.4955 97.9406 93.7370
Root relative squared error  100.0647 100.2618 99.7258 105.7641
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Classifier®s summary of train data set : group 3.

Method trees.J48 bayes.NaiveBayes functions.Logistic Tfunctions_MultilayerPerceptron
Correct number 268 255 268 273
percent 80.9668 77.0393 80.9668 82.4773
Incorrect number 63 76 63 58
percent 19.0332 22.9607 19.0332 17.5227
Kappa statistic 0.0000 0.0891 0.0000 0.1225
Mean absolute error 0.3082 0.2773 0.3021 0.3001
Root mean squared error 0.3926 0.4344 0.3886 0.3754
Relative absolute error 99.6277 89.6291 97.6447 97.0157
Root relative squared error 99.9989 110.6588 98.9806 95.6366
Classifier®s summary of validate data set : group 3.
Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 263 237 263 255
percent 85.3896 76.9481 85.3896 82.7922
Incorrect number 45 71 45 53
percent 14.6104 23.0519 14.6104 17.2078
Kappa statistic 0-0000 -0.0280 0.0000 0.0092
Mean absolute error 0.2808 0.2823 0.2790 0.3075
Root mean squared error 0.3560 0.4470 0.3573 0.3874
Relative absolute error 99.5334 100.0477 98.8739 109.0021
Root relative squared error 99.9338 125.4895 100.3124 108.7588




AN919N 4.11

68

AN LA A NARNS AN AL LR UNUI LA NAIMEUA TN BNz NLE

Add‘ % k7 a a dl 1 dl
@Zﬁ’)ﬁﬁ/]llﬂ@’mﬂ’]ﬁ‘ﬁ/] mm@mmﬂ@ﬂf]iwmimmum@mﬂﬁmmmmuuﬂu

Uszmnalnel

Classifier®s summary of all train data set
weka.classifiers.trees.J48

Correctly Classified Instances 1156 83.6469 %
Incorrectly Classified Instances 226 16.3531 %
Kappa statistic 0

Mean absolute error 0.2736

Root mean squared error 0.3698

Relative absolute error 99.8805 %

Root relative squared error 99.9999 %

Classifier®s summary of all train data set
weka.classifiers.bayes.NaiveBayes

Correctly Classified Instances 1120 81.042 %
Incorrectly Classified Instances 262 18.958 %
Kappa statistic 0.0214

Mean absolute error 0.2737

Root mean squared error 0.3885

Relative absolute error 99.9307 %

Root relative squared error 105.0504 %

Classifier™s summary of all train data set

weka.classifiers. functions.Logistic

Correctly Classified Instances 1156 83.6469 %
Incorrectly Classified Instances 226 16.3531 %
Kappa statistic 0

Mean absolute error 0.2693

Root mean squared error 0.367

Relative absolute error 98.3299 %

Root relative squared error 99.2269 %

Classifier™s summary of all train data set

weka.classifiers. functions._MultilayerPerceptron

Correctly Classified Instances 1166 84.3705 %
Incorrectly Classified Instances 216 15.6295 %
Kappa statistic 0.098

Mean absolute error 0.2395

Root mean squared error 0.3561

Relative absolute error 87.4314 %

Root relative squared error 96.2796 %
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tree baye function function
Name of classifier method n_CLAMP n_J48 n_NaiveBayes n_Logistic n_MultilayerPerceptron
Correct. Number 909 919 878 919 913
Percent 79.3886 80.2620 76.6812 80.2620 79.7380
Incorrect. Number 236 226 267 226 232
Percent 20.6114 19.7380 23.3188 19.7380 20.2620
Kappa statistic -0.0013  0.0000 -0.0017 0.0000 0.0105
means absolute error 0.2971 0.2964 0.3111 0.2948 0.2782
Root means square error 0.4110 0.3995 0.4308 0.4035 0.4145
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Training data Validate data Test data
ﬂ@q'm'ﬁ' 0 17 15 20
ﬂzjﬂ\l‘ﬁ 1 26 23 21
ﬂ@q'm'ﬁ' 2 22 26 25
ﬂzjﬂ\l‘ﬁ 3 35 36 35
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Classifier®s summary of train data set : group O.

Method trees.J48 bayes.NaiveBayes
Correct number 333 204
percent 96.5217 59.1304
Incorrect number 12 141
percent 3.4783 40.8696

Kappa statistic 0.9300 0.1874
Mean absolute error 0.0604 0.4740
Root mean squared error 0.1738 0.4975
Relative absolute error 12.2607 96.1579
Root relative squared error 35.0167 100.2068

functions.Logistic functions.MultilayerPerceptron
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Classifier®s summary of validate data set : group O.

Method trees.J48 bayes.NaiveBayes
Correct number 133 124
percent 64.2512 59.9034
Incorrect number 74 83
percent 35.7488 40.0966

Kappa statistic -0.0034 -0.0130
Mean absolute error 0.3521 0.4494
Root mean squared error 0.5863 0.4786
Relative absolute error 75.2654 96.0727
Root relative squared error 124.6590 101.7601

functions.Logistic

functions._MultilayerPerceptron
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Classifier™s summary of train data set : group 1.

Method trees.J48 bayes.NaiveBayes
Correct number 516 284
percent 97.5425 53.6862
Incorrect number 13 245
percent 2.4575 46.3138

Kappa statistic 0.9509 0.0636
Mean absolute error 0.0422 0.4580
Root mean squared error 0.1452 0.5656
Relative absolute error 8.4385 91.6260
Root relative squared error 29.0491 113.1376

functions.Logistic
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functions._MultilayerPerceptron
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Classifier®s summary of validate data set : group 1.

Method trees.J48 bayes.NaiveBayes
Correct number 211 225
percent 68.2848 72.8155
Incorrect number 98 84
percent 31.7152 27.1845

Kappa statistic -0.0281 -0.0536
Mean absolute error 0.3120 0.3621
Root mean squared error 0.5528 0.4736
Relative absolute error 63.1681 73.3106

Root relative squared error  111.8898 95.8550
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Classifier®s summary of train data set : group 2.
Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 445 299 317 397
percent 96.7391 65.0000 68.9130 86.3043
Incorrect number 15 161 143 63
percent 3.2609 35.0000 31.0870 13.6957
Kappa statistic 0.9304 0.1240 0.2195 0.7011
Mean absolute error 0.0527 0.4134 0.4233 0.1831
Root mean squared error 0.1624 0.4742 0.4593 0.3350
Relative absolute error 11.4920 90.0694 92.2186 39.8935
Root relative squared error 33.9064 98.9971 95.8918 69.9363
Classifier®s summary of validate data set : group 2.
Method trees.J48 bayes.NaiveBayes functions.Logistic Tfunctions_MultilayerPerceptron
Correct number 232 258 249 253
percent 64.6240 71.8663 69.3593 70.4735
Incorrect number 127 101 110 106
percent 35.3760 28.1337 30.6407 29.5265
Kappa statistic -0.0061 0.0457 0.0394 0.0984
Mean absolute error 0.3423 0.3922 0.4098 0.3114
Root mean squared error 0.5726 0.4540 0.4474 0.5014
Relative absolute error 80.1389 91.8016 95.9377 72.8976
Root relative squared error 128.8114 102.1260 100.6438 112.8055
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Classifier®s summary of train data set : group 3.

Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 702 421 412 506
percent 96.6942 57.9890 56.7493 69.6970
Incorrect number 24 305 314 220
percent 3.3058 42.0110 43.2507 30.3030
Kappa statistic 0.9337 0.1239 0.0631 0.4005
Mean absolute error 0.0549 0.4877 0.4870 0.3577
Root mean squared error 0.1657 0.4962 0.4935 0.4276
Relative absolute error 11.0816 98.4571 98.3107 72.2091
Root relative squared error 33.2894 99.7037 99.1564 85.9248
Classifier®s summary of validate data set : group 3.
Method trees.J48 bayes.NaiveBayes functions.Logistic Tfunctions_MultilayerPerceptron
Correct number 322 328 366 277
percent 65.8487 67.0757 74 .8466 56.6462
Incorrect number 167 161 123 212
percent 34.1513 32.9243 25.1534 43.3538
Kappa statistic -0.0023 -0.0215 0.0334 -0.0435
Mean absolute error 0.3355 0.4700 0.4643 0.4195
Root mean squared error 0.5704 0.4809 0.4696 0.5183
Relative absolute error 70.9305 99.3741 98.1590 88.7063
Root relative squared error 120.1698 101.3187 98.9415 109.2016
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Classifier®s summary of all train data set
weka.classifiers.trees.J48

Correctly Classified Instances 2007 97.4272 %
Incorrectly Classified Instances 53 2.5728 %
Kappa statistic 0.9481

Mean absolute error 0.0439

Root mean squared error 0.1479

Relative absolute error 8.9063 %

Root relative squared error 29.7983 %

Classifier®s summary of all train data set
weka.classifiers.bayes.NaiveBayes

Correctly Classified Instances 1154 56.0194 %
Incorrectly Classified Instances 906 43.9806 %
Kappa statistic 0.0416

Mean absolute error 0.4734

Root mean squared error 0.5029

Relative absolute error 96.1124 %

Root relative squared error 101.3501 %

Classifier™s summary of all train data set
weka.classifiers. functions.Logistic

Correctly Classified Instances 1196 58.0583 %
Incorrectly Classified Instances 864 41.9417 %
Kappa statistic 0.098

Mean absolute error 0.4795

Root mean squared error 0.4896

Relative absolute error 97.3503 %

Root relative squared error 98.6681 %

Classifier™s summary of all train data set
weka.classifiers. functions._MultilayerPerceptron

Correctly Classified Instances 95 58.0097 %
Incorrectly Classified Instances 865 41.9903 %
Kappa statistic 0.1738

Mean absolute error 0.4042

Root mean squared error 0.4518

Relative absolute error 82.0663 %

Root relative squared error 91.0538 %
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tree baye function function
Name of classifier method n_CLAMP n_J48 n_NaiveBayes n_Logistic n_MultilayerPerceptron
Correct. Number 859 799 773 802 595
Percent 75.0218 69.7817 67.5109 70.0437 51.9651
Incorrect. Number 286 346 372 343 550
Percent 24.9782 30.2183 32.4891 29.9563 48.0349
Kappa statistic -0.0153 0.0133 -0.0220 -0.0222 -0.0149
means absolute error 0.4235 0.2957 0.4585 0.4562 0.4278
Root means square error 0.4669 0.5351 0.4914 0.4669 0.5052
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Training data Validate data Test data
Accept 122 100 138
Reject 145 99 86
Total 267 199 224
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Training data Validate data Test data
mg"mﬁ 0 73 79 79
mjmi 1 27 21 21
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Classifier®s summary of train data set :

Method

trees.J48

group
bayes.NaiveBayes

0.

functions.Logistic

functions.MultilayerPerceptron

Correct number 190 169 188 197
percent 94 5274 84.0796 93.5323 98.0100
Incorrect number 11 32 13 4
percent 5.4726 15.9204 6.4677 1.9900
Kappa statistic 0.8903 0.6854 0.8698 0.9599
Mean absolute error 0.0901 0.1763 0.1001 0.0277
Root mean squared error 0.2123 0.3750 0.2246 0.1267
Relative absolute error 18.1234 35.4510 20.1307 5.5665
Root relative squared error 42 5727 75.2046 45.0534 25.4068
Classifier®s summary of validate data set : group O.

Method

trees.J48 bayes.NaiveBayes

functions.Logistic

functions._MultilayerPerceptron

Correct number 126 111 126 125
percent 84.5638 744966 84.5638 83.8926
Incorrect number 23 38 23 24
percent 15.4362 25.5034 15.4362 16.1074

Kappa statistic 0.6905 0.5011 0.6899 0.6786
Mean absolute error 0.1667 0.2534 0.1660 0.1576
Root mean squared error 0.3573 0.4701 0.3531 0.3737
Relative absolute error 33.5162 50.9551 33.3801 31.6861
Root relative squared error 71.6535 94 .2828 70.8117 74.9437
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Classifier"s s
Method

ummary of train data set : group 1.

trees.J48 bayes.NaiveBayes functions.Logistic functions_MultilayerPerceptron

Correct number 62 55
percent 93.9394 83.3333
Incorrect number 4 11
percent 6.0606 16.6667

Kappa statistic 0.8277 0.4590
Mean absolute error 0.0925 0.1472
Root mean squared error 0.2151 0.3521
Relative absolute error 27.2784 43.4080
Root relative squared error 52.5970 86.1198

64

96.9697 98.
2

3.0303
0.9093
0.0688
0.1788
20.2792
43.7208 3

QOO0 O0Or

65
4848
1

.5152
-9535
.0205
.1236
.0310
.2206

Classifier®s summary of validate data set : group 1.

Method trees.J48 bayes.NaiveBayes
Correct number 40 41
percent 80.0000 82.0000
Incorrect number 10 9
percent 20.0000 18.0000

Kappa statistic 0.5840 0.5975
Mean absolute error 0.2268 0.1796
Root mean squared error 0.4049 0.4200
Relative absolute error 52.3936 41.4815
Root relative squared error 79.2564 82.2132

functions.Logistic

39
78.0000 80.

11
22.0000 20.
0.4860 0.
0.2475 0.
0.4756 0.
57.1563 45.
93.0891 83.

functions.MultilayerPerceptron

40
0000

10
0000
5575
1990
4282
9563
8135
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Classifier®s summary of all train data set
weka.classifiers.trees.J48

Correctly Classified Instances 256 95.8801 %
Incorrectly Classified Instances 11 4.1199 %
Kappa statistic 0.9173

Mean absolute error 0.0722

Root mean squared error 0.19

Relative absolute error 14.5415 %

Root relative squared error 38.1344 %

Classifier®s summary of all train data set
weka.classifiers.bayes.NaiveBayes

Correctly Classified Instances 226 84.6442 %
Incorrectly Classified Instances 41 15.3558 %
Kappa statistic 0.6859

Mean absolute error 0.1674

Root mean squared error 0.3723

Relative absolute error 33.7349 %

Root relative squared error 74.7452 %

Classifier™s summary of all train data set
weka.classifiers.functions.Logistic

Correctly Classified Instances 250 93.633 %
Incorrectly Classified Instances 17 6.367 %
Kappa statistic 0.8721

Mean absolute error 0.1099

Root mean squared error 0.2283

Relative absolute error 22.136 %

Root relative squared error 45.8333 %

Classifier®s summary of all train data set

weka.classifiers. functions._MultilayerPerceptron

Correctly Classified Instances 261 97.7528 %
Incorrectly Classified Instances 6 2.2472 %
Kappa statistic 0.9547

Mean absolute error 0.0292

Root mean squared error 0.1394

Relative absolute error 5.8755 %

Root relative squared error 27.9891 %
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tree baye function function
Name of classifier method n_CLAMP n_J48 n_NaiveBayes n_Logistic n_MultilayerPerceptron
Correct. Number 181 185 176 183 185
Percent 80.8036 82.5893 78.5714 81.6964 82.5893
Incorrect. Number 43 39 48 41 39
Percent 19.1964 17.4107 21.4286 18.3036 17.4107
Kappa statistic 0.5933  0.6359 0.5284 0.6189 0.6311
means absolute error 0.2083 0.1874 0.2110 0.2117 0.1700
Root means square error 0.4150 0.3899 0.4332 0.4042 0.3911
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Training data Validate data Test data
Accept 290 97 200
Reject 126 210 77
Total 416 307 277
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Training data Validate data Test data
miw‘?i 0 49 49 50
n@:aﬁ‘i 1 51 51 50
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Classifier®s summary of train data set : group O.

Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 174 150 161 203
percent 85.7143 73.8916 79.3103 100.0000
Incorrect number 29 53 42 0
percent 14.2857 26.1084 20.6897 0.0000

Kappa statistic 0.6620 0.4126 0.4997 1.0000
Mean absolute error 0.2255 0.2944 0.2858 0.0071
Root mean squared error 0.3358 0.4431 0.3789 0.0091
Relative absolute error 52.1423 68.0862 66 .0868 1.6308
Root relative squared error 72.2648 95.3623 81.5417 1.9628

Classifier®s summary of validate data set : group O.

Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 102 114 111 107
percent 68 .4564 76.5101 744966 71.8121
Incorrect number 47 35 38 42
percent 31.5436 23.4899 25.5034 28.1879

Kappa statistic 0.2663 0.4706 0.3838 0.3479
Mean absolute error 0.3768 0.2876 0.3239 0.2912
Root mean squared error 0.5124 0.4254 0.4419 0.4911
Relative absolute error 86.1387 65.7438 74.0525 66.5753

Root relative squared error 109.0344 90.5255 94.0381 104.5082
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Classifier"s s
Method
Correct number
percen
Incorrect numb
perc
Kappa statisti
Mean absolute
Root mean squa
Relative absol
Root relative

ummary of train data set : group 1.
trees.J48 bayes.NaiveBayes

196 167
t 92.0188 78.4038
er 17 46
ent 7.9812 21.5962
c 0.8000 0.4912
error 0.1340 0.2217
red error 0.2588 0.3948
ute error 32.3933 53.6017
squared error 56.9705 86.9070

functions.Logistic functions.MultilayerPerceptron

84.9765 99.

o
=
©
o
@
uNOOOO

68.6326 15.

Classifier"s s
Method
Correct number
percen
Incorrect numb
perc
Kappa statisti
Mean absolute
Root mean squa
Relative absol
Root relative

ummary of validate data set : group 1.
trees.J48 bayes.NaiveBayes

108 105
t 68.3544 66.4557
er 50 53
ent 31.6456 33.5443
c 0.2339 0.2207
error 0.3340 0.3314
red error 0.5199 0.5040
ute error 79.7544 79.1283
squared error iI1'3 . Qai22 109.5654

functions.Logistic

114
.1519 67.
44
.8481 32.
2918 0
3137 0
4719 0
74.8994 74.
102.5770 111.

107
7215
51
2785

.2324
.3120
.5148

5056
9180
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Classifier®s summary of all train data set
weka.classifiers.trees.J48

Correctly Classified Instances 375
Incorrectly Classified Instances 41
Kappa statistic 0.
Mean absolute error 0.
Root mean squared error 0.
Relative absolute error RISV
Root relative squared error 63.

7492
168

2899
7553
0795

%
%

90.1442 %
9.8558 %

Classifier®s summary of all train data set
weka.classifiers.bayes.NaiveBayes

Correctly Classified Instances 318
Incorrectly Classified Instances 98
Kappa statistic 0.
Mean absolute error 0.
Root mean squared error 0.
Relative absolute error 63.
Root relative squared error 91.

452
2691
422
6563
8276

%
%

76.4423 %
23.5577 %

Classifier™s summary of all train data set
weka.classifiers.functions.Logistic

Correctly Classified Instances 328
Incorrectly Classified Instances 88
Kappa statistic 0.
Mean absolute error 0.
Root mean squared error 0.
Relative absolute error 68.
Root relative squared error 82.

4706
2892
3802
4218
7337

%
%

78.8462 %
21.1538 %

Classifier®s summary of all train data set

weka.classifiers. functions._MultilayerPerceptron

Correctly Classified Instances 413
Incorrectly Classified Instances 3

Kappa statistic 0.9828
Mean absolute error 0.0128
Root mean squared error 0.0853
Relative absolute error 3.0375 %

Root relative squared error 18.5614 %

99.2788 %
0.7212 %
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tree baye function function
Name of classifier method n_CLAMP n_J48 n_NaiveBayes n_Logistic n_MultilayerPerceptron
Correct. Number 206 199 204 207 204
Percent 74.3682 71.8412 73.6462 74.7292 73.6462
Incorrect. Number (el 78 s 70 73
Percent 25.6318 28.1588 26.3538 25.2708 26.3538
Kappa statistic 0.8537  0.2241 0.3133 0.3332 0.3512
means absolute error 0.2907 0.3205 0.2924 0.2957 0.2748
Root means square error 0.4576 0.4586 0.4208 0.3962 0.4764
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Training data Validate data Test data
Unacc 446 370 394
Acc 150 118 116
Vgood 31 20 14
Good 21 23 25
Total 648 531 549

P3N 4.37 1 ANNLAAIERIdanietazaasauaussiia et luudarnguildannsn

WULINNITLATIZUNIFNNZNANTBITRYANNTLL AN NI DLW

ARINAINTREINY
Training data Validate data Test data
mjmﬁ 0 62 58 55
n@:sﬁi 1 38 42 45
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Classifier®s summary of train data set : group O.
Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 383 334 383 400
percent 95.7500 83.5000 95.7500 100.0000
Incorrect number 17 66 17 0
percent 4.2500 16.5000 4.2500 0.0000
Kappa statistic 0.9257 0.7218 0.9257 1.0000
Mean absolute error 0.0340 0.1135 0.0289 0.0046
Root mean squared error 0.1304 0.2337 0.1214 0.0111
Relative absolute error 11.9070 39.7149 10.1255 1.6194
Root relative squared error 34.5599 61.9220 32.1764 2.9467
Classifier”s summary of validate data set : group O.
Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 268 252 260 286
percent 87.2964 82.0847 84.6906 93.1596
Incorrect number 39 55 47 21
percent 12.7036 17.9153 15.3094 6.8404
Kappa statistic 0.7824 0.7020 0.7413 0.8808
Mean absolute error 0.0700 0.1287 0.0774 0.0429
Root mean squared error 0.2253 0.2528 0.2578 0.1692
Relative absolute error 245261 45.0680 27.1248 15.0263
Root relative squared error 59.7465 67.0461 68.3773 44 8636
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Classifier™s summary of train data set : group 1.
Method trees.J48 bayes.NaiveBayes functions.Logistic functions_MultilayerPerceptron
Correct number 244 228 248 248
percent 98.3871 91.9355 100.0000 100.0000
Incorrect number 4 20 0 (0]
percent 1.6129 8.0645 0.0000 0.0000
Kappa statistic 0.9278 0.7015 1.0000 1.0000
Mean absolute error 0.0137 0.0400 0.0000 0.0029
Root mean squared error 0.0828 0.1587 0.0000 0.0099
Relative absolute error 11.6300 33.9507 0.0001 2.4877
Root relative squared error 34.7085 66.5061 0.0004 4.1309
Classifier®s summary of validate data set : group 1.
Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 209 195 210 212
percent 93.3036 87.0536 93.7500 94.6429
Incorrect number o 29 14 12
percent 6.6964 12.9464 6.2500 5.3571
Kappa statistic 0.6981 0.4990 0.7539 0.7794
Mean absolute error 0.0331 0.0657 0.0305 0.0310
Root mean squared error 0.1699 0.2262 0.1712 0.1457
Relative absolute error 26.7988 53.1860 24.6525 25.0566
Root relative squared error 67.9113 90.4017 68.4415 58.2239
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Classifier®s summary of all
weka.classifiers.trees.J48

Correctly Classified Instan

Kappa statistic

Mean absolute error

Root mean squared error
Relative absolute error
Root relative squared error

train data set

ces 633

Incorrectly Classified Instances 35
o4
0.
0.
T/

28.

9511
0186
0964
8969 %
1526 %

97.6852 %
2.3148 %

Classifier®s summary of all
weka.classifiers.bayes.Naiv

Correctly Classified Instan
Incorrectly Classified Inst
Kappa statistic

Mean absolute error

Root mean squared error
Relative absolute error
Root relative squared error

train data set
eBayes

ces 570
ances 78

0.
0.
0.
39.
59.

7497
0932
2045
589 %
6863 %

87.963 %
12.037 %

Classifier"s summary of all
weka.classifiers.functions.

Correctly Classified Instan
Incorrectly Classified Inst
Kappa statistic

Mean absolute error

Root mean squared error
Relative absolute error
Root relative squared error

train data set
Logistic

ces 616
ances 32

0.
0.
0.
12.
35.

8949
0295
1228
534 %
8438 %

95.0617 %
4.9383 %

Classifier®s summary of all

Correctly Classified Instan
Incorrectly Classified Inst
Kappa statistic

Mean absolute error
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tree baye function function
Name of classifier method n_CLAMP n_J48 n_NaiveBayes n_Logistic n_MultilayerPerceptron
Correct. Number 526 525 480 505 524
Percent 95.8106 95.6284 87.4317 91.9854 95.4463
Incorrect. Number 23 24 69 44 25
Percent 4.1894 4.3716 12.5683 8.0146 4.5537
Kappa statistic 0.9038  0.9019 0.7193 0.8151 0.8974
means absolute error 0.0277 0.0310 0.0885 0.0406 0.0278
Root means square error 0.1300 0.1477 0.2044 0.1708 0.1319
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AnulszIde
Training data Validate data Test data
Spam 704 565 544
non-spam 1,104 825 859
Total 1,808 1,390 1,403
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anTdauianay
Training data Validate data Test data
mjmﬁ 0 4 4 3
NG 1 34 36 36
mjmﬁ 2 1 1 1
nguT 3 62 59 60

dl o & o ° ¥ J dl ¥
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Classifier™s summary of train data set : group O.

Method trees.J48 bayes.NaiveBayes functions.Logistic Tfunctions_MultilayerPerceptron
Correct number 67 67 67 67
percent 100.0000 100.0000 100.0000 100.0000
Incorrect number 0 0 0 0
percent 0.0000 0.0000 0.0000 0.0000
Kappa statistic 1.0000 1.0000 1.0000 1.0000
Mean absolute error 0.0000 0.0000 0.0000 0.0050
Root mean squared error 0.0000 0.0000 0.0000 0.0119
Relative absolute error 0.0000 0.0000 0.0006 7.1232
Root relative squared error 0.0000 0.0000 0.0008 6.9799
Classifier®s summary of validate data set : group O.
Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 56 52 53 53
percent 98.2456 91.2281 92.9825 92.9825
Incorrect number 1 5 4 4
percent 1.7544 8.7719 7.0175 7.0175
Kappa statistic 0.8995 0.2636 0.4722 0.4722
Mean absolute error 0.0175 0.0877 0.0713 0.0698
Root mean squared error 0.1325 0.2962 0.2650 0.2365
Relative absolute error 12.5683 62.8415 51.0651 50.0283

Root relative squared error 42.3106 94.6094 84.6462 75.5599
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Classifier™s summary of train data set : group 1.

Method trees.J48 bayes.NaiveBayes functions.Logistic functions_MultilayerPerceptron
Correct number 590 559 581 554
percent 96.4052 91.3399 94.9346 90.5229
Incorrect number 22 53 31 58
percent 3.5948 8.6601 5.0654 9.4771
Kappa statistic 0.9050 0.7807 0.8658 0.7742
Mean absolute error 0.0657 0.0893 0.0721 0.1090
Root mean squared error 0.1812 0.2793 0.1864 0.2513
Relative absolute error 17.2031 23.3922 18.8759 28.5387
Root relative squared error 41.4976 63.9581 42.6769 57 .5356
Classifier®s summary of validate data set : group 1.
Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 452 453 453 450
percent 89.8608 90.0596 90.0596 89.4632
Incorrect number Sl 50 50 53
percent 10.1392 9.9404 9.9404 10.5368
Kappa statistic 0.7413 0.7569 0.7434 0.7557
Mean absolute error Omi825 0.1038 0.1162 0.1175
Root mean squared error 0. 3185 0.3057 0.2872 0.2771
Relative absolute error 33.9329 26.5844 29.7465 30.0980
Root relative squared error 70.2094 68.4573 64.3278 62.0524
dl o ' o/ o ¥ 1 ai o Y
A1919N 4.47 I?]’Tj"NLLZQMQN@@Wﬁ@ﬂﬂ[ﬂ')LLU‘]_W’]LLHﬂﬂ?ZLﬂ%IM%@H@ﬂ@NW 2 pEKIRAENIA
spambase
Classifier®s summary of train data set : group 2.
Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 14 14 14 14
percent 100.0000 100.0000 100.0000 100.0000
Incorrect number 0 (0] 0 0
percent 0.0000 0.0000 0.0000 0.0000
Kappa statistic 1.0000 1.0000 1.0000 1.0000
Mean absolute error 0.0000 0.0000 0.0000 0.0039
Root mean squared error 0.0000 0.0000 0.0000 0.0040
Relative absolute error 0.0000 0.0000 0.0000 6.2177
Root relative squared error 0.0000 0.0000 0.0000 6.3594
Classifier®s summary of validate data set : group 2.
Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 6 6 6 6
percent 100.0000 100.0000 100.0000 100.0000
Incorrect number 0 0 0 0
percent 0.0000 0.0000 0.0000 0.0000
Kappa statistic 1..0000 1.0000 1.0000 1.0000
Mean absolute error 0-.0000 0.0000 0.0000 0.0035
Root mean squared error 0.0000 0.0000 0.0000 0.0036
Relative absolute error 0.0000 0.0000 0.0000 5.6680
Root relative squared error 0.0000 0.0000 0.0000 5.6975
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Classifier™s summary of train data set : group 3.
Method trees.J48 bayes.NaiveBayes functions.Logistic functions_MultilayerPerceptron
Correct number 1086 796 1058 1055
percent 97.3991 71.3901 94.8879 94.6188
Incorrect number 29 319 57 60
percent 2.6009 28.6099 5.1121 5.3812
Kappa statistic 0.9020 0.3682 0.8065 0.7830
Mean absolute error 0.0493 0.2848 0.0835 0.0582
Root mean squared error 0.1569 0.5301 0.2009 0.2148
Relative absolute error 17.8478 103.1818 30.2632 21.0714
Root relative squared error 422774 142.8201 54.1139 57.8722
Classifier®s summary of validate data set : group 3.
Method trees.J48 bayes.NaiveBayes functions.Logistic functions.MultilayerPerceptron
Correct number 750 596 755 747
percent 91.0194 72.3301 91.6262 90.6553
Incorrect number 74 228 69 77
percent 8.9806 27.6699 8.3738 9.3447
Kappa statistic 0.6711 0.3825 0.6924 0.6224
Mean absolute error 0.1104 0.2757 0.1058 0.0927
Root mean squared error 0.2941 0.5224 0.2540 0.2801
Relative absolute error 38.5446 96.2306 36.9394 32.3509
Root relative squared error 76.3613 135.6312 65.9458 72.7214
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weka.classifiers.trees.J48
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Classifier™s summary of all train data set
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tree baye function function
Name of classifier method n_CLAMP n_J48 n_NaiveBayes n_Logistic n_MultilayerPerceptron
Correct. 1291 1289 1121 1284 1270
92.0171 91.8746 79.9002 91.5182 90.5203
Incorrect. 112 114 282 119 133
7.9829 8.1254 20.0998 8.4818 9.4797
Kappa statistic 0.8315 0.8286 0.6046 0.8213 0.8008
means absolute error 0.1007 0.1077 0.2007 0.1133 0.1217
Root means square error 0.2538 0.2748 0.4461 0.2483 0.2713
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