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Classificafion and Prediction of Neural Network Based on
Generalized Radial Basis Function

' » ZHANG Li,JIANG Hao, PU An-jian
(School of Computer Science & Engineering, Southeast University, Nanjing 211189, China)

. Abstract: Radial basis functions (RBF)‘!S & widely used tool in the neural networks. It views the design of the neural networks as a curve

~ approaching problem in the high — dimensional space. Besides the advantages of the general neural networks, such as multi ~ dimensional

nonlinear mapping capabllmes. generallzatlon parallel information processing capabilities, Gaussian radial basis functions has strong abili-
ty of cluster analysis and its learning algorithm is simple and convenient. In this paper use Gaussian radial basis functions to solve a classi-
fied problem. First train the network and then realize classifying the data in the test set. The algorithm uses k — means clustering algo-
rithm to generalize the training centers of the RBF network and singular value decomposition algorithm to calculate the output values. Fi-
nally, the analysis of the algorithm is given. The experiment shows that Ga\ussian radial basis functions has strong ability of cluster analy-
sis and its leaming algorithm is simple and convenient.
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SELECT AVG(AGE)

FROM training

WHERE AGE IS NOT NULL
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SELECT HS_ MODEL

FROM training

GROUP BY HS. MODEL

HAVING count( * ) > =all

(SELECT count( * )

FROM training

GROUP BY HS. MODEL)
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Search Method: :
Greedy Stepwise(forwards).
Start set: no attributes
Merit of best subset found:1
Attribute Subset Evaluator (supervised, Class(nominal) : 251 CUS-
TOMER_TYPE)
Consistency Subset Evaluator
Selected attributes: 7, 11, 23, 26, 28, 30, 48, 111, 181, 219 244,
248:12 :
COBRAND. CARD. FLAG
SUBPLAN
HS_AGE
HS.MODEL
TOT_- RETENTION. CAMP
LOYALTY . POINTS
TOP1. INT_CD
AVG_CALL_Tl
STD_MINS. OP
STD. VAS_ GAMES
STD. CALL. FRW_RADIO
STD_MM. CALL_RADIO
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attribute Infoa(training)  Gain(A)
COBRAND- CARD- FLAG 0.5393 0.0098
SUBPLAN 0.494 0.0551
HS- AGE 0.4482 0. 1009
HS . MODEL 0.4098 0.1393
TOT - RETENTION .. CAMP 0.5244 0.0247
LOYALTY-POINTS 0.5374 0.0117
TOP1-INT-CD 0.5278 0.0213
AVG.CALL-.T1 0.5292 0.0188
STD.- MINS. OP 0.5347 0.0144
STD- VAS- GAMES 0.5156 0.0335
STD-CALL - FRW.. RATIO 0.5254 0.0237
STD-M2M_ CALL - RATIO 0.5255 0.0236
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