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Application of time series generalized regression neural network model in

predicting the incidence of viral hepatitis
SUN Ya-jun®, LIU Tian, YAO Yuan
“The Third People’s Hospital of Zhuhai, Zhuhai, Guangdong 519000, China
Abstract: Objective To introduce the application of the time series generalized regression neural network (GRNN) model in
predicting the incidence of viral hepatitis in China and to evaluate its fitting and predictive accuracy. Methods Monthly inci-
dence data of viral hepatitis from 2004 to 2019 were collected to construct time series. Data from January 2004 to June 2019
were used as training data, while data from July to December 2019 served as testing data. Both GRNN and SARIMA models
were established to predict the incidence from July to December 2019, and the predictions were compared with the testing
data. The mean absolute percentage error (MAPE) was employed to assess the model’s fitting and predictive performance.
Results The fitting MAPE for the GRNN model across various types of hepatitis ranged from 1.67% to 21.22%, while the
predictive MAPE ranged from 2.26% to 17.17%. In comparison, the SARIMA model’s fitting MAPE for various types of hep-
atitis ranged from 3.84% to 7.87%, with a predictive MAPE ranging from 2.54% to 48.89%. Notably, the predictive MAPE
for hepatitis A was 48.89%, indicating a significant prediction error. Conclusion The GRNN model outperformed the SARI-
MA model in predicting the monthly incidence of viral hepatitis in China, suggesting its suitability for broader application.
Keywords: GRNN; SARIMA; Prediction; Viral hepatitis; Time series
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Table 1 The annual incidence of viral hepatitis in China from 2004 to 2019
F R 5 T LR AT B RO 5
G (4F) P YRS P YRS P SRS P Y oELES - Y EES P YRS
(1/10 75) (1/10 75) (1/10 J7) (1/10 J7) (1/10 J5) (1/10 75)
2004 1152874 88.69 93 587 7.20 916 426 70.50 39 381 3.03 16 444 1.27 87 036 6.70
2005 1195355 91.96 73 349 5.64 982297 7557 52927 4.07 15541 1.20 71241 5.48
2006 1334 859 102.09 68 667 5.25 1109 130 84.82 70 681 541 19 007 1.45 67 374 5.15
2007 1425428  108.44 77135 5.87 1169 946 89.01 92378 7.03 20577 1.57 65 392 4.97
2008 1407 664  106.54 56 052 4.24 1169 569 88.52 108 446 8.21 18 525 1.40 55072 4.17
2009 1425020 107.30 43 841 3.30 1179 607 88.82 131 849 9.93 20275 1.53 49 448 3.72
2010 1317982 98.74 35277 2.64 1 060 582 79.46 153039 11.47 23 682 1.77 45402 3.40
2011 1372344 102.34 31456 2.35 1093335 81.54 173 872 12.97 29202 2.18 44 479 3.32
2012 1380800  102.48 24 453 1.81 1087 086 80.68 201 622 14.96 27271 2.02 40 368 3.00
2013 1251872 92.46 22244 1.64 962 974 71.12 203 155 15.00 27902 2.06 35597 2.63
2014 1223021 90.25 25 969 1.92 935702 69.05 202 803 14.97 26988 1.99 31559 2.33
2015 1218946 89.47 22 667 1.66 934215 68.57 207 897 15.26 27 169 1.99 26 998 1.98
2016 1221479 89.11 21285 1.55 942 268 68.74 206 832 15.09 27922 2.04 22761 1.66
2017 1283523 93.02 18 875 1.37 1001 952 72.61 214 023 15.51 29014 2.10 19284 1.40
2018 1280015 92.15 16 196 1.17 999 985 71.99 219 375 15.79 28 603 2.06 15 500 1.12
2019 1286 691 92.13 19 271 1.38 1002292 7177 223 660 16.02 28 155 2.02 12961 0.93
A1t 20777 873 96.63 650 324 3.02 16547366 76.96 2501940 11.64 386277 1.80 690 472 3.21
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JEEHE AR5 GRNN BEAY A A 1] s B R ORI 36
B G W 112 4E o A ,sigma Z kR
"ROLLING", Z 2L i 2238 935 (“recursive” ) , 4
il S AN AR e (“additive”™ ), T 2019 4F 7—
12 A&, @R a0 FE 5 (“rolling origin” ) WAL
PORTEAS BRI A I HERR T . BLA IR L AL S5
KAE B4 %0 E 4y iR 2E MAPE, L3 2.

F2 RIS AN GRNN ety 4808
Table 2 Optimal GRNN models and their modeling accuracy for

viral hepatitis incidence

s sigma MAPE(%)
BRI R 0.78 1.80
T 0.02 21.22
T 0.28 2.10
WIF 0.07 1.67
iy 0.03 443
RO R 0.01 11.43
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Figure 1 The time series of viral hepatitis incidence rates in China from 2004 to 2019
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Figure 2 Seasonal index of viral hepatitis incidence rates in

China from 2004 to 2019
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() B ARG B A] LU 3 T, {H 5 DG )
W

2.4 FHAPELA WA B TR s R b A GRNN A2 A 44
#4  MAPE MAE.RMSE MER 73 514t F 1.67% ~
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Table 3 The optimal SARIMA models and residual test results for

viral hepatitis incidence

JH g 28 T AR o P
SRR 26 SARIMA(2,1,0)(0,1,2);, 10.125 0.430
I SARIMA(1,1,3)(2,1,1);, 12.874 0.231
NF SARIMA(2,1,0)(0,1,2),, 8.809 0.550
W SARIMA(2,1,1)(0,1,2), 9.485 0.487
U SARIMA(1,0,2)(0,1,1);, 4.675 0.912
RATFR SARIMA(2,1,2)(2,1,1); 17.005 0.074

21.22% .0.01 ~0.15.0.01 ~0.21.1.71% ~21.84% , Tfij
SARIMA # &l 73 51 4~ F 3.84 ~7.87.0.01 ~0.31,
0.01 ~0.46.3.86% ~ 6.48% , GRNN #& %I 4L 4 15 22 Ik
SR SRR T SARIMA A7, WL 4. GRNN ##i%!
{7 Fi | MAPE .MAE .RMSE .MER 43 %/ T 2.26 ~
17.17.0.01 ~0.21.0.01 ~0.23.2.33% ~15.87% , i
SARIMA #ERI3 54T 1.78% ~ 48.89% .0 ~ 0.19.0 ~
0.21.1.83% ~ 43.77% , GRNN A5 55 ity 0158 22 )% 51 g
FE RAAR/NT SARIMA #7350 — i 5, B
T MAPE 7E 0 ~ 10% 2 [8] 371 /5 F RS B, 10% ~
20%Z (A28 R AP FIRG FEU, GRNN IR T 5
PEFF 98 Fo 45 E RS0 4 MAPE Y978 20% AN, s
R FORG
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Table 4 Comparison of modeling accuracy between GRNN and SARIMA models for viral hepatitis incidence

gk GRNN SARIMA

MAPE (%) MAE RMSE MER(%) MAPE(%) MAE RMSE MER (%)
Yo BRI 92 1.80 0.15 0.21 1.84 3.84 031 0.46 3.86
i 21.22 0.03 0.03 21.84 7.87 0.02 0.03 6.48
i 2.10 0.13 0.18 2.14 3.90 0.25 0.37 3.93
WF 1.67 0.02 0.03 1.71 474 0.05 0.07 476
s 443 0.01 0.01 439 5.94 0.01 0.01 6.19
KA RFR 11.43 0.01 0.01 11.51 471 0.01 0.02 4.19

R 5 GRNN B SARIMA HRIFIN R L4
Table 5 Comparison of the accuracy of viral hepatitis incidence forecasts using GRNN and SARIMA models

e GRNN SARIMA

MAPE(%) MAE RMSE MER(%) MAPE(%) MAE RMSE MER(%)
SRR 42 291 0.21 0.23 2.94 2.54 0.19 0.21 2.58
HF 17.17 0.02 0.02 15.87 48.89 0.05 0.05 43.77
T 226 0.13 0.16 233 1.78 0.10 0.13 1.83
AT 2.28 0.03 0.04 2.37 3.42 0.04 0.06 3.47
i 8.85 0.01 0.02 8.24 11.88 0.02 0.02 10.77
KA 8.41 0.01 0.01 8.26 3.27 0.00 0.00 3.19
3 iF i VER N TR 28 28 G5 B — b1, GRNN AU A Ji

ALHETFRIET tsfgrnn 14 GRNN #8755
BEPE I ¢ B HC 0 78 g SR 0 o (g 1oy o o 4
FW], GRNN B ELAT 45 = () TS B 5 5 SARIMA
BEAUAH EE , GRNN A AU T 25 1 2 B HL I 784 g
R R, X5 WA R S0 58 45 SR AH AP,
Francisco %5 % [L 3¢ GRNN #&AY 5 35 K- i #i il H
Blifk SARIMA A5 K 3T 415 Asf 7] F 571) T A 20 | foft 22
W4 [ [R1 SRR A 22 2 B 2 B fy Tl s o, &%
7% GRNN BRI F K T AR a] 5 471 T s 8 4o
e N TR RN A s I En R I (EN /ST R =g
SRR Bk SARIMA BRI SR, o 2 2 0F
FERR , FE B LEAAE H AR AL SRS i 2% &5
SR, GRNN AR FUI0 52 2% 6 =5 T SARTMA #5
}jg[l‘)—ZO]o

AWFFEH, LIRS MAPE 1117 , GRNN 457
TG TR 2 O R TR K R iR 22 1 =
T SARIMA HBERY, {H X T oA =7 BY 1) JF 48, 55
WSR3 Al L SARIMA REFAH HL AR B GRNN A
YRI5 RT3 2% S AR — B JRLA , TS GRNN
BRI LA AN B ARAE b X 5 W 22 5
B A SR BRI AT S0, BF5E M, GRNN
BRIAER AR L M O R TR B, 177 SARIMA £
RUAE b PREG PR RN ZE T R B B A 80720, A2
FIHBE A, & SARIMA-GRNN &4, H,
RIS T H— 1) SARIMA AL L
R 15 5 1) SARIMA-GRNN 204 H shAb B8 x5 17
JFF 98 T LY 76 29 2R A TR R An AT, i A o T e 4k
HE—2EHF5E .

AR R EOR R IR AR A Ll
PR 22 A ] B, SRTAT, 5 RE AT 9 Hh b 48 I 45 5
W B R 240, 2 R GEAC AR AN SR AN ],
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FEAR B JRVEE SN R A TR BRI L
Rortr; O, BB IERTEFER, 8 TR R
B TR I AR e B R 2 an S RS
& 55 AR ST R AT T BEAHIE LY
Flzs IR ARBTIERAEEATTR 26 ph

S 3Lk



PRI £ 27 2024 4FE55 51 35 23 1)

Modern Preventive Medicine, 2024, Vol. 51, NO. 23

4265 -

[1]

[2]

[3]

[10]

[11]

[12]

[13]

[14]

[15]

Usuda D, Kaneoka Y, Ono R, et al. Current perspectives of viral hepatitis
[J]. World Journal of Gastroenterology, 2024, 30(18): 2402-2417.

Black AP, Wallace J, Binka M, et al. Correction: the challenges of
viral hepatitis elimination: a global response to a global problem|[]].
BMC Public Health, 2023, 23(1): 1229.

Xia ZH, Qin L, Ning Z, et al. Deep learning time series prediction
models in surveillance data of hepatitis incidence in China [J]. PLOS
One, 2022, 17(4): €0265660.

Zhai MM, Li WH, Tie P, et al. Research on the predictive effect of a
combined model of ARIMA and neural networks on human
brucellosis in Shanxi Province, China: a time series predictive
analysis[J]. BMC Infectious Diseases, 2021, 21(1): 280.

Li ZQ, Wang ZZ, Song H, et al. Application of a hybrid model in
predicting the incidence of tuberculosis in a Chinese population[J].
Infection and Drug Resistance, 2019, 12: 1011-1020.

Feng Y, Cui X, Lv ], et al. Deep learning models for hepatitis E
incidence prediction leveraging meteorological factors[J]. PLOS One,
2023, 18(3): €0282928.

Mollalo A, Rivera KM, Vahedi B. Artificial neural network modeling
(COVID-19) incidence rates across the
continental United States [J]. International Journal of Environmental
Research and Public Health, 2020, 17(12): 4204.

Zhu XX, Zheng YM, Zheng YL, et al. Application of generalized
regression neural network and sarima model in prediction of AIDS
[EB/OL]. [2024-10-20].
9988161.

AT, T, BT, 5. ARIMA BRI 5 GRNN
R SR LT PR T0 o iy LA, o B BA 5], 2020,37
(6):851-854.

Feng JN, Xiao YF, Wang XX, et al. A comparative study of

of novel coronavirus

https://ieeexplore.ieee.org/document/

multiplicative seasonal ARIMA model and GRNN for scarlet fever
incidence forecasting [J]. Chinese Journal of Health Statistics, 2020,
37(6): 851-854.(In Chinese)

Martinez F, Charte F, Rivera AJ, et al. Automatic time series
forecasting with GRNN: A comparison with other models [EB/OL].
[2024-10-20].  https://link.springer.com/chapter/10.1007/978-3—
030-20521-8_17.

BTT, AR NS AL ALY SN i 22 o0 28 A i 2
B B B R (0], B TR B BE % ,2020,47 (21):
3863-3866, 3923.

Li YY, Zeng LC, Liu W. Application of genetic—optimized
generalized regression neural network
tuberculosis  [J]. Modern Preventive Medicine, 2020, 47 (21):
3863-3866, 3923.(In Chinese)

Martinez F, Charte F, Frias MP, et al. Strategies for time series

in the prediction of

forecasting networks [J].
Neurocomputing, 2022, 491: 509-521.

TESSIE.  FET) SR AR 22 265 ) 3h 25 G BUR RLEE S I8 R 5Y
[D]. ¥ AR FE TR 2, 2023.

Wang ZZ. Study on particle size distribution inversion of dynamic

with  generalized regression neural

light scattering based on generalized regression neural network [D].
Zibo: Shandong University of Technology, 2023.(In Chinese)

Box G, Jenkins GM, Reinsel GC, et al. Time series analysis: forecasting
and control(5th ed.)[M]. New Jersey: John Wiley&Sons, 2015.
Hyndman R, Athanasopoulos G, Bergmeir C, et al. 2024. Forecast:

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

forecasting functions for time series and linear models [EB/OL].
[2024-10-20]. https://pkg.robjhyndman.com/forecast/.

Dun M, Xu ZC, Chen Y, et al.Short—term air quality prediction based
on fractional grey linear regression and support vector machine[J].
Mathematical Problems in Engineering, 2020, 249: 1-13.

Wei WD, Jiang JJ, Liang H, et al. Application of a combined model
(ARIMA) and
generalized regression neural network (GRNN) in forecasting
hepatitis incidence in Heng county, China [J]. PLOS One, 2016, 11
(6): €0156768.

Wang YW, Shen ZZ, Jiang Y.Comparison of autoregressive integrated

with autoregressive integrated moving average

moving average model and generalised regression neural network
model for prediction of haemorrhagic fever with renal syndrome in
China: a time-series study[J]. BMJ Open, 2019, 9(6): e025773.
XK WA A, 5. 7 R Tl PP R RS 4 [ 2 A
P ARG FR BN AOR L)), P BRI A KAl
2022,33(4):548-554.
Liu T, Yao ML, Hou QB, et al. Comparison of seven time series
models in fitting and predicting the incidence of hemorrhagic fever
with renal syndrome in China [J]. Chinese Journal of Vector Biology
and Control, 2022, 33(4): 548—-554.(In Chinese)
Wang G, Wu T, Wei W, et al. Comparison of ARIMA,ES,GRNN and
ARIMA-GRNN hybrid models to forecast the second wave of
COVID-19 in India and the United States [J]. Epidemiology and
Infection, 2021, 149: e240.
Guo YH, Feng Y, Qu FL, et al. Prediction of hepatitis E using
machine learning models[J]. PLOS One, 2020, 15(9): e0237750.
ZRi  WRIENR AR AR, A =R SRR SR T 2R
FUE oA R TRUI N o Y Fe RS (). E BAR SR,
2020,37(2):249-252.
Li F, Chen GQ, Xu SL, et al. Comparative analysis of three time
series models for predicting hemorrhagic fever with renal syndrome
incidence in Yancheng City [J]. Chinese Journal of Health Statistics,
2020, 37(2): 249-252.(In Chinese)
G, B A . SARIMA-GRNN 41 &I 7 {498
SRS H AR N (1], AR R i e
2021,25(11):1341-1346.
Li WH, Zeng YX, Li XY, et al. Application of SARIMA-GRNN
combined model in forecasting the monthly incidence of typhoid fever
and paratyphoid fever [J]. Chinese Journal of Disease Control &
Prevention, 2021, 25(11): 1341-1346.(In Chinese)
Burkart N, Huber MF. A survey on the explainability of supervised
machine learning [J]. Journal of Artificial Intelligence Research,
2021, 70: 245-317.
Du XP, Xu HY, Zhu F. Understanding the effect of hyperparameter
optimization on machine learning models for structure design
problems[J]. Computer Aided Design, 2021, 135: 103013.
Yan D, Kong Y, Ye B, et al. Spatio—temporal variation and daily
prediction of PM,s concentration in  world—class urban
agglomerations of Chinal[J]. Environmental Geochemistry and Health,
2021, 43(1): 301-316.

Wang L, Xia Y, Lu YC. A novel forecasting approach by the
GA-SVR-GRNN hybrid deep learning algorithm for oil future prices
[J]. Computational Intelligence and Neuroscience, 2022(1): 4952215.

s B #5:2024-06-22





