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Pattern Classification Using Hybrid Monte Carlo Neural Networks

Sung Hae Jun'- Seong Yong Choi't - Im Geol Oh''" - Sangho Lee'™" - Hong Suk Jorn ™'

ABSTRACT

There are several algorithms for classification in modeling relations, patterns, and rules which exist in data. We learn to classify objects on
the basis of instances presented to us, not by being given a set of classification rules. The hybrid monte carlo neural networks uses the
probability distribution to express our knowledge about unknown parameters and update our knowledge by the law of probability as the evidence
gathered from data. Also, the neural network models are designed for predicting an unknown category or quantity on the basis of known
attributes by training. In this paper, we compare the misclassification error rates of hybrid monte carlo neural networks with those of other
classification algorithms, CHAID, CART, and QUEST using severa) data sets. In terms of error rate, the Bayesian method works better than
others in all data sets. The only trouble at this point is computing time.

7|9 : Hybrid Monte Carlo Algorithms, Pattern Classification, Bayesian Neural Network, Bayesian Learning
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CHAID CART QUEST BNN CHAID CART QUEST BNN
1 0.3561 0.2 0.2629 0.1414 1 04598 0.2089 0.2989 03103
2 0.3633 0.248 0.26 0.1342 2 0411 02192 0411 0.2466
3 0.3511 0.2517 0.2596 0.1489 3 0.4416 0.3377 0.4286 0.2727
4 0.3528 0.2554 0.2569 0.1439 4 0.4819 0.3253 0.3253 0.2771
5 0.3752 0.2359 0.2557 0.1286 5 0493 0.3099 03239 0.2676
6 03739 0.2382 0.2608 0.1291 6 04149 0.3617 0.2553 0.266
7 04397 0.2493 0.2765 0.1266 7 04337 03253 0.3253 0.2802
8 03371 0.2438 0.2554 0.1282 8 0.5529 04 0.5529 0.3647
9 0.3877 0.2593 0.2611 0.1228 9 0.5698 0.3837 0.4419 0.3023
10 0.3449 0.2318 0.2586 0.1247 10 05412 0.4235 04118 04118
11 0.3874 0.2472 0.2472 0.1359 1 0487 0.35 0.3625 0.35
12 0.3024 023 0.23% 0.1326 12 04483 0.3563 0.2989 02759
13 0.3554 0.2544 0.2444 012 13 04545 0.2987 04545 0.2727
14 0.3563 0.2271 02627 0.1227 14 04872 0.2692 04872 0.3077
15 0.3908 0.2384 0.2649 01349 15 05287 0.3448 05172 0.3103
16 0.3307 0.2453 0.2757 0.1439 16 03523 0.329% 0.3409 0.2614
17 0.3499 0.2409 0.2388 0.1168 17 05132 0.289% 0.3947 0.2632
18 03433 0.2461 0.2587 0.1309 18 05263 0.3289 04737 0.3026
19 03777 0.2308 0.252 01248 19 0433 0.3299 05052 0.3196
20 04019 0.2469 02715 0.1284 20 05069 0.2041 05176 0.3765
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1 0.1119 01119 0.1194 0.097
2 0.1261 0.1261 0.1261 0.0924
3 0.1552 0.1466 0.1562 0.1379
4 0.1862 0.1862 0.1862 0.1655
5 0.1858 0.1327 0.2035 0.1156
6 0.1608 0.2168 0.2168 0.1538
7 01194 0.1194 0.1269 0.1269
8 0.1269 0.1269 0.1269 0.194
9 0.13% 0.1163 0.13% 0.1473
10 0.1181 0.1181 0.1181 0.1102
11 0.1508 0.1508 0.1746 0.1349
12 0.1504 0.1353 0.1504 0.1504
13 0.203 0.203 0.203 0.1504
14 0.1221 01221 0.1374 0.1145
15 0.1888 01888 0.2098 0.2168
16 0.1367 0.1367 0.1439 0.12%
17 0.1391 0.1391 0.1652 0.1478
18 0.1628 0.1628 0.186 0.1628
19 0.1214 0.1143 0.1857 0.1214
20 01071 0.1071 0.1286 0.1214
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CHAID CART QUEST BNN
1 0.2365 0.296 0.3889 0.1327
2 0.2967 0.3238 04538 0.3038
3 0.1286 0.3228 0.4438 0.3102
4 0.275%6 0.3999 04302 05
5 0.2686 0.3271 0.3492 0.2381
6 0.3089 0.2238 0.3377 0.466
7 0.3028 0.3559 0.3302 0.3658
8 0.2673 0.3642 0.4801 0.5139
9 0.2587 0.3227 0.4464 0.3587
10
41 0.289 0.3453 0.4349 04125
42 0.2061 0.3212 0.4332 0.36%
43 0.3315 0.31% 0.3826 0.6353
4 0.3474 0.2816 0.4453 02754
45 02737 0.3716 04326 0.4905
46 0.3319 0.3666 04319 0.466
47 0.2432 0.3622 0.4856 0.3775
48 0.3767 0.3297 0.4451 0.3622
49 0.3105 0.3839 0.4619 0.4674
50 0.2244 0.3482 0.4458 0.4622
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