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Disease Trend Prediction Algorithm Based on International News
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2. College of Computer Science and Technology, Jilin University, Changchun, Jilin 130012, China)

[ Abstract] As the core of natural language processing, text classification has become a key research issue in text processing.
This paper focuses on the prediction of large-scale and common diseases in society. Obtain news texts reported by major news media
around the world, respectively count the top ten disease rankings in the news texts, and analyze the characteristics of the original data
distribution. In this paper, the text model based on CNN and LSTM networks and the disease trend model based on LSTM networks
are merged to comprehensively analyze the text information of news and the time series of diseases, and use a special strategy for
selecting diseases. The experimental results show that the strategy achieves more than 70% accuracy on seven different news data sets.
The fusion strategy and disease selection strategy proposed in this paper have certain significance for disease trend prediction and can
help improve the accuracy of disease trend prediction.
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Tab.1 News media statistics

B A AR E] I EEES
CNN 2011/8/4 2020/3/20 124 394
FOX 2001/1/22 2020/3/2 524 695

Daily Beast 2008/10/5 2019/12/31 99 071
BBC 2011/4/11 2020/4/8 363 957
Reuters 2005/7/22 2017/2/10 2599 837
Daily Telegraph 2005/1/1 2020/3/31 1102 600
Al Jazeera 2003/4/19 2020/3/9 206 537
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Tab.2 Number of disease category in news

CNN  FOX Daily Beast BBC Reuters Daily Telegraph Al Jazeera
105 144 82 96 136 111 57
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Tab.3 Statistics of total number of partial diseases

FEAHEEEN HIV AIDS  Depression  Polio  Gambling
CNN 5207 3445 5238 1555 1116
FOX 11936 11086 17797 1798 5586

Daily Beast 2874 2565 3463 418 1061
BBC 1555 3843 3756 1135 2 886
Reuters 20303 16982 23112 2973 16 139
Daily Telegraph 2 587 2270 124 463 4473
Al Jazeera 3568 3151 1543 1049 675
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Tab.4 Number of candidate diseases
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Tab.S Target score of different models

BT A FIEPHTEH BT A PR
CNN 23 Reuters 15
FOX 23 Daily Telegraph 23
Daily Beast 23 Al Jazeera 24
BBC 24

BB LSTM LSTM #1i fil A5
CNN 0.741 0.898 0.91
FOX 0.745 0.76 0.77

Daily Beast 0.698 0.713 0.754
BBC 0.713 0.717 0.743
Reuters 0.773 0.834 0.865
Daily Telegraph ~ 0.624 0.65 0.71
Al Jazeera 0.758 0.84 0.86
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