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Abstract: Influenza usually shows the characteristics of seasonal, acute onset and rapid transmission, so
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the accurate prediction of influenza is very important. Aiming at the problems of poor accuracy of influ-
enza prediction and the difficulty of optimizing parameters of long short-term memory (LSTM) , a multi-
region collaborative influenza prediction method (MRC-DBO-LSTM) based on Pearson correlation coeffi-
cient and dung beetle optimization algorithm (DBO) was proposed. The model learns not only the histori-
cal data of the local area, but also the historical data of the region with which it is strongly related.
Firstly, Pearson correlation coefficient was used to select the regions strongly correlated with the predic-
tion place, so as to obtain the input features of higher dimensions. Secondly, the LSTM gate mechanism
was used to measure the weight of these regional data for feature fusion. Finally, dung beetle optimization
algorithm was introduced to optimize the super parameters(such as the number of hidden layers, the num-
ber of hidden layer nodes and the number of iterations, etc.) of the LSTM, so as to generate prediction
results. The experimental results of predicting influenza incidence in Shanxi Province show that the R-
Squared of the MRC-DBO-LSTM model based on multi-regional historical data is 0. 988, and the mean
square error(MSE) is only 0. 003 8. Compared with the differential integrated moving average autoregres-
sion(ARIMA) model, MSE is decreased by 99.6% , MSE is decreased by 98.7% compared to the sea-
sonal differential autoregressive moving average (SARIMA) model, MSE is decreased by 71.0% com-
pared to the LSTM model, and MSE is decreased by 48. 6% compared to the DBO-LLSTM model using
only local historical data. It is proved that the proposed model can effectively improve the prediction accu-
racy of influenza.

Key words: influenza prediction; dung beetle optimization algorithm; long short-term memory network;

deep learning; time series
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Tab. 2 Evaluation of experimental results
PR
RMSE MAE MSE R?

Model 1 0.086 1 0.065 5 0.007 4 0.976 8
Model 2 0.079 1 0.062 9 0.006 3 0.980 4
Model _3 0.0617 0.054 5 0.003 8 0.9880
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Fig.8 Results of Model 1, Model 2 and Model 3

S ZE R R, LSTM AR R A 37 SRRk i 1 0
1B BRI T 8NP T JE R X
WA g A % JE, LSTM BLAI S T Je st 1
() T A AR, e LU PG 45 it 2% s s A s
AT ISR F0I (9 1 50 T, A 7R 1 R PR 4 T
SIAT DXIR RE B A IS 02 e AR . H A
Model 2 5 Model 1 #3 Lt , RMSE, MAE fil MSE
AR T 8.1%, 4.0% M1 14.9%, R*4ETH T
0.4%; Model_3 5 Model 1 #f I, , RMSE, MAE
FIMSE 70 BIFEAL T 28.5%, 16. 8% F148. 6%, R*
BT 11%,

A R B, YRS VG 4 TR
I LA 558 o AR DG AR T 5 4 DX sk 1 1 o 30 3 [
PE i AR R LSTM B RY R, H 75000 5 BE 1k 21
TR SR, (HAS B R HE T 0. 854

M B (R A 28 BB A Bl L BRI R A dE IR 4 55 1l vy
B BBE AR S I 0. 85 A9 IX I35 7 b Kl by 2t
B IE LT, AR Y BT A TR 2R FHHE4 A 5
DX 35k 55 B 0 RAR RO . HAR L, Model 35
Model 24, RMSE, MAE 1 MSE 43 B4 T
22.0%, 13.4% F39.7%, R*4EF+ T 0.8% . X
Ul ITE R G 22 DS B 1), B SR e A O [
AT REAS 2 DAL AP B

M2, LSTM A5 R 7 it Jg i ) v Joe 300 o B il
PR, g BB A XM RE S, e
5% b ) Al B ] 7 370 A TR S o BIL A 2 ) AR
R H AR R AU T LY A B I R
LSTM 7 Je I e 22 , 17 24 51 A5 1L 76 48 i IR 8K
i A 5 2R BCHE 44 i 5 04 DX R g sk Bl 1 47 3 [R] 1
DR, SIS e . SR, A B 1LY Rk
BHEA MR L 0. 85 MY T A X IRAE M A, WIJF
Ak B R HE A A 5 DX AR, a3 1 B 7E
B 2 DSBS, AR v R L R R )
) AR DX S X 1 T AR TR T S o 2R G T

SRS, & BA B 25 vk R
BF )P 51, AT DA 30 21 1 R 26 A A 28 L S A 3R
B PR R AR B OR AR . TR, SRR 25 2R 50
Sy UER T AILES 25 2 O R T AR Ge i Ta) 3 ) S0
%, Bl 5 ARIMA #581  SARIMA #& B 1 LSTM
BERUFH LY, RS2 (0 22 X35y s 2504 3 ) i )
) MRC-DBO-LSTM B, i J& AU A HI A< 1 k4
I DBO-LSTM, #JBR bf lid fiidefiE
KA R AR R, ROV 22 DX 38y s B50a e [ 7
W, AT DAk — 2D AR AR ASUR

3 & &

AR —Fh 2HEPF I GE R, BB R G &
PO AL AR, XA S A 1 B K. R,
TE ) T B T ) A AR S 5 B S R ) A T
T o AR SCER T L PG 2 B R & R EA T T F
WFGE o A M B FVRRAE B 2, DL Sk e T
R FH W6 AR 10 530k 2R A7 00 Ak 09 4 S i A2 T 2%
(MRC-DBO-LSTMOARL 48 T T #5754 (1% Ft i) v
B3, O LV 48 AR R AN T AR S T A ) T
W DT s R AR E M, AR UCR £
DX Sl 5040 e [ 000 ) U YR RRAE , SEBR A R
B, X — AR, T LAE A R R 5T v ik
ALLE AT ZHER, RREER . MEFER .



472 b R A s CASRBREROD

2024 45 4 )

N F S5 B AR B A DT S AR . ke
A LB Jon v R RS 2t TN R A R

SE Lk

[ 1 ]FAHLENA H, KUSDIANTARA R, NURAINI N,
et al. Dynamical analysis of two-pathogen coinfection
in influenza and other respiratory diseases[J]. Chaos,
Solitons &. Fractals, 2022, 155: 111727.

[2]LIUY, ZHAN L, WANG Y, et al. Improved influ-
enza diagnostics through thermal contrast amplification
[J]. Diagnostics, 2021, 11(3): 462.

[ 3]KRISTIANI E, CHEN Y A, YANG C T, et al.
Using deep ensemble for influenza-like illness consulta-
tion rate prediction [J]. Future Generation Computer
Systems, 2021, 117: 369-386.

[ 4 ]KEELING M J, DYSON L, TILDESLEY M 17,
et al. Comparison of the 2021 COVID-19 roadmap
projections against public health data in England [J].
Nature Communications, 2022, 13(1): 4924.

[ 5] THOMAS M, ROOTZEN H. Real-time prediction
of severe influenza epidemics using extreme value sta-
tistics [J]. Journal of the Royal Statistical Society
Series C: Applied Statistics, 2022, 71(2): 376-394.

[ 6 JFRAM, ARES . A a] 7 51 R AR ST v 4 7 1
[T AR, 2019, 26(4): 53-56.

ZHENG Yuebin, ZHU Guohun. Application of time
series model in influenza prediction [J]. Instrumenta-
tion, 2019, 26(4): 53-56. (in Chinese)

[ 7 JPICHLER M, HARTIG F. Machine learning and
deep learning—a review for ecologists[J]. Methods in
Ecology and Evolution, 2023, 14(4): 994-1016.

[ 8 ] ZHANG B, WANG Q, GAO Z, et al. Temporal grafter
network: Rethinking LSTM for effective video recog-
nition[J]. Neurocomputing, 2022, 505: 276-288.

[ 9 ]WANG P, ZHENG X, AI G, et al. Time series pre-
diction for the epidemic trends of COVID-19 using the
improved LSTM deep learning method: Case studies
in Russia, Peru and Iran[J]. Chaos, Solitons &. Frac-
tals, 2020, 140: 110214.

[I0JTSANY T, CHEND Y, LIUP Y, et al. The pre-

diction of influenza-like illness and respiratory disease

using LSTM and ARIMA[J]. International Journal of
Environmental Research and Public Health, 2022, 19
(3): 1858.

[11] BANSAL H, BHATT G, MALHOTRA P, et al.
Systematic generalization in neural networks-based
multivariate time series forecasting models [C]//2021
International Joint Conference on Neural Networks
(IJCNN). IEEE, 2021: 1-8.

[12] KHADEM S A, BENSEBAA F, PELLETIER N.
Optimized feed-forward neural networks to address
CO,-equivalent emissions data gaps-application to
emissions prediction for unit processes of fuel life cycle
inventories for Canadian provinces [J]. Journal of
Cleaner Production, 2022, 332: 130053.

[13] WEIL J, ZHANG X, JI Z, et al. DPLRS: Distributed
population learning rate schedule [J]. Future Genera-
tion Computer Systems, 2022, 132: 40-50.

[14] HOCHREITER S, SCHMIDHUBER J. Long short-
term memory [J]. Neural Computation, 1997, 9(8) :
1735-1780.

[15] LI C, LIU S, ZHANG Q, et al. Combining Raman
spectroscopy and machine learning to assist early diag-
nosis of gastric cancer [J]. Spectrochimica Acta Part
A: Molecular and Biomolecular Spectroscopy, 2023,
287 122049.

[16] YIC, WEIB, ZHU J, et al. Mordo: Silent command
recognition through lightweight around-ear biosensors
[J]. IEEE Internet of Things Journal, 2023, 10(1) :
763-773.

[17] ZHANG Y, SONG Y, WEI G. A feature-enhanced
long short-term memory network combined with
residual-driven v support vector regression for financial
market prediction [J]. Engineering Applications of
Artificial Intelligence, 2023, 118: 105663.

[18] PRADHAN A K, DAS K, MISHRA D, et al. Opti-
mizing CNN-LSTM hybrid classifier using HCA for
biomedical image classification [J]. Expert Systems,
2023, 40(5): e13235.

[19] XUE J, SHEN B. Dung beetle optimizer: A new
meta-heuristic algorithm for global optimization [J].
The Journal of Supercomputing, 2023, 79(7) : 7305~
7336.



