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Stock Market Tracking Prediction Algorithm Based on Stream Feature Model

YAO Hong-liang DU Ming-chao LI Jun-zhao WANG Hao
(School of Computer and Information, Hefei University of Technology, Hefei 230009, China)

Abstract Because stock market volatility is of mutability and variability, and the distribution of the time series data
does not follow the normal distribution, the traditional time series forecast algorithms are difficult to accurate predic-
tion, The stock market tracking prediction algorithm based on Stream Feature Model was proposed (SFM-PG). It is
builds the Bayesian networks based on correlation between stocks, selects the Markov Blanket of the target stock as its
peer groupsand gives a windows tracking prediction model based on the proximity between peer group, through dynami-
clly updating the weight of peer group to tracking prediction, effective avoids the influence of the non-normal distribu-
tion of time series data on prediction, And then, using the sliding window to extract the feature of the time series data to
formation stream feature,and extracting the stream feature model by matching with knowledge base of base, using the
knowledge of stream feature model to adjust the predicted results,in order to reduce the prediction error introduced by

mutability, Finally, the practicability and effectiveness are showed in the experiment on the network of plate of the
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1. for all items t& Datasets
2. Create a BN for Datasets;

3. for target Xi,obtain the MB(X;) and PG(i) on BN
4. set swand Y for X;;

5. for(G=1;j<=k;j++) {

6. EDj=+/Xi—Xi,p)Xi—Xip)T s
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K
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10, PH(D =-E1 Wi, p() Xi,p(idn 3
f=

11, return PH(t);
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£ SFMPG th, 5l AS 8 A, £ SFM,, TEH N &E
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£ SFM-PG Bi:HA 3128, 298 Tsw. ¥ 1A, i85id
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1. for all items t& Datasets
2. Create a BN for Datasets;
3. Datasets is divided into Train—Data and Test—Data;
4, for target X; and Train— Data,obtain the MB(X;) and PG(i) on BN
5. set Tsw and ¥ for X;;
6. for(G=1;3<<=k;j++)>{
7. EDj=+/(Xi—Xi,pip) (Xi—Xi,pp ) 7T 5
8. PSij=exp(—7YEDy);}
9. for(j=1;j<=k;j++){

Wi, p(i>, T+l = (=AW, pi), Tow A

k
10, wip) =PSipp /EIPS,p(p Y

11. PH(D =§11W;,p(j) Xi,p(i),n 3

12, To extract SF and sfm;,create a SFMgr for Datasets;
13. in Test—Data;

14, if (have a SF in Tsw+1)

15. update SFMgr and sfm;;

16, set A for X;;

17.  update wi,p(j), Tsw+1 bY A3
18. return 103
19, return PH(1);
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TswHfl 7. EHEWE DS I DS L, HENSH Tsw Ry
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