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Table 1. Parameters used in the genetic algorithm

Parameter Size

Generation 100

Population 100
Crossover rate 0.65
Mutation rate 0.1
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Table 2. Performance index of the proposed model

No. of selected Joe€lected number of cluster Training | Testing
input variables per context data data
per context 1st an 3rd 4th 5th 6th error error
1 413 212152111072 09368
2 51414 (5415109274 ]| 1458
3 4 |51 214 4] 31100441 1.3683
4 4 | 3]1515[3]3110825]11381
5 3141213 (5] 3106987] 16744
6 313131212 2]|1038]22780
7 313151145 ]| 2]07281 11987
8 21514132 1.2168 | 2.5459
9 31213132 0.9775 | 2.6185
10 4141 3 1.6642 | 3.2578
35
Training data error | ——6—— B
3+ Testing data error :  ~w=---ghe-euue 4
25 o o
- B, g

S T S e S 2N T A T
Number of selected input variables per context

J" 2. Contextotct ME4El olauigol o wE MSX|$

Fig. 2. Performance index regarded as a number of selected
input variables per context
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Table 3. Comparative analysis of the performance

No. of nodes in] Training Testing
Model the hidden layer error error
20 6.5390+0.2538]9.1709+0.4628
RBFNN 25 6.2509+0.1708]9.0712+0.2975
Proposed 1 18 1.1072 0.9368
model 4 23 0.8256 1.1381
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