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Development of Diabetes Mellitus prediction model
using artificial neural network
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ABSTRACT

There were many cases to apply artificial intelligence to medicine. In this
paper, we present the prediction model of the development of the
NIDDM(noninsul in-dependent diabetes mellitus). It is not difficult that doctor
diagnose patient as DM(diabetes mellitus). However NIDDM is usually
developmented later on 40 years old and symptom appeares gradually. So
screening test or prediction model is needed absolutely. Our model predicts
development of NIDDM with still normal data 2 year ago. Prediction models
developed are both MLP(multilayer perceptron) with backpropagation training
and RBFN(radial basis function network). Performance of both models were
evaluated with likelihood ratio. MLP was about two and RBFN was about three.
We expect that models developed can prevent development of DM and utilize
normal data,
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2) &Y% (hidden layer) :
single hidden layer MLP :
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Ao]¥(transfer function):= tansigmoid
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MLP model : 17x5x1

4) a8
- maximum epoch = 50000
- error goal = 0.01
~ learning rate = 0.001
- momentum = (
B4 -1, BAle +1

- backpropagation

- target !

Az e FYES 5

A8 (purelinear)S A}-&3}4ct.

B. RBFN(radial basis function network)
1) &8 3=(input layer)
MLP2} Zrct,
2) &Y% (hidden layer) :
single hidden layer : ¢J8&x=248 177
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3) €% Z%(output layer)
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4) St
- maximum epoch = 5000
- error goal = 0.01
- target @ AL -1, B 4]
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AL | e f |e/(a+c+e)/f/(b+d+f)
4, Az}
A. MLP model 10%2] HF(TR:TE=2:1)
Algdole] &Y F X (Test=40)
&gt | B AL | $xH|(LR)
¥ (7.9(0.395)|3.6(0.18) 2.19
% 7t 2+(6.3(0.315)|7.8(0.39) 0.81
¢8| 5.8(0.29) |8.6(0.43) 0.67
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B.RBFN model:10%}2] B (TR: TE=2:1)
Al 8o el & ¥ ¥ (Test=30)
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2918 (3.5(0.233) | 7(0.467) 0.50
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