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Forecasting the incidence of bacillary dysentery in china based on SARIMA - ERNN

combination model
Zhang Shengkui, Wang Zhende, Yang Li,Zhang Leyan, Wang Yongbin, Yuan Juxiang
School of Public Health , North China University of Science and Technology , Tangshan 063210, China

[Abstract] Objective: To explore the application of SARIMA - ERNN combination model in predicting the incidence of bacterial
dysentery in China. Methods: Using the monthly incidence data of bacterial dysentery in China from January 2005 to December 2016
as the training set, the SARIMA model, the ERNN model, and the SARIMA-ERNN combination model were established respectively.
The monthly incidence of bacterial dysentery in China in 2017 which was used to test the efficacy of the above models was used as a
test set. Results: The MRE, MER, RMSE and MAE fitted and forecasted by SARIMA model were 5.661 37,0.061 81,0.001 45,0.000
94 and 5.596 40,0.051 77,0.004 54, 0.000 34 respectively. The MRE, MER, RMSE and MAE fitted and forecasted by ERNN model
fit and predicted were 5.348 57,0.056 05, 0.017 08, 0.000 79 and 5.544 30, 0.044 55, 0.000 36, 0.000 30 respectively; The MRE,
MER, RMSE and MAE fitted and forecasted by SARIMA -ERNN combination model were 4.924 25,0.047 33,0.001 15,0.000 72 and
4.251 30, 0.044 19, 0.000 38, 0.000 29 respectively. Conclusion: The SARIMA - ERNN combination model has high validity and
reasonability that can be used for short-term forecasting and early warning of bacterial dysentery in China.
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JEARIMA (1,0, (11))x(0, 1, 1), HAR A (1- 05 -
B) (1- B?) x=(1 + 0.321B) (1- 0.468B") e/(1-
0.627B) . AR1=0.627 (1=-9.469, P < 0.001) , MA1= Z10-
-0.321(1=-3.748,P < 0.001) , SMA1=0.468 (1=5.268, 1357 9 11131517192123252729313335
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Figure 1 The ACF and PACF plot of residuals from the
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H T 20 TR PR R AR AR R 120 1
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By 12 1 R E 25 A S OF AT AN YR, B
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Table 1 Verification value of incidence of bacillary dysentery predicted by three models in 2017 (1/100 000)

VEED - SARIMA 571 ERNN 5 SARIMA-ERNN 20 4 #5
() W G meke mONE BER(%) BN BOER(%)
1 0.003 7 0.003 6 27027 0.003 1 16.216 2 0.003 5 5.405 4
2 0.003 7 0.003 3 10.810 8 0.003 2 13.5135 0.003 5 5.405 4
3 0.004 2 0.004 5 7.142 9 0.004 4 47619 0.004 4 47619
4 0.005 1 0.005 3 3.9216 0.005 1 0.000 0 0.005 1 0.000 0
5 0.007 8 0.007 4 5.128 2 0.007 2 7.692 3 0.007 5 3.846 2
6 0.010 1 0.009 9 1.9802 0.009 7 3.960 4 0.0110 8.9109
7 0.0117 0.0119 1.709 4 0.0117 0.000 0 0.0116 0.854 7
8 0.0110 0.0116 5.454 5 0.0114 3.636 4 0.0116 5.454 5
9 0.007 9 0.009 1 15.1899 0.008 2 3.7975 0.008 4 6.329 1
10 0.006 1 0.006 1 0.000 0 0.0059 3.2787 0.005 8 49180
11 0.004 4 0.004 2 4.545 5 0.004 1 6.818 2 0.004 3 227217
12 0.003 5 0.003 8 8.571 4 0.003 6 2.857 1 0.003 6 2.8571
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Figure 2 The training and validation performance for

ERNN model
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Figure 3 The ACF of residuals from ERNN model

2.3 SARIMA-ERNN 20685 A1 45 R

X 2 B IR R 0 TP B A T D=1 A 25 2247,
PL 2005 4 1 H—2016 4F 12 H SARIMA #5581 (140 45
{ELVE A ERNN LR (R 5 AL, AT 43 B9 40 1 7
R SEBR B9 A ERNN A 1yt . 485
N LT Y U2 ae d 6l WS Y ] il |

LA B, BT R o M ECR ik
TE 4~21 Z [8] G4k, MBI iR 2245 10L& 2, i
Y Zrah R 2k £ & 2 M 2on M0k 20, IR 2
- 114 9 4% ¥4 78 SARIMA - ERNN 2H 4 #5580 | 9K J5 LA
2017 4F ARIMA #5574 () 35100 45 SR A Ay s AMEL, i
LA BRI TR 2017 4520 5 MR 10 R R (% 1
$55%0) 5% 20 ACFEIILIE 4.,

R2 ARBREEHENEXTEHREINGIRE
Table 2 Network training error corresponding to the

number of different hidden layer nerves

A TEAKL RES MSE
4 0.014 1 0.012 4
5 0.004 6 0.006 2
6 0.017 6 0.014 6
7 0.012 3 0.0115
8 0.009 9 0.009 8
9 0.0102 0.006 3
10 0.012 3 0.014 3
11 0.005 3 0.005 7
12 0.004 6 0.004 8
13 0.009 4 0.005 3
14 0.004 6 0.004 6
15 0.005 0 0.003 4
16 0.017 5 0.017 5
17 0.009 2 0.0155
18 0.010 4 0.009 7
19 0.0127 0.009 1
20 0.004 2 0.003 1
21 0.009 9 0.0109
x107°
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The ACF of residuals from SARIMA - ERNN

model
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MA-ERNN 41 &8 i 3 {A i 75 SARIMA-ERNN
AR AR, Fo N ERNN A (23), M3 A
RURLE LA R T 3% ] 48 T P R0 o 2 1) it 2 1]
(FE5) AT LIE H, 3 PR (4045 5 AR A M 4 5K
FRA& L

3 it i

38 35 BT IR [ 2005—2017 4F 4 B PE 95 1) &
9 31, AT L A R ] A0 A T R 9 1 R R AR T

IR T RS Y RN 11.7%) , B4
() & 2T 6—10 A, 7—8 H A% milk, LR
R [R] (4R X T B A B i kA 2% o 4R 3K 1 4
BRI PRI 1) 2 9 R B e 81 v A e i Al
LRAE T, BE R KIS OB bk, R A
B ShASTERE . B TR E By R AR 55 K R
W = b A Z B0, A LA 90 4R IR 3R
T 0 R P R ) 0 2R R AL R K B R
AN 5T R RIS Bk FZ 01z 0, Ak
I PR A0 %% 1 B 22 B T 24 5 B B L 7 S ()
X LA TF AR, AN PRI I 250 RN
ZAFILE, M3 E A DA 5 R B0

R3 =MAEMEEERRL R RS RIRNER R

Table 3 Comparison on incidence effects of bacillary dysentery fitted and predicted by three models

PLARR T Ak R
Hih5 SARIMABEA!  ERNNAEA! SARIMA-ERNNZ1AHA  SARIMA R ERNNAEAY  SARIMA-ERNN £ 4R

MRE(%)  5.661 37 5.348 57 4.942 52 5.596 40 5.544 30 4.251 30
MER 0.061 81 0.056 05 0.047 33 0.051 77 0.044 55 0.044 19
RMSE 0.001 45 0.017 08 0.001 15 0.004 54 0.000 36 0.000 38
MAE 0.000 94 0.000 79 0.000 72 0.000 34 0.000 30 0.000 29

0.07 R B AT 90 2 A5 B T 4% Y 19 & 9 %, LA Cov-

0.06- — SARIMA-ERNN 41 £ i) jetanovic 5 E TIN5 T A& R B S (R ATL AR 7R

3 0.054 _ E;RNIILW/F%%%@ (mechanistic models ) , A T i BEEEIR RO R , HLAAR

£ 0.04- TR B O TR A T 2 A5 BoR i e B i 1%

é 0.03 4 TSR VL T R RRAIAL . SRINT, AE R A — 2t

& 0.02 R E S, H AT AR Wil 3R 48 FF AR UCAE 1

0.01 Y FEA A TR A5 B, PR A X S 5 3 AR X

0.00 -Frrrrrr P WARAT o AH S, B[] 7 20 A X 7 B, 75 A (R 3

200 20T 20 20 A b Al RT3 Ak — o A 1 R i T 8

5 =PRI A R T A 40 E MR R A R R 2k
Figure 5 Comparison on curve of incidence of bacillary

dysentery fitted and predicted by three models
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