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Abstract In age of big data,it is a severe problem that feature terms are faced with “high-dimension and sparse” chal-
lenge in text mining. Contradiction between enormous scale of terms and scarce of features will cause high-time-space
complexity and poor efficiency,and restricts the efficiency of text mining seriously. Thus, it is crucial to preprocess data
before mining text, Terms-dividing and stop-words-deleting are operated merely in data preprocessing of traditional text
mining algorithms. In order to improve process of data preprocessing,data preprocessing algorithm based on term fre-
quency statistics rules (DPTFSR) was proposed. To begin with, expression about number of terms with identical fre-
quency is deduced based on Zif’ s Law and rule of maximum area. What’ s more, regularities of distribution based on
terms with identical frequency is explored. It is discovered that proportion of low-frequency terms in documents reach up
to 2/3,but there is little relevancy between them. Lastly,data is preprocessed based on terms frequency statistics rules.
Low-frequency terms are deleted,and features dimension is decreased greatly. Correctness of term frequency statistics
rules and validity of algorithm DPTFSR are verified on data sets from Reuters-21578 and 20-Newgroups. Experimental
results show that accuracy, precision, recall and F1 measure are increased, and running time is shortened obviously.
Thus, efficiency of text mining is significantly enhanced.
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5.2.2 RERREFEEIASEFTHRBHAR
TEBIEEE Reuters-21578 1 20-Newsgroups b ¥R H 5

OO BT B B F T SVM 4328 58, 2 F il S e

R I BE AL B 5 W A SCA A3 2 I S HE HEA T BRI

W 1 AR 2 BrF, BT RSRAGE TR R SVM AR 4
TR (Accuracy) I8 1 ZR (Precision) . A 8] # (Recall) 1
F1 B HAAES N FRMEEWE S T4 SVM R,
BiEf7Rd e B B RRAIG . X 2 f AR SR AL 3 B BOKE o5 S0
2/3 AR TF, <2 ) iE MR L TR e 3, AU B
B 1/3 By TF,>2 WiE R GiHE, K KRYE T 817
AtiE] . 763X P8 & Reuters-21578 w1, B F i) 53 45 1 B 22 19
SVM FEHY {) F2 F-BIETf 2R 22 R 10 3R R - 39 3 [l 3R
FH F1 BREA 95 B 5% SVM ## 0, 49%,2.39%,
2.15%,2. 27% B AT B[R/ 71. 6190, ZEEUIE & 20-
Newsgroups H1ZEF 1] 5 4t 1 AL AR i) SVM B R 1) 7% - 35 o
TR BTSRRI B MR F1 ERES
& g SVM KR 2, 25%,2. 07%,2. 49%, 2. 29% , V4315
TFEEEN 73.52%

1 7EHAERE Reuters-21578 AT TSGR M EE BULIERATE SVM 20 K48 BEREXT HL

Reuters-21578 % SVM AR ETFRSEN AL SVMER
Data Sets Accuracy/%  Precision/%  Recall/ % F1/%  #47w /s Accuracy/% Precision/%  Recall/% F1/%  Z4THE/s
Acq 87. 89 76. 36 70. 99 73.58 2279 88.63 78.03 72.53 75.18 611
Crude 94, 28 50. 61 47.98 49. 25 2037 94. 55 53.09 49.71 51. 34 574
Earn 84,65 84,63 75.02 79. 54 2285 86. 29 86.99 77.04 81.71 637
Grain 92.94 70. 49 61. 70 65. 80 2196 93. 38 72.98 63. 22 67.75 605
Interest 94. 55 42.75 41. 26 41.99 1986 94. 28 45.59 43. 36 44, 45 632
Money 93.92 58.12 54, 88 56. 45 1959 94,15 59. 80 56. 74 58.23 553
Ship 96. 59 39. 74 36. 05 37.81 1891 96. 72 42.68 40, 70 41,67 548
Trade 94, 68 45, 04 40. 41 42. 60 2025 94. 92 47.73 43.15 45. 32 571
P 92. 44 58. 47 53. 66 55. 96 2082 92. 93 60. 86 55.81 58. 23 591
F 2 FEHAEE 20-Newsgroups LT EFIAMG AN BEE TALIERTE SVM 53258 P REN
20-Newsgroups 4 % SVM # A EFRMA ALY SVUM A
Data Sets Accuracy/%  Precision/%  Recall/% F1/% ZEATRE /s Accuracy/%  Precision/%  Recall/% F1/% FEATHE /s
Comp vs Rec 87.50 89.12 85. 44 87. 24 3647 88.78 90. 88 86.99 88. 89 953
Comp vs Sci 75. 31 76. 09 73.15 74.59 3418 717.87 78.28 76.59 77.43 892
Comp vs Talk 96. 02 96. 79 95. 87 96. 33 4065 96. 49 96. 81 96. 73 96. 77 1067
Rec vs Sci 73.58 76. 09 69. 99 72.91 3734 76.99 78. 25 74.12 75. 88 981
Rec vs Talk 83. 27 86. 25 82.78 84, 48 3849 86. 00 89. 01 85, 04 86.78 1078
Sci vs Talk 76. 14 80. 04 75.23 77.56 4276 79.19 83.06 77.94 80. 42 1113
FEFH 81. 97 84. 06 80. 41 82.19 3830 84. 22 86.13 82. 90 84. 48 1014

TEPI RS b B FERS R R A 0 R F1 R RE
K izfrita] 5 MM ARERHE S SVM ARELFIEE TR 7L
AN SVM BRI M REHEAT LU, G5 RN 1A 6 AR 7 T

P TT R TR T R B SCAS B FAh B8 7 3, 7
PRIUE S 05 BE B TR T AR ORGE S 1B A7 ] » i o S L EAS
T AMAER.
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