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Abstract

[Background/Meaning] The Weibo users are regarded as perceptual units to form a Crowd-sensing
network, to produce intuitive and visual description of the distribution, transmission and devel-
opment of infectious diseases and corresponding public emotions. [Method/Process] The study is
divided into five parts: first, crawl the microblog posts associated with the event; second, use the
data filtering model to filter the set of posts that have low correlation with the event; meanwhile,
query and detect the position based on OpenStreetMap to return to the real position set; then,
based on JIEBA word segmentation system of Python and Bayesian algorithm, achieve keyword
emotional prediction; finally, through the emotion feedback model p and epidemic monitoring
model 3, generate emotional curve and epidemic map, and make a case study. [Result/Conclusion]
By this method (containing four models), epidemic emotion maps of infectious diseases and public
emotion curves can be generated from Weibo. Among them, the map shows the epidemic situation
and spread of each location set, and the emotion curve gives the public feedback changes. The
study found that the more cases and the higher flow of population, the more negative the emo-
tional performance. Excellent medical conditions and positive social media campaigns have a pos-
itive effect on public emotion.
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Figure 1. Research framework

B 1. RAESR

DOI: 10.12677/0rf.2018.83012 93 1B 512


https://doi.org/10.12677/orf.2018.83012

FU 2:
VE € E—(3t,eT A3, €T At,, €t,)

R R ATT X L FRY I o) 2 A AR R A R AR A
F 3

VE e E—>{3z,eZ na; e An(z,21000v a; >1000)|

AT RSP GANRT AT RAR, TG R w2 A AT e e A AT

4) AR AR

SCEHR Fl-measure {E A /FXS R AL 10 Z0PAL 5 20 LBFE DL “HTNO” NAhFial dEAT 44 %R [l i1
700 ANt EE S . A MR R, A F 3 A T BLERAS e K A [B1R 92.0%, 25 8% %
RATHILIE, VEIIIEAZ T MR RATH R SR A . 456 3 2RI 1 TR 2 0
[¥) Fl-measure {H, ik 85.7%, XKUY T IR 0L IEMERERIREF (1 o BRI JEVERE QIS 2 P
7No

4.2. RS HERE p

1) TEEX

2 D(dy,dy,e o, d, ) 5, O (1<i<n) FRKHT d, TR, M. H. L 4y BIZoR A e Bk,
HWEERER,  f(1<i<n)Rmoria d;THIIE. ¢ FREEEERE.

2) WA SN

BING): mBEE EAEEEE) 7 4E D,

(). SEEEEME ¢-

HRIFAE LI R P RE

120.0%
100.0% 100.0%
100.0% 92.0%
85.3% 85 7%
75 03 79.8%
80.0% 0
1.8% 67.5Y
60.0p 200
40.0%
20.0%
0.0%
Rulel Rule2 Rule3 Combination Of 3
mRecall ®Precision ®=F1-Measure Rules

Figure 2. Filtering quality
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Table 1. Model performance
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Precision Recall F-Measure AUC AUPR Correct Incorrect

Result 0.721 0.780 0.729 0.833 0.770 78.01% 21.99%
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Figure 3. “H7N9” event emotion curve
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Figure 4. Epidemic emotion map
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Table 2. The number of cases corresponding to the emotional value of each location set (the position set of case number 0
has been omitted)
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Table 3. Emotional value-case number correlation coefficient
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