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Research on public opinion heat prediction based on
improved WOA -Elman model

LI Jiaqi, ZHANG Xinsheng

(School of Management, Xi'an University of Architecture and Technology, Xi’an 710055, China)

Abstract: In view of the sudden and destructive problems of public health public opinion events, in order to predict the heat trend
of public opinion more accurately, this paper constructs a public opinion heat prediction model based on improved whale algorithm
(WOA) optimized Elman neural network. Firstly, the time series indicators of " COVID-19" events from January 1, 2020 to
February 19, 2020 are selected according to Baidu index and 360 trend. Secondly, WOA is used to optimize the initial value and
threshold of Elman neural network for training and prediction. Finally, compared with standard BP neural network model and
standard Elman neural network model. The results show that the average absolute percentage error and root mean square error of the
improved WOA-FElman are 4.784 3 and 219 363.784 4, respectively. The prediction results of the prediction model are more
consistent with the original data, and the prediction accuracy and prediction error are more advantageous. It is effective in solving the
heat prediction problem of public health emergencies.
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Fig. 1 Elman neural network structure
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Fig. 2 Feeding behavior of humpback whale bubble nets
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Table 1 Standard BP neural network parameters
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FRIEEL 10 000
YIZRny H bRz 2% 0.001
23] % 0.1
BT 0.9
B R Z T 10

£ 2 #5# Elman #HEZMESH

Table 2 Standard Elman neural network parameters
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Table 3 WOA optimizes Elman neural network parameters
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Fig. 6 WOA-Elman algorithm flow
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Table 4 'COVID-19’ heat data
K H% RS 360 GANEE

1 2020/1/21 0 78 78

2 2020/1/22 0 80 80

3 2020/1/23 0 555 555

4 2020/1/24 0 37 110 37 110
5 2020/1/25 11 227 92 812 104 039
6 2020/1/26 7 294 17 718 25 012
7 2020/1/27 5352 22 680 28 032
8 2020/1/28 5467 81 328 86 795
9 2020/1/29 5389 11 225 16 614
30 2020/2/19 35 287 1143 121 1178 408
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%5 #R# Elman #2 MR ZE (RMSE=11.684 1)
Table 5 Standard Elman neural network prediction error (RMSE=11.684 1)

22
SR Y HYE T
RES APE
2020/2/10 1118 686 1 048 901.060 7 69 784.939 3 0.062 4
2020/2/11 1 131 356 1 056 988.042 4 74 367.957 6 0.065 7
2020/2/12 1 135 146 1 048 901.1 69 784.939 3 0.062 4
2020/2/13 219 267 205 875.021 7 13 391.978 3 0.061 1
2020/2/14 162 855 152 856.711 5 9 998.288 5 0.061 4
2020/2/15 668 953 654 892.310 5 14 060.689 5 0.021 0
2020/2/16 2 259 802 1247 270.829 2 1012 531.170 7 0.448 1
2020/2/17 559 376 546 296.081 1 13 079.918 9 0.023 4
2020/2/18 1 696 549 1222 877.188 8 473 671.811 2 0.279 2
2020/2/19 1 178 408 1 084 845.896 9 93 562.103 1 0.079 4
MAPE — — 357 089.69
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R 6 tRAE BP ME M EFNIRZE (RMSE =536 342.44)
Table 6 Standard BP neural network prediction error ( RMSE =536 342.44)

H 3t HIE T
RES APE

2020/2/10 1 118 686 899 980.583 0 -218 705.417 0 0.195 5
2020/2/11 1131 356 899 980.583 0 —231375.417 0 0.204 5
2020/2/12 1 135 146 899 980.583 0 —235165.417 0 0.207 2
2020/2/13 219 267 290 417.080 4 71 150.080 4 0.324 5
2020/2/14 162 855 251 491.824 9 88 636.824 9 0.544 3
2020/2/15 668 953 1 027 180.148 3 358 227.148 3 0.5355
2020/2/16 2 259 802 899 980.583 0 —-1359 821.417 0 0.601 7
2020/2/17 559 376 426 862.392 0 —-132 513.608 0 0.236 9
2020/2/18 1 696 549 899 980.583 0 =796 568.417 0 0.469 5
2020/2/19 1 178 408 899 980.582 9 =278 427.417 0 0.236 3

MAPE — — — 35.558 8

#z7 WOA it Elman # 2 £ FiliR Z ( RMSE =219 363.784 4)

Table 7 WOA optimized Elman neural network prediction error ( RMSE =219 363.784 4)

H i HIE T
RES APE

2020/2/10 1 118 686 1 129 155.166 4 —-10 469.166 4 0.009 4
2020/2/11 1 131 356 1 139 873.094 9 -8 517.094 9 0.007 5
2020/2/12 1135 146 1 143 049.822 8 -7903.822 8 0.007 0
2020/2/13 219 267 215 974.452 1 3292.5479 0.0150
2020/2/14 162 855 163 082.264 0 —-227.264 0 0.001 4
2020/2/15 668 953 677 708.583 7 -8 755.583 7 0.013 1
2020/2/16 2 259 802 1 604 772.940 5 655 029.059 5 0.289 9
2020/2/17 559 376 559 936.410 5 -560.410 5 0.001 0
2020/2/18 1 696 549 1 468 932.779 2 227 616.220 8 0.134 2
2020/2/19 1 178 408 1178 339.921 5 68.078 5 5.777 1 * =05

MAPE — — — 4.784 3
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