a6 A1 A I -
2019 4F 1 H COMPUTER SCIENCE

Vol. 46 No. 1
Jan. 2019

HIEERSXTTAMTRNERR BT IE

WiE BRIk Bt B REKR
(CREIA%ITENAFEETHER L 200237)

W OE wMASFNNGRBEEGTAR, —A2ARTRS L AR LA OAEE M, 4 huEF T 5% K%
SEPME BRT —HEATRASH OB RBEESETRARGFET X AT ENBBEEGTHRE, &5
ERFEROBBEEIL AP ECELERAA  RETHOLXERLRAGHA, B R A >EF4E EEL, EHEZEEWL
Ko T RN ETHAREGHPER , F—FT L HENBREAR KRR BEN > ETARG T A5k, £HF 184
UCIAREHEEEA ST L LR THROKEES L TARNGFFER . FLARI A S LB ML HBEERITS
EE, g4l LR R R SIEYN T FIFAE G F A AR TAITIE,

EHRW HETARE, S EZE RAI,Z 88K, 5 EXTAKR

FEESES  TP391 XERARIZES A DOI 10. 11896/j. issn. 1002-137X. 2019. 01. 012

Confidence Interval Method for Classification Usability Evaluation of Data Sets
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Abstract It is always a difficult problem to evaluate the usability of training data sets effectively, which hinders the ap-
plication of intelligent classification systems. Aiming at the issue of data classification in the field of machine learning,
based on interval analysis and information granulation, this paper proposed an evaluation method of data classification
usability to measure the separability of data sets. In this method,dataset is defined as the classification information sys-
tem,and the concept of classification confidence interval is put forward, then the information granulation is carried out
by interval analysis. Under this information granulation strategy.,this paper defined the mathematical model of classifi-
cation usability,and further gave the calculation method of the classification usability for single attribute and the total

data set. In this paper,18 UCI standard data sets were selected as evaluation objects, the evaluation results of classifica-

tion usability were given.and 3 classifiers were selected to classify the above data sets. Finally, the effectiveness and fea-

sibility of this evaluation method are verified by the analysis of experimental results.
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Table 1  Description of experimental data sets
Data Set Instance Attribute Class
Abalone 4177 8 3

Breast Cancer 699 9 2

Buzz Twitter 140707 77 2

Car Evaluation 1728 6 4

Contraceptive Method 1473 9 3
Heart Disease 270 13 2
lonosphere 351 34 2
Iris 150 4 3
MAGIC Gamma 19020 10 2
Shuttle 14500 9 7
Spambase 4601 57 2
Teaching Assistan 151 5 3
User Knowledge 403 5 5
Wilt 4839 5 2

Wine Red 1599 11 6
Wine White 4898 11 7
Yeast 1484 8 10

Zoo 101 16 7
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Fig. 2 Evaluation results for partial data sets
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Table 2 Classification availability evaluation results of

other data sets

Data Set max min avg
Abalone 0.5324 0.4846 0.5114
Breast Cancer 0.9270 0.7897 0.8728
Buzz Twitter 0.9219 0.2373 0.7525
Car Evaluation 0.5775 0.2975 0.4259
Contraceptive Method 0.4352 0.2695 0. 3740
Heart Disease 0.7630 0.4667 0.6541
Tonosphere 0.7863 0. 0000 0.5845
Iris 0. 9600 0.5467 0. 8000
MAGIC Gamma 0.7375 0.4725 0.5742
Shuttle 0.6921 0.1303 0. 3865
Spambase 0.7768 0.3367 0.5751
Teaching Assistan 0.4106 0. 3444 0.3881
User Knowledge 0.7829 0.2093 0.3891
Wilt 0.7628 0.5114 0.5993
Wine Red 0.3984 0.0775 0.2046
Wine White 0.3030 0.0635 0.1670
Yeast 0.5175 0.1119 0.2276
Zoo 1. 0000 0.1089 0.6120

MREL b ) 52 3 25 2R v T LAk B AN ) i 4 1 o3 2 T
PEAFAEAR KM 225 . o5 1L T3 26 5odls 4R 11 45t R 1 0 2
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ALY S 5L T Python 3. 6 F- & Y Scikit-Learn #l £ %%
> i g R S B L B H B3 Bl 2 JE 4% 20 i GaussianNB#
CARTM FI LinearSVCE® , GaussianNB Bl Gaussian Naive
Bayes , J& — it IR DA w5 07 43 A0 19 A 3R DL 8. CART BP
Classification And Regression Tree, 5& — Fh 25 8L (1) g 5 B B
HEHEE RECK & = X, LinearSVC &5 T A K
AR {7 (Chih-Jen Lin) #2455 42 Hi 9 LibSVM i 5 3L Y 32
FR 1 B LI s LinearSVC SR H T 2 VR A A HE AT LXK M4
B SEAT RO (Y 43 2B |,

F 3FIH T GaussianNB 43285 19 L8 25 5, AT b 45
T UER 2 (Accuracy) 4 B (Precision) . & [ # (Recall) 3 4>
T bR AR TN AR, 78 53 28 9250 58 WUR L 18 SRS 18 B 1 7 4
SRRMEZE . R O T Bl AR Y o3 28T T X T A 2
FERLPERR I S0, 3 3 g il 1 B HOE 4R 1Y 4 26T v
EARAE AL BRS04 26T A S GaussianNB 43 28 45 Y
o rERE ANl 3 . & 3 WK T 7E GaussianNB 43258 1, 5
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Table 3 Experimental results of GaussianNB classifier
CHA s %)

Data Set Accuracy Precision Recall cU
Abalone 51.88 50. 54 53.63 52.53
Breast Cancer 95. 86 95.03 96. 15 92.42
Buzz Twitter 94. 54 89. 67 94. 94 86.61
Car Evaluation 75.41 49. 45 59.96 57.75
Contraceptive Method 47.11 48.68 49.51 43.52
Heart Disease 83.33 83.41 83.00 76.30
Tonosphere 86. 60 87.45 83.43 74.93
Iris 95.33 95. 84 95.33 94.00
MAGIC Gamma 72.69 72.05 64.68 73.65
Shuttle 85. 84 47.90 73.78 71.61
Spambase 82.56 83.55 84.82 79.09
Teaching Assistan 48. 95 48.67 49.05 41.06
User Knowledge 83.88 74.36 73.97 74.94
Wilt 88. 10 63. 34 71.15 74.60
Wine Red 52.73 31.52 29. 87 45.03
Wine White 43.46 25.53 28. 84 35.03
Yeast 14. 82 35.39 40.01 25.74

Zoo 96.09 87.86 90. 00 44.55
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Fig. 3 Classification usability of data sets and classification

performance of GaussianNB model

M AT LB L O AR R 2 2R T S Gaus-
sianNB 7 BRI (g M RE 7E B ik B 2B T ke g, W
S EAR I A 5 A A R RS N I AR bR
B2 9715 2% 23 5 4 0. 0803.,0. 0853 Fl 0. 0754, ixX & W Xt F
GaussianNB 43 245 K1, AR SCH A4 4325 AT M DA% ik 0T LA
A I U R A R

FAFILT CART 4r 258510 52045 5, 0 35 e 28 (Ac-
curacy) i & (Precision) . 4 [ 38 (Recall) 3 44845 09 F ¥ {H
5ibr e 25, It HLAE R 0S5 — B0 45 1 T 08 48 43 2T Ak
CU M IEAL &5 . FIFEM, B 4 BIR THE CART 42888 1. 5K
A0 3 2] HIME 5 HA BT PR RE Z T C &R

4 CART 7 JEali rg S g 45 2
Table 4 Experimental results of CART classifier

CHA 20

Data Set Accuracy Precision Recall cU
Abalone 50. 25 50. 77 50.45 52.53
Breast Cancer 94. 14 94.02 93.29 92.42
Buzz Twitter 95.02 92.06 92.26 86.61
Car Evaluation 79. 40 68. 37 70. 34 57.75
Contraceptive Method 47.93 45.73 45, 81 43.52
Heart Disease 72.96 74.22 72.67 76. 30
Tonosphere 85.18 83.96 83.37 74.93
Iris 96. 00 96. 23 96. 00 94. 00
MAGIC Gamma 81.96 80. 20 80. 34 73.65
Shuttle 99. 88 97.79 94. 39 71.61
Spambase 88.63 88. 34 88.22 79.09
Teaching Assistan 68.27 67.17 68. 44 41.06
User Knowledge 86. 34 78.18 77.33 74.94
Wilt 97. 44 89. 54 88. 34 74.60
Wine Red 46.72 25.14 26.11 45.03
Wine White 41.08 21.74 21.93 35.03
Yeast 48. 65 38. 10 38.90 25.74
Zoo 95. 24 86.19 90. 00 44.55
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Fig. 4 Classification usability of data sets and classification

performance of CART model
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0.0939,0. 0865 #1 0. 0840, & 5 ¥ T &4 FE LinearSVC
IrREs A HERT R (Accuracy) Kb B (Precision) | & [8] % (Re-
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Table 5 Experimental results of LinearSVC classifier

CHRAL 20
Data Set Accuracy Precision Recall CcU
Abalone 54.18 52.68 53.63 52.53
Breast Cancer 96. 29 96. 22 96.15 92.42
Buzz Twitter 90. 86 90. 42 94. 94 86.61
Car Evaluation 77.07 43.88 59.96 57.75
Contraceptive Method 48.07 47. 80 49.51 43.52
Heart Disease 75.93 81.56 83.00 76.30
Tonosphere 86. 06 88. 14 83.43 74.93
Iris 96. 67 96.71 95.33 94.00
MAGIC Gamma 54.62 68. 26 64.68 73.65
Shuttle 91. 40 45.96 73.78 71.61
Spambase 78.72 83.49 84.82 79.09
Teaching Assistan 40. 32 35.38 49.05 41.06
User Knowledge 77.33 51.53 73.97 74.94
Wilt 76.58 66. 04 71.15 74.60
Wine Red 42. 80 18. 74 29. 87 45.03
Wine White 35.55 19. 56 28. 84 35.03
Yeast 56. 94 52.41 40.01 25.74
Zoo 96.09 87.76 90. 00 44.55
— A B
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Fig. 5 Classification usability of data sets and classification

performance of LinearSVC model
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