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National matriculation test prediction based on support vector machines

ZHANG Li, LU Xingning, LU Conglin, WANG bangjun, LI Fanzhang
(School of Computer Science and Technology . Soochow University . Suzhou 215006, China)

Abstract: Support vector machine(SVM), one of machine learning methods, is very impressive for its good
generalization and powerful nonlinearly processing ability., SVM was combined with national
matriculation, where scores of six mock exams are taken as training data to predict the final admission
scores. Three situations were considered. First, the scores of NMT were predicted using scores in six
simulation tests. Second, the admission batch was predicted by using scores in six simulation tests and
NMT. Third, the admission batch was predicted by using scores in six simulation tests and the estimated
scores in NMT. In all experiments, SVMs were compared with neural networks (NNs). Experimental
results show that SVMs are much more stable and have better prediction ability.
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Tab.1 Feature values of enumerated variables
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Tab. 2 Nine samples after data preprocessing
S
Frik
1 2 3 4 5 6 7 8 9

1 301 250 262 207 245 268 221 271 331
2 2 3 3 3 3 3 3 3 2
3 1 2 1 4 2 2 2 2 2
4 1 3 1 4 3 2 2 2 2
5 336 305 288 249 289 302 270 318 328
6 2 3 3 3 3 2 3 2 2
7 2 2 1 4 4 1 3 2 2
8 1 3 1 4 2 2 2 2 2
9 272 253 269 240 151 282 247 296 312
10 3 3 3 3 3 2 3 2 2
11 2 2 1 4 4 1 3 2 2
12 2 4 1 3 4 2 4 2 2
13 294 291 307 241 245 271 206 301 334
14 3 3 2 3 3 3 3 3 2
15 1 3 2 4 4 2 3 2 2
16 2 3 1 4 3 1 3 2 2
17 293.5 244 286 246.5 246.5 273.5 260 294 290
18 2 3 2 3 3 2 3 2 2
19 1 2 1 3 3 1 3 2 1
20 1 2 1 3 3 1 3 3 2
21 323 291 304 240 266 300 238 294 318
22 2 3 2 3 3 2 3 3 2
23 1 2 1 4 4 1 3 4 2
24 1 2 1 4 4 1 2 2
25 316 306 335 267 276 311 274 314 324
26 2 3 1 3 3 2 3 2 2
27 1 2 1 3 3 1 3 2 2
28 1 2 1 3 3 1 3 2 2
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Fig. 2 Ten-fold cross validation prediction results
of NMT score obtained by SVM
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Fig. 3 Ten-fold cross validation prediction results
of NMT score obtained by NN
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Tab.3 Performance comparison of two methods

on NMT score prediction
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Fig. 5 Ten-fold cross validation prediction results
of admission bath obtained by SVM
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Fig. 6 Ten-fold cross validation prediction results
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Tab. 4 Performance comparison of two methods

on admission batch prediction
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Tab.5 Feature information of some misclassified samples
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Tab. 6 Performance comparison of two methods

on mixture prediction
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