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Abstract Shared knowledge is focused on the problems of knowledge discovery shared by two(or more) applications/
datasets,and it can help users investigate a poorly understood dataset from a well understood dataset by analogy and
transferring knowledge. However, with the advent of the era of big data, the existing algorithms based on serialized can
not able to meet the need of the rapid data growth and the serial algorithm has low efficiency in big datasets, The Paral-
lel Shared Decision Tree algorithm(PSDT) based on Hadoop was introduced by using cloud computing, The traditional
attributes list structure is uses in the PSDT. But the overmuch operations of 1/O occur in the parallel processes of this
algorithm, which will influence the algorithm’ s performance. A new Hybrid Parallel Shared Decision Tree algorithm
(HPSDT) , which uses hybrid data structures, was proposed. The algorithm applies attributes-list to compute the split
indicators parallelly,and data records-structure to split in the splitting procedure. Data analysis indicates that the algo-
rithm of HPSDT simplifies the splitting process,and its operations of I/0O are 0. 34 times of the PSDT. The experimen-
tal results show that PSDT and HPSDT have good parallelism and scalability, furthermore, the performance of HPSDT
is better than that of PSDT. Especially, the superiority is even more obvious with the increase of the dataset size,
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B, SDT gk b, PSDT Ht HPSDT 55 #R R ChIlEE He /b
F D HEESESEN K, PSDT ft HPSDT B M IF17 ik
ST . TR A BB I KU R 458, AM B, PSDT
1 HPSDT fy Nk B8 8) T 6. 24 #111. 65,

& 3 PR4I%t T PSD 1 HPSDT % gk gy it 1] HE 6B, WA P
A%, HPSDT B ¥4k F PSDT B ik, BRI E B /Det,
PSDT 5 HPSDT Ky:iE 170} E] LR KT 1. 1; 0 B EEE R
HH K, PSDT B R AR R EWHRA 1/0 RIEME
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# 3 PSDT 5 HPSDT #4708 R %)

HERAAM  PSDT(minute) HPSDT(minute) EATRHE L E
7.6 12.95 1.7 .11
38.1 20, 98 18.76 1.12
76.3 34.55 30, 35 1.14
114.5 43,55 39. 65 115
229, 1 76, 83 52,93 1.45
458, 4 144.7 77.5 1.87
917 278.33 113.73 2. 45
5.3 SEBENEXE
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