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Forecasting Teleconsultation Demand Based on LSTM and Attention Mechanism

ZHAI Yunkai"**,QIAO Zhengwen' and QIAO Yan'
1 School of Management,Zhengzhou University, Zhengzhou 450001 , China
2 National Engineering Laboratory of Internet Medical Systems and Applications,Zhengzhou 450052, China

3 Henan Province International Joint Laboratory of Intelligent Health Information System,Zhengzhou 450000, China

Abstract To predict the demand for teleconsultation more accurately and improve the efficiency of resource allocation for tele-
consultation, this paper introduces multiple linear regression and attention mechanism to optimize Long Short-term Memory net-
work. Firstly,according to the holiday effect existing in the teleconsultation demand, the holiday index is generated,and the index
with high significance is selected as the model input through multiple regression analysis. Then,according to the long-term short-
term memory network to learn the internal complex mapping relationship of the input indicators, the attention mechanism is used
to assign different weights to the indicators. Finally, the prediction results are input according to the weight and LSTM hidden
layer. Based on the actual historical teleconsultation data of the National Telemedicine Center, this paper studies the predictive
ability of MLR-Attention-.STM,and compares it with the ARIMA,SVR,KNN,BP neural network and long short-term memory
network. The results show that the improved LSTM model has the highest prediction accuracy. Furthermore, this paper explores
the impact of holiday indicators on the performance of the model. The results show that the input of holiday indicators can further
improve the prediction accuracy of the model. It verifies the feasibility and applicability of MLR-Attention-LSTM and holiday-re-
lated variable input in the field of teleconsultation demand prediction,and provides theoretical support and practical guidance for
the practical application of telemedicine centers.

Keywords long short-term memory, Attention mechanism, Teleconsultation, Demand forecasting, Holiday effect
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Table 2 Correlation analysis of holiday indicators

EER O WA [l 3 % # E % Az RAE E & %% b 43
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REVRE 0,1 —45.93 <0.01 EEH¥MRE 0,1 —45.88 <<0.01
T =R 0.1 —2.82 0.427 SRE =S 0.1 —12.80 <0.01
FHE X 0,1 —12.87 <0.01 T — X 0.1 —29.78 <<0. 01
WHE - K 0.1 —29. 84 <0.01 WEHE—-X 0.1 13.67 <0.01
WEE—X 0.1 13.61 <0.01 WEE X 0.1 4,44 0.214
VEE K 0.1 4.37 0.220 YEEZX 0,1 6.06 0.089
FTEH=X 0.1 6.00 0.093
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M 1—7 —12.56 <0.01 B 1—7 —12.57 <0.01
EEHBE 0,1 —46.03 <0.01 EE¥MRE 0,1 —46.21 <0.01
THEZX 0.1 —12.89 <0.01 WHE X 0.1 —13.00 <0.01
SR R 0,1 —29.86 <0.01 TN 0.1 —29.95 <0.01
WEE—-X 0.1 13.52 <0.01 TE%—X 0.1 13.33 <<0. 01
YREH=ZR 0.1 5.91 0.097
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Table 4 Model prediction results with different batch sizes

#E A RMSE MAE R2
10 11.769 8.709 0.808
20 12.066 8.332 0.799
30 13. 444 9.585 0. 750
40 14.633 9.868 0.704
50 14. 741 10. 160 0.699
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Fig. 7 Error drop diagram of training set with different number of

training rounds
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275,

6)Dropout, Dropout § # £ W 2% 7 [n] 7if 1% #& i 1 2
LA 28 70 DL — S AR A5 1k A L 3R B A AR AN KA i
Ll R R REAE , 52 s B AL IZ AL . 4 £ R SE B, Dropout i
0.2 WA BRI ROR R U

DM ITAT S AT A LSTM J2 #i 2 Je $oat i
AR E A A R AR E LSTM ERNE R I EM & T
Boht, M2 oTBCE — M 2 0 UORE L s i i 2 e R
H9[4,8,16,32,64 ]34T 22 AE R T, AN 7] pf 28 5T T B AL T3
WRR R 5 fra .

#5 RlEMZ0FHE RMSE
Table 5 Model RMSE under different neurons

EENE LSTM E # 4 0 % &

WETHE 4 8 16 32 64
4 15.145 15. 253 14.705 13. 356 17.139
8 15.299 13.690 15. 782 15.190 13.194
16 14,074 14.018 11.769 14. 238 14. 441
32 16. 368 13.314 14. 297 15.056 13.926
64 16.931 17.798 14,597 14,691 15. 225

230800119-5



Com puter Science ML

Vol. 51,No. 6A,June 2024

3.3 BB
3.3.1 RIS ARE A 5T

B 5 0,2 LSTM E Mo Mk & 12 M40 h 16
i, A58 78 5 22 Fe I, T R e 4

S T AR AR AR AR TE SCHIE 43 B R B T AT M RS R 4
S 4 i AR T B ) B A A S AT VB LR 4 R AR Y
J5U A B S A B MLR-Attention- LSTM Hft 25 W) £% # #1 | H 75
DI AR b A T 25 SR 40 A P 8 (P 9 BT s A R A ) 3
iR 6 Fral.

100 | — kg - HlE

80

60

40

20

0

2021-01 202102 2021-03 2021-04  2021-05 2021-06 2021-07

el 8 MLR-Attention-LSTM #i £ [0 £ #5251 F 3 {F 5 5 BRAE % L
(B IATE #7)
Fig. 8 Comparison of predicted value and actual value of MLR-

Attention-LSTM neural network model(holiday indicator)
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Attention-LSTM neural network model(original index)
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Table 6 Comparison of forecast results

RMSE MAE R?
B 45 46 A 15. 460 11. 230 0. 700
(& ECE S 11.769 8.709 0.808
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Table 7 Comparison of forecast results

i DiR= 3 ,
RMSE MAE R?
ARIMA 20. 600 14.500 0. 400
KNN 14.164 10. 715 0.718
SVR 14.028 10. 449 0.725
BPNN 12.937 9.745 0.760
LSTM 12.670 9.330 0.790

MLR-Attention-LSTM
(R 48 48 47

MLR-Attention-LSTM
(B3 48 A7)

15. 460 11. 230 0. 700

11.802 9.023 0. 807
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