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Analysis and Study of SPRINT Algorithm Based on Hadoop Platform

Huang Gang,Sun Yuan
(School of Computer Science & Technology, School of Software , Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract: When the traditional decision tree algorithms handle massive data mining on a single platform, due to limited
computing power and storage capacity. It has the shortcomings that taking too long time , poor fault tolerance ,small storage
capacity. The emergence of the Hadoop platform which has high reliability and fault tolerance has provided a new way for
parallelization of decision tree algorithm. In this paper,a parallel SPRINT classification algorithm based on Hadoop plat-
form has been designed and implemented. The results show that the SPRINT classification algorithm based on Hadoop
platform has better classification accuracy than the SPRINT algorithm without parallelization. It also has lower time com-
plexity and better parallel performance. It can improve the execution speed of the algorithm for the best time of the split
point significantly.
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Table 1 The training data set of Golfing

Outlook Temperature Humidity Windy Class : Play rid
Sunny 85 85 False No 0
Sunny 80 90 True No 1

Overcast 83 78 False Yes 2

Rain 70 96 False Yes 3
Rain 68 80 True No 4
Rain 65 70 True No 5

Overcast 64 65 False Yes 6
Sunny 72 95 False No 7
Sunny 69 70 False Yes 8
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Sunny 75 70 True Yes 10
Overcast 72 90 True Yes 11
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Table 2 The attribute table of outlook and windy Table 3 The attribute table of temperature and humidity
after pretreatment after pretreatment
Outlook Class:Play  rid Windy  Class:Play  rid Temperature Class:Play  rid Humidity ~Class:Play  rid
Sunny No 0 False No 0 64 Yes 6 65 Yes 6
Sunny No 1 True No 1 65 No 5 70 No 5
Overcast Yes 2 False Yes 2 68 No 4 70 Yes 8
Rain Yes 3 False Yes 3 69 Yes 8 70 Yes 10
Rain No 4 True No 4 70 Yes 3 75 Yes 12
Rain No 5 True No 5 72 No 7 78 Yes 2
Overcast Yes 6 False Yes 6 72 Yes 11 80 No 4
Sunny No 7 False No 7 75 Yes 9 80 Yes 9
Sunny Yes 8 False Yes 8 75 Yes 10 85 No 0
Rain Yes 9 True Yes 9 80 No 1 90 No 1
Sunny Yes 10 True Yes 10 81 Yes 12 90 Yes 11
Overcast Yes 11 True Yes 11 83 Yes 2 95 No 7
Overcast Yes 12 False Yes 12 85 No 0 9 Yes 3
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Fig.2 The rid of properties that recorded on the has table B3 BAFTRRRRRM
which partition to the left child node of the root Fig.3 The final decision tree of golfing
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