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Abstract In order to improve the efficiency and accuracy of big data mining, this paper applied the sparse representa-
tion and feature weighting into big data processing. At first,the features of big data are classified by solving the sparse
mode of linear equation. In the process of solving the sparse solution,a vector norm is utilized to transform this process
into the process of solving the optimization objective function. After feature classification,feature extraction is executed
to reduce the dimensionality of data. Finally. the distribution of data in the class is combined sufficiently to conduct
weighting effectively,thus realizing data mining. The experimental results suggest that the proposed algorithm is supe-
rior to the common feature extraction and feature weighting algorithms in the terms of recall and precision.
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Table 1 Experimental data
CRRAL T
* 7 HHEN & R wE T H H#H
AR A 196 261 178 216 232 240
R A 96 130 89 107 115 118

AEEAESSMESG B4R 21,8 1 h LB
R CRE B AR 251,
3.3 HFMEREIKE

A% S 3 6 T iR R A B OB L B B £ (G

W22 R (CE) \CHI A SC A IE R AL (WET) % 5 k1), 5 A
SCHEH Y CDF 533 30647 52 BUSE 56 M RE X EE . V- 98 b R Al 48
4 (Recall) | £ #E # (Precision) FE#f R, &5 50863+
B,5 FE M Recal(R) 5 Precision(P) 5% 2 FF 31,
2 ATRVRHIE S HUR s 025 4 SO 2L R X
Table 2 Comparison of recall and precision in different feature

extraction algorithms
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Fig. 1 Comparison of recall of different feature extraction algorithms
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extraction algorithms
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Table 3 F1 values of different feature weighting algorithms
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Fig. 3 Comparison of F1 values of different weighting algorithms

after using 1G algorithm
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Fig. 4 Comparison of F1 values of different weighting algorithms

after using CE algorithm
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Fig.5 Comparison of F1 values of different weighting algorithms

after using WET algorithm
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Fig. 6 Comparison of F1 values of different weighting algorithms

after using CHI algorithm
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after using CDF algorithm
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