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Bayesian Network-based Data Analysis for Diagnosing Retinal Disease

Hyun—-Mi Kim*, Sung-Hwan JungH

ABSTRACT

In this paper, we suggested the possibility of using an efficient classifier for the dependency analysis
of retinal disease. First, we analyzed the classification performance and the prediction accuracy of GBN
(General Bayesian Network), GBN with reduced features by Markov Blanket and TAN (Tree-Augmented
Naive Bayesian Network) among the various bayesian networks. And then, for the first time, we applied
TAN showing high performance to the dependency analysis of the clinical data of retinal disease. As
a result of this analysis, it showed applicability in the diagnosis and the prediction of prognosis of retinal

disease.
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SAHGA SHAA FeS Brlstr] et oy
s e Ao Fd A 2k F 2 (RMSE)
& at AlFe] Huol Alu2S I AR 2+
2te] Aol FUsth TANOIA ol HojHF o3t
(MAE)2 0.14°]% At 2 2] 3 < (RMSE)&
0.232 Markov Blanket® GBN2] MAE 0.28, RMSE
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Training Test
30 60 90 T30 T60 T90 10-fold
TAN 90.0 90.5 91.1 76.7 85.0 90.0 80.0
GBN 78.9 72.2 70.4 65.0 71.7 66.7 74.4
GBN 76.7 77.8 76.3 58.3 73.3 71.6 75.3
H 6. TANS| o EHetd EM(n=00 23 & 20f EIAE)
Class TP Rate FP Rate Precision Recall F-Measure
0 0.85 0.05 0.90 0.85 0.87
1 0.95 0.03 0.95 0.95 0.95
2 0.9 0.08 0.86 0.9 0.88
Average 0.9 0.05 0.90 0.9 0.9
Mean Absolute Error(MAE) 0.14
Root Mean Squared Error(RMSE) 0.23
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Class TP Rate FP Rate Precision Recall F-Measure
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2 0.65 0.1 0.77 0.65 0.7
Average 0.72 0.14 0.73 0.72 0.72
Mean Absolute Error(MAE) 0.28
Root Mean Squared Error(RMSE) 0.37
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B oF 14%~16%°]™, HI(42A4] ©]7, 56419 F)
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E 9. TANOIAM SefAL=H hx(ZIE2)0| O|X[= model(REZ2R) CPT

is0s fhx S AR AD X
0 0 0.974 0.009 0.009 0.009
0 1 0.014 0.392 0.473 0.122
1 0 0.968 0.011 0.011 0.011
1 1 0.074 0.394 0.33 0.202
2 0 0.974 0.009 0.009 0.009
2 1 0.014 0.338 0.554 0.095
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E 10. TANOIIA SeiA=9 age(H0()7t O|X|= finding(2~74) CPT

) finding

1508 ase CME ERM CME+ERM MH taut NO
0 LOW 0.094 0.032 0.016 0.016 0.016 0.828
0 MID 0.06 0.06 0.015 0.015 0.106 0.742
0 HI 0.218 0.131 0.022 0.022 0.065 0.543
0 HHI 0.056 0.167 0.028 0.028 0.083 0.639
1 LOW 0.143 0.143 0.018 0.018 0.125 0.554
1 MID 0.16 0.04 0.02 0.02 0.38 0.38
1 HI 0.613 0.032 0.016 0.016 0.113 0.21
1 HHI 0.59 0.046 0.023 0.023 0.023 0.295
2 LOW 0.052 0.052 0.026 0.026 0.023 0.605
2 MID 0.038 0.038 0.13 0.019 0.167 0.611
2 HI 0.171 0.097 0.012 0.061 0.305 0.354
2 HHI 0.211 0.158 0.132 0.026 0.079 0.395

E 1. TANS 0|88 Fali& =9 f(ZUFA)7t 0jX|= A= CPT

isos ft EYE-1 EYE-2 EYE-3 EYE-4
0 ONE 0.1 0.5 0.3 0.1
0 TWO 0.192 0.346 0.346 0.115
0 THREE 0.547 0.359 0.047 0.047
0 FOUR 0.712 0.227 0.045 0.015
0 FIVE 0.559 0.324 0.088 0.029
1 ONE 0.438 0.438 0.062 0.062
1 TWO 0.357 0.271 0.357 0.014
1 THREE 0.019 0.712 0.25 0.019
1 FOUR 0.1 0.1 0.7 0.1
1 FIVE 0.135 0.25 0.596 0.019
2 ONE 0.102 0.17 0.602 0.125
2 TWO 0.017 0.293 0.293 0.397
2 THREE 0.071 0.071 0.5 0.357
2 FOUR 0.071 0.071 0.071 0.786
2 FIVE 0.038 0.038 0.577 0.346
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