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Abstract 
Introduction: Hepatitis C is a globally distributed hepatic disease with a high chronicity rate, posing significant global public health concerns. 
This research aimed to predict the incidence trend of hepatitis C to guide disease prevention and control.  
Method: The quarterly incidence rates of hepatitis C in Changsha from the first quarter of 2005 to the third quarter of 2023 were collected. 
Curve-fitting method, grey model (GM (1,1)), Autoregressive Integrated Moving Average (ARIMA) model, and Back Propagation Neural 
Network (BPNN) model, were applied to simulate the incidence trend of hepatitis C.  
Results: The annual average reported incidence rate in Changsha was 12.518 per 100,000. The incidence rate of hepatitis C showed an upward 
trend from 1.102 per 100,000 in 2005 to 17.172 per 100,000 in 2013 and remained at a high level from 2014 to 2019. It has been steadily 
declining since 2020. The BPNN model exhibited the best forecasting performance (MAE = 0.394, MRE = 0.203). The prediction results from 
the BPNN model estimated the incidence rate of hepatitis C to be 9.991 per 100,000 in 2024 and 11.920 per 100,000 in 2025. 
Conclusions: The incidence of hepatitis C in the next two years is projected to be slightly higher than that during the COVID-19 epidemic. It 
is imperative to strengthen various measures to achieve the goal of hepatitis C elimination in China. 
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Introduction 

Hepatitis C virus (HCV), a major cause of liver 
cirrhosis and cancer, is a serious public health issue, 
with approximately 58 million chronic cases worldwide 
in 2019 [1]. According to the data released by the 
National Health Commission of the People's Republic 
of China [2], the reported incidence rate of hepatitis C 
has increased year by year prior to the COVID-19 
outbreak. The incidence rate was 1.6 per 100,000 in 
2003 and increased to 15.3 per 100,000 in 2012, 
marking an increase of about 8.5 times. HCV not only 
poses a significant threat to public health but also 
presents a substantial challenge to the demand for 
national health resources. Research on the prediction of 
hepatitis C is an emerging field of study. Daw et al. used 
time series models to predict the trend of hepatitis C 
infection rates among blood donors in Libya [3]. Zheng 
et al. employed an Autoregressive Integrated Moving 
Average (ARIMA) and Long Short-Term Memory 
(LSTM) combined model to predict the incidence rate 
of hepatitis C [4]. Xia et al. presented three neural 
network models, but the results indicated that no single 

model for predicting the incidence cases of hepatitis 
could be completely superior to others [5]. 

Accurate prediction is a prerequisite for formulating 
short-term or long-term response strategies for 
preventing and controlling infectious diseases. Current 
studies contribute to improving model accuracy and 
provide valuable references and guidance for future 
research. However, there is generally a lack of 
systematic comparison of the predictive accuracy of 
various models for hepatitis C. Our study takes 
Changsha city as an example to illustrate the overall 
epidemic trend of hepatitis C. Changsha, located in the 
southeast region of China and the capital city of Hunan 
Province, has a population of over 10 million. We used 
the curve fitting method, grey model (GM (1,1)), 
ARIMA model, and Back Propagation Neural Network 
(BPNN) model to simulate the incidence trend of 
hepatitis C. The optimal model would be selected 
through comprehensive comparison and evaluation to 
predict the short-term trend in HCV incidence, 
providing an important resource for planning and 
evaluating control measures in response to hepatitis C. 
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Methodology 
Data  

Hepatitis C cases include clinically diagnosed cases 
and confirmed cases. A clinically diagnosed case is 
defined as the presence of anti-HCV antibodies, along 
with a suspicious exposure history, clinical 
manifestation, or abnormal biochemical examination. A 
confirmed case is defined as the presence of HCV RNA. 
The quarterly data of new hepatitis C cases in Changsha 
from the first quarter of 2005 to the third quarter of 2023 
were retrieved from the Communicable Disease 
Surveillance System in the China Disease Prevention 
and Control Information System, and population data in 
the same period were extracted from the Changsha 
Statistical Yearbook. 

 
Statistical analysis 
Curve-Fitting Method 

Curve-fitting method is a fundamental technique in 
data modeling that aims to find a function which best 
fits a given set of data points. Commonly utilized 
functions for curve fitting include polynomials, 
exponential, power functions, and logarithmic 
functions [6]. The process of curve fitting involves 
several steps: cleaning and organizing the data, 
selecting an appropriate model, estimating the model 
parameters, and evaluating the goodness of fit. The 
optimal curve is determined based on the F-statistic 
value of the regression model, the corresponding p 
value, and the coefficient of determination (R2). 

 
ARIMA Model 

ARIMA model is a widely used approach for time 
series forecasting. The model consists of three 
components: the autoregressive (AR), integration (I), 
and moving average (MA) parts, which correspond to 
the parameters p, d, and q respectively [7]. The 
parameter p represents the lag order, indicating the 
number of lag observations included in the model. The 
parameter d is the degree of differencing, denoting the 
number of times raw observations undergo 
differencing. The parameter q is the order of the moving 
average, specifying the size of the moving average 
window. To select the appropriate model, the 
randomness, stationarity, and seasonality of time series 
data were analyzed using time series diagrams, 
autocorrelation functions (ACF), and partial 
autocorrelation functions (PACF). The optimal model 
is chosen based on the Bayesian information criterion 
(BIC). 

 

GM (1,1) Model 
GM (1,1) model is the fundamental and most widely 

used grey system model for forecasting with limited and 
short-term data. The time response equation is given as 
follows [8]. 

𝑥𝑥1(𝑘𝑘 + 1) = �𝑥𝑥0(1) − 𝑏𝑏
𝑎𝑎
� 𝑒𝑒−𝑎𝑎𝑎𝑎 + 𝑏𝑏

𝑎𝑎
 ,k = 1,2,…,n    

Where, -a is the development factor, reflecting the 
development momentum of x0 and x1 , b is the gray 
action, reflecting the data changes in the data. The GM 
(1,1) model is established using the hepatitis C 
incidence rate, and the parameter vectors are estimated 
by the least squares method. 

 
BPNN Model 

BPNN is a feedforward network consisting of three 
layers of neurons, or nodes: an input layer, a hidden 
layer, and an output layer [9]. Each layer contains 
several neurons, and the hidden layer can be either 
single or multiple. Neurons communicate with each 
other through connections with different weights, and 
each neuron in the hidden layer and output layer has its 
threshold. The training process involves forward 
propagation and backward propagation, during which 
the network's link weights are constantly adjusted under 
the influence of external input samples, steering the 
network's output closer to the expected output. The 
modeling steps are as follows: First, a BPNN model is 
designed based on the incidence data of hepatitis C; 
second, the BPNN model is optimized using a training 
set, with training repeated until the network converges 
(i.e., reaches the expected training error); finally, the 
established model is used to predict the incidence rate. 

 
Model Evaluation  

R2, mean absolute error (MAE), and mean Relative 
Error(MRE) were adopted to evaluate the model fitting 
effect. The formulas are as follows: 
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Where: SSR is the sum of residual errors, SST is the 
total variation of the points, n is the number of samples, 
xi is the actual value for observation i, yi is the predicted 
value of the model for observation i. The value of R2 
ranges from 0% to 100%, with a higher R2 value 
indicating a better fit of the model. Smaller values of 
MAE and MRE indicate a better fitting effect of the 
model. 

Excel 2016 was used for data collation and plotting. 
Statistical analysis was performed using R (version 
4.2.3), and p < 0.05 represented statistical significance. 
All incidence rates were reported per 100,000 person-
years. 

 
Results 
Epidemic Trend of Hepatitis C 

A total of 17,513 cases of hepatitis C were reported 
in Changsha from the first quarter of 2005 to the third 
quarter of 2023. The annual average reported incidence 
rate was 12.518 per 100,000. The incidence rate of 
hepatitis C in Changsha exhibited an upward trend, 
increasing from 1.102 per 100,000 in 2005 to 17.172 
per 100,000 in 2013, and then remained at a high level 
from 2014 to 2019. It has been steadily declining since 
2020. The incidence data of hepatitis C from the first 
quarter of 2005 to the third quarter of 2023 were 
summarized on a quarterly basis, and the quarterly 
incidence rates were shown in Figure 1. 

 

Model Modeling Results 
The curve fitting results indicated that the quadratic 

curve had the best fit (R2 = 0.95). The optimal ARIMA 
model was the ARIMA (2,1,2) model with the 
significance of parameters and the minimum value of 
BIC (BIC = -1.291). During the training process, the 
curve-fitting method, GM (1,1) model, ARIMA (2,1,2) 
model, and BPNN model were employed to model the 
quarterly incidence rates of hepatitis C from 2005 to 
2021. The results revealed that the quadratic curve (R2 
= 0.930), ARIMA (2,1,2) model (R2 = 0.950), and 
BPNN model (R2 = 0.953) performed better, while the 
GM (1,1) model (R2 = 0.685) exhibited poor 
performance. In testing process, the models were tested 
with the incidence rates of hepatitis C from the first 
quarter of 2022 to the third quarter of 2023, and the 
results demonstrated that the BPNN model had the best 
forecasting performance (MAE = 0.394, MRE = 0.203), 
followed by ARIMA (2,1,2) model (MAE = 0.397, MRE 
= 0.219), as detailed in Table 1. 

 

Figure 1. The observed (solid lines) and predicted incidence trend of hepatitis C in Changsha from the first quarter of 2005 to the third 
quarter of 2023. 

Table 1. Fitting and prediction effect evaluation of the four 
models. 
Model / Stage MAE MRE 
Curve-fitting (Quadratic curve)   
training 0.627 0.271 
testing 1.886 0.911 
GM (1,1)   
training 0.826 0.849 
testing 1.523 0.770 
ARIMA (2,1,2)   
training 0.298 0.117 
testing 0.397 0.219 
BPNN   
training 0.274 0.114 
testing 0.394 0.203 
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Prediction Results 
The results above indicated that both the BPNN 

model and the ARIMA (2,1,2) model were suitable for 
predicting the reported incidence rate of hepatitis C in 
Changsha, with the BPNN model showing a slight edge 
in performance over the ARIMA model. We used the 
BPNN model to predict the incidence rate of hepatitis 
C in Changsha, and the prediction results estimated the 
incidence rate of hepatitis C to be 9.991 per 100,000 in 
2024 and 11.920 per 100,000 in 2025, respectively. 

 
Discussion 

The incidence rate of hepatitis C in Changsha 
increased year by year from 2005 to 2013, with an 
annual average reported incidence rate of 12.22 per 
100,000 over the 18-year period. This rate is equivalent 
to the national annual reported incidence rate, which 
ranged from 3.03 per 100,000 in 2004 to 14.97 per 
100,000 in 2014 as reported by Liu et al. [10], but 
higher than that reported in Shandong by Zheng et al. 
[4]. The incidence rate of hepatitis C in Changsha 
stabilized between 2013 and 2019, then showed a 
declining trend in recent years, consistent with research 
findings from other cities in China [11,12]. Zakrzewska 
et al. also found a significant decrease in the diagnosis 
rate of HCV infection in Poland in 2020 compared to 
2019 [13]. 

The decline in the incidence rate of hepatitis C over 
the past four years might be attributed to the COVID-
19 pandemic or the efforts made to eliminate hepatitis 
C. Measures against COVID-19 have played an 
important role in controlling various infectious 
diseases, including hepatitis C [14]. In 2016, the World 
Health Organization(WHO) called for the global 
elimination of viral hepatitis as a public health threat by 
2030 [15], and China has also intensified its efforts to 
eliminate hepatitis C [16]. Therefore, the significant 
decrease in the incidence rate of hepatitis C might be 
primarily due to the comprehensive interventions that 
have been implemented. 

Hepatitis C poses a serious health and economic 
burden to society, making it crucial to forecast its 
trends. In this study, the curve-fitting method, GM (1,1) 
model, ARIMA model, and BPNN model were used to 
model the reported incidence rate of hepatitis C. The 
results showed that the curve-fitting method, ARIMA 
(2,1,2) model, and BPNN model could more accurately 
simulate the incidence of hepatitis C in Changsha, with 
the BPNN model demonstrating the highest prediction 
accuracy. 

A forecasting model is a statistical tool designed to 
predict future trends or outcomes by analyzing patterns 

within a given set of input data. Since different types of 
diseases have unique characteristics, it is impossible to 
use the same model to simulate them all. Therefore, it 
is particularly important to select a suitable model for 
predicting a specific disease.  

The curve-fitting method is easy to operate, but it 
has a limited range of curve types, making it difficult to 
ensure that the selected curve is the one with the highest 
degree of fit. We found that the quadratic curve had a 
high fitting degree, but its performance in the testing 
stage was not satisfactory. The GM (1,1) can make 
predictions with limited data and has good predictive 
effects on data that exhibit certain characteristics 
[17,18]. It is widely used for predicting population, 
housing prices, logistics, and other aspects [19-22]. A 
research showed that the GM (1,1) model had excellent 
performance in predicting the incidence trend of 
typhoid and paratyphoid fevers in Wuhan City, China 
[23]. However, this study found that it was not suitable 
for predicting the incidence trend of hepatitis C in 
Changsha City.  

ARIMA models are a subset of linear regression 
models that demonstrate good prediction performance 
in most applications, especially for stable and linear 
data [24-26]. The BPNN model is the most commonly 
used neural network model in nonlinear prediction, with 
strong self-adaptation ability, strong self-learning 
ability, strong nonlinear mapping ability, and high fault 
tolerance [27,28]. The findings of this study indicated 
that both models could simulate the incidence of 
hepatitis C in Changsha, but the BPNN model 
outperformed the ARIMA (2,1,2) model. Nevertheless, 
these prediction models have certain limitations, and 
their ability to forecast over the long term remains 
insufficient. 

 
Conclusions 

This study employed the BPNN model to predict 
the incidence of hepatitis C in 2024 and 2025. The 
findings indicated that the incidence rate of hepatitis C 
in Changsha in the next two years would be slightly 
higher than that observed during the COVID-19 
epidemic. Consequently, the situation regarding the 
prevention and control of hepatitis C remains critical, it 
is imperative to intensify various measures aimed at 
achieving the goal of hepatitis C elimination in China. 
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