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Abstract.The TF-IDF algorithm uses the word frequency and inverse document frequency to judge the impor-
tance of words, but the category discrimination effect is not very good. In order to improve the classification ef-
fect, a TF=IDF-MP algorithm is proposed. First, the documents in the corpus were marked with paragraphs. The
word segmentation tool jieba was used to label and tag the parts of speech. Then, the number of times a feature
word in a single document was compared with the average number of occurrences in the document, and the fea-
ture word weights were adjusted by the improved Sigmoid function. At the same time, different position weights
were given according to the importance of the paragraph position of the relevant document. According to the
weight of the feature words, Naive Bayes classifier was used to classify the documents. The experimental results
show that the TF-IDF-MP algorithm is applied to the news classification, and the evaluation indicators such as
accuracy, recall and F1 value are better than TF-IDF and related improved algorithms.
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Tab.1 TF-IDF algorithm, Ref[13] algorithm, Ref[16] algorithm and the experimental results of this algorithm

%
S TF-IDF SCHR[13]5 % SCHR[16]5 Ak
FEBR  piin R F1 Precision R F1 Precision R FI Precision R F1

business(50) 8142 79.64 8031 83.14 8136 80.01 8624 81.07 8075 8721 8281  80.90

health(50) 80.01  79.47 8078 80.56 8233 8212 8125 8246 83.09 81.23 8257 83.06

house (50) 87.25 85.16 86.67 89.57 87.04 8748 90.53 8674 8735 9236 89.50 91.41

news(50) 8342 8406 8127 8746 8601 8579 8812 8509 8547 9085 8743 8827

it(50) 79.63  77.81 8239 8257 79.67 8265 8358 7943 8351 8549 8290 85.03

learning(50)  80.69  83.02 8217 8371 8463 8501 8425 8396 8214 8574 8536 8743

sports (50) 8548 8436 86.62 89.93 87.12 8981 9076 88.13 9031 9285 89.72 9236

yule(50) 87.91 8431 8542 9085 8613 8725 9130 8717 8675 9399 89.42 90.20

travel (50) 81.60 81.14 8209 8275 8139 8385 8268 8330 8394 8429 8327 8503

mil (50) 8423 80.89 8451 8513 8236 8628 8549 8154 8669 87.52 8411 8874

WS B R R FL X 3 DR S bR X TF-IDF &9k SClk[13]8k F 50 SClk[16]0k #F 3 vk 5
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Tab.2 TF-IDF algorithm, Ref [3] algorithm, Ref [16] algorithm and experimental results of the improved algorithm in this

paper after using Naive Bayes classification

%
S e TF-IDF SCHR[13163 % SCHk[16]5 AR SR
SR KU Precision R F1 Precision R F1 Precision R F1 Precision R F1
business(50) 82.31  80.63 7695 8592 8225 80.13 8731 8149 81.32 8836 83.60 8l.21
health(50)  79.27 8029 80.78 8044 8214 8191 80.11 81.83 8120 81.12 8291 83.15
house (50) 86.59 8457 8628 8923 8634 87.07 8836 86.10 86.51 9247 8943 91.34
news (50) 87.54 8434 8419 8931 8607 8625 89.03 8532 8620 9121 8753  88.64
it(50) 7826 7637  81.13 8234 7959 8237 83.10 7862 8213 8332 8118 83.78
learning(50)  80.43  82.10  81.57 83.48 8431 8426 8436 8337 8236 8517 84.94  86.68
sports (50) 85.69 84.13 8747 89.34 8643 9023 9037 8724 89.74 92.17 8838 91.74
yule(50) 87.74 8547 8541 91.10 8623 8733 92,14 87.35 88.16 9430 89.38  90.11
travel (50) 8125 8031 82.04 8273 8140 8346 8231 83.04 8372 8374 8243  84.16
mil (50) 83.41 8052 84.17 85.66 8247 86.62 8476 8149 8657 8693 8333  88.14
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