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Abstract 

Background  China is a country with an extremely high disease burden of hepatitis B. Spatiotemporal analysis of hep-
atitis B from a socioeconomic perspective is of great significance for reducing the disease burden, but there is still 
a relative lack of research.

Methods  The age-period-cohort model and spatial distribution maps describe the three-dimensional distribu-
tion characteristics of hepatitis B. Spatial autocorrelation analysis and spatiotemporal scanning were used to ana-
lyze the spatiotemporal distribution characteristics. The random forest algorithm was used to screen the potential 
influencing factors. The geographic detector model was used to analyze the interaction patterns of variables. Finally, 
a geographically and temporally weighted regression model was established to analyze the effects of variables 
on the incidence rate of hepatitis B at different spatiotemporal scales.

Results  From 2004 to 2023, a total of 20,376,898 cases of hepatitis B were reported in China. The incidence rate 
of hepatitis B decreased at a rate of 3.31% per year, and hepatitis B vaccination has led to this downward trend, 
accompanied by a significant birth cohort effect. And it shows an aggregated characteristic, which highlights the ine-
quality of geographical distribution. Stronger explanations for the incidence of hepatitis B were found for the number 
of people at the end of each year (q = 0.1949; where q value refers to the explanatory ability of the independent varia-
ble for the dependent variable) and the proportion of rural population (q = 0.1895), with an even stronger explanation 
for the interaction (q = 0.5366). The magnitude and direction of the effect of factors influencing hepatitis B also varied 
in different regions, and the effect of each factor on the incidence of hepatitis B was not an independent event.

Conclusions  The later people are born, the lower the incidence of hepatitis B. The northwest and southwest 
regions are the main hotspots, but there is a tendency to spread to southern China. The number of beds in medi-
cal institutions should be increased in densely populated areas, and economic development should be acceler-
ated in sparsely populated areas. Hepatitis B prevention and control should be prioritized in geographic hotspots, 
coupled with enhanced awareness campaigns in rural areas and catch-up vaccination programs targeting high-risk 
populations.
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Introduction
Hepatitis B is an infectious disease caused by the hepati-
tis B virus with liver damage as the main manifestation, 
mainly through blood, sexual contact and mother-to-
child transmission [1]. According to the World Health 
Organization, approximately 296 million people world-
wide are infected with the hepatitis B virus, resulting in 
approximately 820,000 deaths. With about 1.5 million 
new infections each year, it has become an important 
public health problem affecting the health of the global 
population [2, 3]. Since the implementation of hepati-
tis B vaccination for newborns and preschool children 
in 1992, the trend of newly infected hepatitis B cases in 
China has declined. However, China still has the highest 
burden of hepatitis B disease in the world, accounting for 
nearly 25% of the total number of people infected with 
the chronic hepatitis B virus globally [4]. According to 
a study by Liu et al. [5], the number of chronic hepatitis 
B virus infections in China declined by 33.9% from 1990 
to 2020. According to modeling, the current prevalence 
of hepatitis B will result in 55.73 million people being 
infected with hepatitis B in 2030, and more interventions 
should be taken to reach the 2030 hepatitis B elimination 
goal.

Since 2002, China has included the hepatitis B vaccine 
in its childhood immunization program and provided 
hepatitis B vaccination to children free of charge. In 2015, 
the coverage rate of hepatitis B vaccination among chil-
dren reached 99.6%, which has already met the target 
(90%) set by the World Health Organization (WHO) [6]. 
China’s hepatitis B incidence rate declined significantly 
for the first time in 2009 and for the second time in 2012, 
probably due to the vaccine catch-up program for unim-
munized children under the age of 15 in China from 2009 
to 2011, which reached a cumulative total of more than 
68 million children, and greatly increased the coverage of 
hepatitis B vaccine in China [7]. Previous modeling stud-
ies of hepatitis B have mainly applied traditional statisti-
cal or mathematical models [8]. For example, Nadia Gul 
et al. [9] used a transmission dynamics model to simulate 
the transmission state of hepatitis B. However, the model 
is extremely sensitive to parameters, and different param-
eters may lead to huge deviations in the results. And it 
is not possible to quantify the parameters of some inter-
ventions directly in the real world, and the spatial and 
temporal specificity of the distribution of hepatitis B in 
different regions is not taken into consideration. Spatial 
and temporal analyses have shown that factors such as 
population density and gross domestic product (GDP) 
may influence the incidence of hepatitis B. However, 
these studies have focused on the Beijing-Tianjin-Hebei 
region [10] and Xinjiang [11, 12], and few studies have 
been conducted in the whole country. There is significant 

heterogeneity in the incidence rate of hepatitis B virus in 
different regions and populations. Therefore, analyzing 
the influencing factors of hepatitis B from the perspective 
of spatial and temporal analysis can help to understand 
the actual transmission of hepatitis B in different regions 
and take corresponding measures to better control the 
transmission of hepatitis B according to the actual situ-
ation [13, 14].

In this study, we firstly mapped the spatial distribu-
tion of hepatitis B incidence in China and used the age-
period-cohort model to characterize the three-interval 
distribution of hepatitis B in China. The spatial distribu-
tion of hepatitis B in each region of China was revealed 
by calculating the global Moran’s I index and cold hot 
spot analysis. The spatial aggregation of hepatitis B in 
different regions at different times was detected by using 
time-scanning methods. From the perspectives of soci-
ology and economics, potential factors influencing the 
incidence rate of hepatitis B were selected, and the ran-
dom forest algorithm was used for variable selection, 
focusing on the more significant factors for analysis. The 
geographic detector model was employed to assess the 
relationship between these factors and the incidence rate 
of hepatitis B, quantifying the impact of their interactions 
on the incidence rate. Finally, a geographically and tem-
porally weighted regression model was used to explore 
the direction and intensity of these influencing factors’ 
effects under different spatiotemporal conditions, pro-
viding scientific evidence for hepatitis B prevention and 
control.

Materials and methods
Study area and data sources
The study area for this research is the 31 provinces 
(autonomous regions and municipalities directly under 
the central government) in China, excluding Hong Kong, 
Macao, and Taiwan, using the provincial administrative 
unit as the smallest geographic unit for spatio-temporal 
analysis. China is categorized into seven regional types 
based on geographic subdivisions (Table 1).

In this study, the monthly data on the number of 
hepatitis B cases and the incidence rate in each prov-
ince and age group in China from 2004 to 2020 were 
collected by the Public Science Data Center. The num-
ber of hepatitis B incidence in 2021–2023 was obtained 
from the National and Provincial Disease Control 
Bureaus, including the number of hepatitis B inci-
dence per month. The incidence rate of hepatitis B is 
presented as the number of cases per 100,000 people. 
Eight variables from the social demographic, economic, 
and healthcare dimensions were selected to build a 
random forest algorithm model. This study categorizes 
the factors potentially influencing the incidence rate 
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of hepatitis B into three dimensions. The sociodemo-
graphic dimension includes data on the rural popula-
tion ratio in China (%), birth rate (per 1,000 people), 
and the population at the end of each year (in 10,000 
people). The economic dimension includes data on 
per capita GDP (yuan, RMB), the proportion of out-
put value from the tertiary industry (%), and annual 
national health and medical expenditure (in hundred 
million yuan). The healthcare level dimension includes 
data on the number of technicians (per 1,000 people) 
and the number of hospital beds (in 10,000). The data 
on influencing factors were sourced from the China 
Statistical Yearbook and the China Health and Family 
Planning Statistical Yearbook [15, 16].

Statistical analysis
Age‑period‑cohort model
The age-period-cohort model is based on the Poisson 
distribution, and describes the long-term trend of popu-
lation diseases over time under the condition of adjust-
ing for age, period (continuous time periods composed of 
calendar years), and cohort at the same time. The model 
decomposes the data from the three dimensions of age, 
period and cohort, and analyzes the influence of these 
three factors on the disease size separately [17]. The age-
period-cohort model based on logarithmic transforma-
tion was used in this study with the model expression:

where Eij denotes the expected number of incidence of 
hepatitis B in the population in the i-th age group in the 
j-th period and is assumed to follow a Poisson distribu-
tion (In this study, it is set as 5-year age groups); log

(

Pij
)

 
denotes the logarithmic value of the total number of 
people in the population in the ith age group in the j-th 
period; µ is the intercept term; αi is the age effect, indi-
cating the risk of incidence in the ith age group; βj is the 
period effect, indicating the risk of incidence in the j-th 
period (In this study, the number of periods is 3, and 
the range is from 2008 to 2018); γk is the cohort effect, 
indicating the risk of incidence in the k-th birth cohort 
(In this study, the number of birth cohorts is 19, and 
the range is from 1926 to 2016). By default, we use the 
median age and period ranges as reference points for 
calculations. Longitudinal age-specific incidence refers 
to the incidence of different age groups in a given birth 
cohort after adjusting for period effects. Cross-sectional 
age-specific incidence is the incidence of different age 
groups in a given period, after adjusting for cohort 
effects. The relative risk (RR) value for the period (or 
cohort) refers to the RR of a certain period (or cohort) 
compared to the reference period (or cohort) after cor-
recting for the cohort (or period) effects of age and non-
linearity. The National Cancer Institute (NCI) web tool 
was used to estimate the age-period-cohort effects on 
hepatitis B incidence, which in turn was used to estimate 
the age and time distribution of hepatitis B incidence in 
China [18]. In this study, since the data for the popula-
tion aged 85 and above is an open interval, the analysis 
was conducted on the population aged 0–84, with 5-year 
age groups. The age-period-cohort model requires that 
the age group intervals match the period group intervals. 
Considering that the latest data span of this age group 
available is from 2004 to 2020, we thus used the most 
recent data from 2006 to 2020 for the analysis. In this 
study, P < 0.05 was considered statistically significant.

log Eij = log Pij + µ+ αi + βj + γk

Table 1  Table of geographical divisions of China

Region Type Provinces, Municipalities, and 
Autonomous Regions

North China Beijing Municipality

Tianjin Municipality

Shanxi Province

Hebei Province

Inner Mongolia Autonomous Region

South China Guangdong Province

Hainan Province

Guangxi Zhuang Autonomous Region

East China Shanghai Municipality

Jiangsu Province

Zhejiang Province

Anhui Province

Fujian Province

Jiangxi Province

Shandong Province

Central China Henan Province

Hubei Province

Hunan Province

Southwest China Chongqing Municipality

Sichuan Province

Guizhou Province

Yunnan Province

Tibet Autonomous Region

Northwest China Shaanxi Province

GansuProvince

Qinghai Province

Ningxia Hui Autonomous Region

Xinjiang Uygur Autonomous Region

Northeast China Heilongjiang Province

Liaoning Province

Jilin Province
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Spatial autocorrelation analysis
Spatial autocorrelation is used to test whether there is an 
association between attribute values in a spatial neigh-
borhood, and the degree of aggregation of attributes of 
spatial units can be expressed through spatial autocor-
relation analysis [19]. The commonly used statistic for 
global spatial autocorrelation is the global Moran’s I 
index, which reflects the spatial clustering pattern of the 
entire study area and measures the overall degree of spa-
tial aggregation in the data. Its calculation formula is as 
follows:

where n is the sample size; xi and xj denote the attribute 
values of the i-th and j-th spatial units, respectively; wij is 
the spatial weight matrix, in this study set i and j adjacent 
is weighted 1, otherwise 0; x is the mean of the observa-
tions of the study subjects. In this study, when the global 
Moran’s index is greater than 0, it means that there is a 
positive spatial correlation between the incidence rates of 
hepatitis B in all regions; when the global Moran’s index 
is less than 0, it means that there is a negative spatial cor-
relation between the incidence rates of hepatitis B in all 
regions; when the global Moran’s index is equal to 0, it 
means that there is no spatial correlation.

The local Moran’s I index is calculated to determine 
the location of the aggregation as well as the pattern of 
aggregation [20]. The formula for its calculation is:

Among them, Ii represents the local Moran’s I index of 
the i-th region. There are four types of spatial correlation 
states that exist when the local Moran’s I index is signifi-
cant, including: high—high aggregation areas, high—low 
aggregation areas, low—high aggregation areas, and 
low—low aggregation areas. For those places that pass 
the significance test a Local Indicators of Spatial Associa-
tion (LISA) plot can be used to clearly show the areas and 
types of aggregation.

Cold spot-hot spot analysis is used to study the cluster-
ing patterns and locations of high or low value elements 
in local spaces. The G∗

i  statistic is calculated for each ele-
ment in the dataset to determine the clustering state of 
high or low value elements in space [20, 21]. To become 
a statistically significant hot spot, an element should have 
a high value and be surrounded by other elements with 
similarly high values. When G∗

i  is positive, a hot spot 
area is displayed on the map, while when G∗

i  is negative, 

I =
n
∑n

i=1

∑n
j=1 wij(xi − x)(xj − x)

∑n
i=1

∑n
j=1 wij(xi − x)2

Ii =
n(xi − x)

∑n
j wij(xj − x)

∑n
i wij(xi − x)2

a cold spot area is displayed. The calculation formula is 
as follows:

where n is the total number of spatial units, wij is the spa-
tial weight matrix, and xj is the specific attribute value of 
the spatial unit. The symbols in this part are the same as 
those used in the calculation of the Moran’s index. In the 
cold and hot spot analysis, the 90%, 95%, and 99% con-
fidence intervals of cold spots and hot spots are usually 
calculated to show their distribution under different sig-
nificance levels. In the spatial autocorrelation analysis, 
the global Moran’s I index was calculated using R version 
4.3.2 (‘ape’ packages), while the remaining calculations 
and plotting were performed using ArcGIS 10.8.

Spatiotemporal scanning analysis
Spatiotemporal scanning is an extension of spatial scan-
ning, considering both spatial clustering and temporal 
distribution patterns, providing a more comprehensive 
understanding of event distribution over time. The goal 
of spatiotemporal scanning analysis is to identify signifi-
cant clustered events in both time and space. A cylin-
drical scanning window slides across different regions 
and times, scanning the theoretical incidence numbers 
for different time periods and areas. The log-likelihood 
ratio and RR are calculated based on the actual incidence 
numbers and theoretical incidence numbers to detect 
the spatiotemporal clustering of diseases [22]. This study 
used SaTScan 10.1 to perform spatiotemporal scan anal-
ysis of the incidence of hepatitis B in China from Janu-
ary 2004 to December 2023 on a month-by-month basis, 
choosing a discrete Poisson distribution model and using 
a cylindrical scanning window for retrospective scan-
ning. The Monte Carlo simulation algorithm was used 
for 999 simulations. The RR, which is used as an evalua-
tion indicator of risk factors in epidemiology, was used to 
assess the risk factors.

Random forest model and geographic detector model
The random forest model is a machine learning algo-
rithm based on classification trees, known for its strong 
ability to handle complex and variable factors with high 
interpretability. It effectively avoids issues of multicol-
linearity and overfitting, making it suitable for screen-
ing the influencing factors of hepatitis B [23]. The 
geographic detector is a spatial analysis method used 
to detect spatial heterogeneity and explain the under-
lying driving forces. Its basic concept is: if a certain 

G∗

i =

∑n
j wijxj
∑n

j xj
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independent variable has a significant impact on the 
dependent variable, then the spatial distributions of the 
independent and dependent variables should be simi-
lar [24]. The study uses the factor detection and inter-
action detection modules of the geographic detector. 
Factor detection can identify statistically significant 
independent variables and their explanatory power for 
the dependent variable, primarily quantified through 
the q-value [25]. The calculation formula is as follows:

where q represents the explanatory power of the inde-
pendent variable for the dependent variable, with a 
range of [0,1]; h is the number of layers for the inde-
pendent or dependent variable; L represents the num-
ber of stratification levels of the detection factor; Nh 
and σ 2

h  are the number of units and variance within the 
h-th layer, respectively; N and σ 2 are the total number 
of units and variance in the entire study area. Five dis-
cretization methods, namely equal—interval classifica-
tion, natural breaks classification, quantile classification, 
geometric interval classification, and standard deviation 
classification, were adopted to determine the optimal dis-
cretization method for each variable. Then, a geographic 
detector model was established. After factor detection, 
the interaction detector is used to explore the interac-
tions between different independent variable factors. 
The modes of interaction include: nonlinear weakening, 
single-factor nonlinear weakening, two-factor enhance-
ment, independence, and nonlinear enhancement [26]. 
The random forest model was used to screen the fac-
tors that may influence hepatitis B. The importance of 
the variables was assessed based on the increase in mean 
squared error. The significance of each variable was cal-
culated using permutation testing. Relatively important 
variables were selected and incorporated into the geo-
graphic detector model for analysis. When screening var-
iables using the random forest, the default number of 500 
trees in the R function is adopted. The number of can-
didate variables randomly sampled for each split is the 
integer value obtained by taking one—third of the total 
number of independent variables. The minimum sample 
size of 1, which is also the default in R, is used for the 
terminal nodes. When testing the significance of variable 
importance, 500 trees are also used, and permutation 
tests are repeated 100 times to make the results more sta-
ble. In this study, both the geographical detector model 
and the random forest model were constructed using R 
4.3.2. The geographical detector model was implemented 
through the ’GD’ package, and the random forest model 

q = 1−

∑L
h=1Nhσ

2
h

Nσ 2

was implemented through the ’randomForest’, ’rfPermute’ 
and ’rfUtilities’ packages.

Geographically and temporally weighted regression
Geographically and temporally weighted regression is 
a local linear regression model that can simultaneously 
account for both temporal and spatial non-stationarity. 
It considers the temporal and spatial non-stationarity of 
regression coefficients, providing a synchronized expla-
nation of the spatiotemporal differentiation mecha-
nisms of geographic phenomena [27]. Geographically 
and temporally weighted regression combines the origi-
nal geographic spatial coordinates with time, forming a 
spatiotemporal three-dimensional coordinate (ui, vi, ti) . 
These three dimensions are coordinates and time. The 
bandwidth of the model was determined according to the 
Akaike Information Criterion Correction (AICc) using 
an adaptive method. The mathematical expression of the 
model is as follows:

where yi is the observed value, (ui, vi, ti) represents the 
spatiotemporal three-dimensional coordinates of the i-th 
sample point, and βk(ui, vi, ti) is the regression coeffi-
cient of the k-th independent variable for the i-th sample 
point, which is estimated using weighted least squares. 
εi is the random error for the i-th sample point, with 
εi ∼ N

(

0, σ 2
)

 , and the random errors of different sample 
points are independent with a covariance of 0. The geo-
graphically and temporally weighted regression model is 
computed using GTWR v1.1 developed by Huang et  al. 
[28]. Significant factors identified in the geographic 
detector model were subjected to geographically and 
temporally weighted regression analysis, where the hepa-
titis B incidence rate was used as the dependent variable 
and the remaining variables were used as independent 
variables to build the model. The geographically and tem-
porally weighted regression model requires that there is 
no multicollinearity between the explanatory variables, 
so it is necessary to conduct a multicollinearity test on 
the variables. A variance inflation factor less than 10 is 
considered to indicate the absence of multicollinearity.

Results
Hepatitis B intertriginous distribution analysis
From 2004 to 2023, a total of 20,376,898 cases of hepa-
titis B were reported in China, and the annual incidence 
rate and number of cases of hepatitis B are shown in 
Fig.  1. From 2004 to 2007, hepatitis B in China showed 
an increasing trend. After 2009, it began to gradually 

yi = β0(ui, vi, ti)+
∑p

k=1
βk(ui, vi, ti)xik + εi
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Fig. 1  Hepatitis B prevalence and incidence in China, 2004 – 2023

Fig. 2  Age-period-cohort effect of hepatitis B in China. A The local drift and net drift and its 95% confidence interval. B Longitudinal age-specific 
incidence and its 95% confidence interval. C Cross-sectional age-specific incidence and its 95% confidence interval. D The period change 
of the incidence ratio and its 95% confidence interval. E Incidence ratio in birth cohort and its 95% confidence interval
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decline. In 2012, there was a second drop, and it remained 
at a lower level during the three years of the COVID—19 
pandemic. However, in 2023, the incidence rate showed 
an increase again. The age-period-cohort model was used 
to analyze the hepatitis B incidence rate in China (Fig. 2).

In Fig.  2A, the net drift represents the overall annual 
percentage change of age groups adjusted for time. The 
results show that the net drift of hepatitis B incidence 
rate per year in China was −3.31% (95% CI: −3.94%, 
−2.67%), indicating that, overall, the incidence rate of 
hepatitis B in China decreased at an average rate of 3.31% 
per year. Local drift represents the annual percentage 
change for each age group. It can be observed that the 
hepatitis B incidence rate for age groups under 45 years 
shows a declining trend, with the largest decrease occur-
ring in the 10–15 age group. For age groups over 45, the 
hepatitis B incidence rate shows an increasing trend. 
Figure  2B shows that the longitudinal age-specific inci-
dence rate (Trends in incidence with increasing age) of 
hepatitis B in China first decreases, then starts to grad-
ually rise after the age of 15. It reaches a peak 25 years 

old and then gradually declines and stabilizes. In Fig. 2C, 
the cross-sectional age-specific incidence rate (The trend 
of incidence in different time periods) of hepatitis B in 
China showed a trend of increasing with age. From the 
period effect (Fig.  2D), the risk of hepatitis B incidence 
in China showed a gradual decreasing trend. From the 
cohort effect (Fig.  2E), the risk of hepatitis B incidence 
in China gradually increased with increasing birth years 
before 1971 and decreased with increasing birth years 
after 1971.

The map of annual incidence rate of hepatitis B by 
province in China from 2004 to 2023 is shown in Fig. 3. 
Before 2012, the high incidence of hepatitis B in China 
was mainly concentrated in Northwest China and North 
China, but there is a tendency to spread to South China. 
After 2012, the incidence of hepatitis B in North China 
has gradually decreased, while the incidence of hepa-
titis B in South China and Central China has gradually 
increased and become a high incidence area together 
with Northwest China. Qinghai Province has always been 
a high incidence of hepatitis B, while Gansu Province and 

Fig. 3  Hepatitis B incidence rate by province, China, 2004 – 2023
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Henan Province in 2012, the incidence rate of hepatitis 
B fell sharply, Gansu Province from 119.81 per 100,000 
people to 46.02 per 100,000 people; Henan Province from 
140.14 per 100,000 people to 80.01 per 100,000 people.

Analysis of spatial heterogeneity
Global spatial autocorrelation analysis. The spatial weight 
matrix method was used to calculate the global Moran’s 
I index of hepatitis B incidence in China from 2004 to 
2023 (Table 2). It can be observed that the global Moran’s 
index for all years is greater than 0 (P < 0.05), indicat-
ing positive spatial autocorrelation. Thus, it can be con-
cluded that there is spatial aggregation in the incidence of 
hepatitis B in China. Local Moran’s I index was calculated 
for the incidence of hepatitis B in China, and LISA clus-
tering maps were drawn (Fig. 4). The pattern of aggrega-
tion of hepatitis B incidence in China from 2004 to 2023 
has changed over time. The high—low aggregation in the 
Xinjiang Uygur Autonomous Region before 2010 and no 
spatial aggregation thereafter. In Guangdong Province, 
a pattern of high-high aggregation began in 2015. The 
North China region has been high and low aggregation 
from 2015 to 2019, and from 2020 onwards it changes to 
low—low aggregation. In the cold—spot and hot—spot 
analysis, the 90%, 95%, and 99% confidence intervals are 
usually calculated to identify the cold—spot and hot—
spot areas under different significance levels (Fig.  5). 

China’s Northwest and Southwest regions are perennial 
hot spot regions, while North China, Northeast China, 
and East China are perennial cold spot regions.

Spatiotemporal scan analysis
The results of the spatiotemporal scan analysis were 
shown in Fig.  6. From February 2004 to August 2012, 
high risk clusters were observed in Northwest China 
(Shaanxi, Gansu, Ningxia Hui Autonomous Region, 
Qinghai), Southwest China (Chongqing, Sichuan, Yun-
nan), Central China (Hubei, Henan), and North China 
(Shanxi, Hebei), with an aggregation radius of 768.91 
km and a RR of 1.70 (P < 0.001). From February 2013 to 
January 2023, low-risk aggregation was observed in East 
China (Shanghai, Jiangsu and Zhejiang), with an aggre-
gation radius of 239.21 km and a RR of 0.28 (P < 0.001). 
From January 2014 to December 2023, high-risk cluster-
ing was observed in South China (Guangdong, Guangxi, 
Hainan), East China (Fujian, Jiangxi), and Central China 
(Hunan), with an aggregation radius of 692.52 km and a 
RR of 1.56 (P < 0.001).

Random forest and geographic detection analysis
Finally, statistically significant variables were selected 
(the population at the end of each year (in 10,000 people), 
number of beds in health care facilities (in 10,000), rural 
population proportion (%), tertiary industry proportion 
(%), number of health technicians per 1,000 population, 
and per capita GDP (yuan, RMB)). The increase in mean 
squared error is shown in Fig. 7.

The factor detection results showed that the explanatory 
power of all variables was statistically significant (Table 3). 
The strongest explanatory power is the number of popula-
tion at the end of each year with a q-value of 0.1949, fol-
lowed by the share of rural population with a q-value of 
0.1895, and the weakest explanatory power is the number 
of beds in healthcare facilities with a q-value of 0.1044. 
Interaction detection of the variables shows that the num-
ber of population at the end of each year, the number of 
beds in healthcare facilities, and the rest of the variables 
show nonlinear enhancement, and the rest of the vari-
ables show two-factor enhancement (Table  4). This indi-
cates that these six factors are not independent factors, 
and their explanatory power for the incidence of hepati-
tis B was enhanced by the interaction of the two factors, 
with the strongest explanatory power being the interaction 
between population at the end of each year and the pro-
portion of rural population, with a q-value of 0.5366.

Geographically and temporally weighted regression 
analysis
The results show that the variance inflation factor for the 
population at the end of each year is 5.64, the variance 

Table 2  Global Moran’s I index of hepatitis B from 2004 to 2023

Year Moran’s I S P value

2004 0.3693 0.1177  < 0.001

2005 0.3430 0.1165 0.0012

2006 0.3153 0.1164 0.0027

2007 0.3272 0.1157 0.0018

2008 0.3125 0.1130 0.0022

2009 0.2451 0.1037 0.0072

2010 0.2840 0.1142 0.0054

2011 0.3375 0.1167 0.0015

2012 0.2697 0.1157 0.0088

2013 0.2141 0.1140 0.0300

2014 0.3065 0.1189 0.0043

2015 0.3370 0.1192 0.0019

2016 0.2966 0.1185 0.0054

2017 0.3453 0.1184 0.0014

2018 0.3308 0.1120 0.0024

2019 0.3423 0.1202 0.0018

2020 0.3593 0.1201 0.0011

2021 0.3555 0.1205 0.0013

2022 0.3803 0.1208 0.0006

2023 0.3326 0.1196 0.0022
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inflation factor for the number of beds in health care 
institutions is 5.89, the variance inflation factor for the 
proportion of rural population is 3.87, the variance infla-
tion factor for the proportion of the tertiary industry 
is 2.81, the variance inflation factor for the number of 
health care technicians per 1,000 population is 5.22, and 
the variance inflation factor for the per capita GDP is 
4.35. Since each of the variables has a variance inflation 
factor of less than 10, it can be assumed that there is no 
multicollinearity.

The Gaussian kernel function method is used to cal-
culate the spatio-temporal weights, and the spatio-tem-
poral distance ratio is 0.2688. The model’s coefficient of 
determination was 0.8493, and the adjusted coefficient 
of determination was 0.8478, which indicated that the 
model fit well and the model was stable. Due to the large 
amount of data, only the regression coefficients of the 
even years in 2004–2023 are shown, and the distribution 
of regression coefficients of each of its explanatory vari-
ables is shown from Supplementary Fig. 1 to Supplemen-
tary Fig. 6. The test results of the regression coefficients 

show that the regression coefficients are all significantly 
non-zero and the differences are statistically significant.

Discussion
There is an increasing trend in the incidence of hepatitis 
B in people over 45 years of age, which should be noted 
and more measures need to be taken for these people. In 
terms of longitudinal age-specific incidence rate, the inci-
dence rate is higher in people over 65 years of age, sug-
gesting that older people account for a larger proportion 
of the incidence of hepatitis B in China. It is possible that 
these individuals are at a higher risk of developing hepati-
tis B because they were not vaccinated against the disease 
at birth. The similarly studies have suggested that vac-
cination of the elderly is more important in areas where 
hepatitis B vaccination programs are available, as preven-
tion for the elderly is relaxed [29]. It has also been noted 
that hepatitis B carriage rates are high among older peo-
ple who have been infected with hepatitis B, and that pre-
vention among older people should be emphasized more 
[30]. In terms of longitudinal age-specific prevalence, the 

Fig. 4  Hepatitis B LISA cluster in China from 2004 to 2023
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incidence is higher in people under 5  years of age and 
in people aged 15–30 years. In children, hepatitis B is 
mainly contracted through vertical transmission. Moth-
ers with hepatitis B should use highly effective antiviral 
drugs for mother-to-child interruption during pregnancy 
and assess the risk of interruption failure in a timely 
manner, and children should be immunized with hepati-
tis B vaccine and hepatitis B immune globulin after birth 
[31]. For 15–30 year olds, according to a survey of hepati-
tis B in Uganda, hepatitis B is mainly transmitted through 
blood and sex in this age group, and probably in the 
same way in China [32]. A survey in Shandong Province, 
China, showed that the prevalence of hepatitis B peaked 
in people aged 20–29 years, which is consistent with the 
results of this study, which also showed that the mode of 
transmission in this group is mainly sexual [33]. For this 
group, Hepatitis B antibody testing should be conducted 
regularly, and Hepatitis B vaccine should be given to 
those with declining antibodies in a timely manner, along 
with non-pharmacological interventions. For example, 
publicizing hepatitis B prevention and distributing free 

condoms to this group will effectively reduce the inci-
dence [34].

In terms of spatial distribution, the incidence of 
hepatitis B in China shows spatial aggregation, which 
suggests that there is variability in the geographic dis-
tribution of hepatitis B, which may be related to the 
hepatitis B vaccination rate. A study shows that there 
are differences in the hepatitis B vaccination rate across 
different landscapes [35]. Cold-spot-hot-spot analy-
sis showed that the hot-spot areas of hepatitis B were 
mainly distributed in the northwest and southwest 
regions of China. LISA maps also showed that these 
areas were mainly high-low clustered, suggesting that 
the incidence rate in these areas was relatively high 
while that in the neighboring areas was low. North-
east China is the main cold spot distribution area, 
which may be related to the high vaccination rate in the 
region. A research shows that in 1999, the hepatitis B 
vaccine in Jilin Province according to the immunization 
program of the entire 3-dose qualified vaccination rate 
has reached 88.7% [36]. The LISA map of North China, 

Fig. 5  Analysis of cold spots and hot spots of hepatitis B in China from 2004 to 2023
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Fig. 6  Month-based analysis of spatiotemporal scans for hepatitis B

Fig. 7  Importance of random forest variables for factors affecting hepatitis B (In the figure, * represents that the P value is less than 0.05; ** 
represents that the P value is less than 0.01)
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adjacent to the northeast, shows a high-low aggregation 
pattern. This may be due to the high population den-
sity and high mobility in North China, such as Beijing 
and Tianjin, which may be the main factor affecting 
the agglomeration pattern [10]. Since 2012, the hot-
spots have gradually shifted towards the South China. 
Guangdong Province and Hainan Province, which are 
part of the South China, also fall within the high-risk 
areas. In terms of GDP, the GDP of the South China 
region has been growing rapidly since 2011, indicating 
that this region has entered a period of rapid develop-
ment. According to a study [37], in 2011, the net migra-
tion rate of population flow in Guangdong Province, 
which is in the South China, ranked among the top in 
China, and its growth rate was also relatively rapid. 
According to the disease control report of Guang-
dong Province, in the survey conducted in 1992, the 

HBV infection rate among the population in Guang-
dong Province was 75.3%, and the HBsAg carrier rate 
was 17.85%, ranking first in the country. The sudden 
increase in a large amount of population flow and con-
tacts has had a significant impact on the development 
of hepatitis B in the South China. However, as a tourist-
oriented provincial administrative region, Hainan Prov-
ince has a high level of population mobility. As a result, 
there are frequent contacts among people, leading to a 
relatively high transmission risk. The Guangxi Zhuang 
Autonomous Region has always been an area with a 
high incidence of hepatitis B. In the early days, the inci-
dence rate of hepatitis B in Guangxi ranked among the 
top of the reported incidence rates of various infectious 
diseases [38]. After the state implemented the immuni-
zation program for hepatitis B vaccine, the vaccination 
coverage rate for newborns in each province has signifi-
cantly increased. However, due to the combined effects 
of factors such as large-scale population mobility, eco-
nomic development, and a high hepatitis B infection 
rate within the population base, a favorable background 
has been provided for the gradual spatial transfer of 
hepatitis B in the South China. Therefore, more efforts 
should be made to prevent and control hepatitis B in 
this region, and a strategy of providing free hepatitis B 
vaccination for adults should be implemented. In recent 
years, Jiangsu, Shanghai and Zhejiang Provinces in East 
China are low prevalence areas while Fujian Province 
is a high-risk area, indicating that the prevalence of 
Hepatitis B is not only affected by geographic location 

Table 3  Geo-detection results of influencing factors

Variable q P value Explanatory 
capacity

Population at the end of the year 0.1949  < 0.001 1

Number of beds in health-care institu-
tions

0.1044  < 0.001 6

Percentage of rural population 0.1895  < 0.001 2

Percentage of the tertiary sector 0.1409  < 0.001 3

Health technicians per 1,000 popula-
tion

0.1107  < 0.001 5

Gross Domestic Product per capita 0.1189  < 0.001 4

Table 4  Detection results of the interaction of the influencing factors

* X1 Population at the end of the year; X2 Number of beds in the medical institutions; X3 Percentage of rural population; X4 Percentage of tertiary industry; X5 Number 
of health technicians per 1,000 population; X6 Gross Domestic Product per capita

q = A ∩ B A + B Comparative results Types of interaction-
producing effects

Ordering of explanatory 
power after interactions

0.3342 X1(0.1949) + X2(0.1044) = 0.2993 q > A + B nonlinear enhancement 8

0.5366 X1(0.1949) + X3(0.1895) = 0.3844 q > A + B nonlinear enhancement 1

0.4956 X1(0.1949) + X4(0.1409) = 0.3358 q > A + B nonlinear enhancement 2

0.4286 X1(0.1949)) + X5(0.1107) = 0.3056 q > A + B nonlinear enhancement 3

0.4263 X1(0.1949) + X6(0.1189) = 0.3138 q > A + B nonlinear enhancement 5

0.4282 X2(0.1044) + X3(0.1895) = 0.2939 q > A + B nonlinear enhancement 4

0.3435 X2(0.1044) + X4(0.1409) = 0.2453 q > A + B nonlinear enhancement 6

0.3138 X2(0.1044) + X5(0.1107) = 0.2151 q > A + B nonlinear enhancement 9

0.3381 X2(0.1044) + X6(0.1189) = 0.2233 q > A + B nonlinear enhancement 7

0.2923 X3(0.1895) + X4(0.1409) = 0.3304 A + B > q > A,B two-factor enhancement 10

0.2798 X3(0.1895) + X5(0.1107) = 0.3002 A + B > q > A,B two-factor enhancement 11

0.2209 X3(0.1895) + X6(0.1189) = 0.3084 A + B > q > A,B two-factor enhancement 14

0.2359 X4(0.1409) + X5(0.1107) = 0.2516 A + B > q > A,B two-factor enhancement 13

0.2452 X4(0.1409) + X6(0.1189) = 0.2598 A + B > q > A,B two-factor enhancement 12

0.1937 X5(0.1107) + X6(0.1189) = 0.2296 A + B > q > A,B two-factor enhancement 15
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but also by other factors. The study found that prov-
inces neighboring Guangdong Province are at high risk 
from January 2014 to December 2023, which may be 
due to the impact of the hepatitis B epidemic in Guang-
dong Province on these neighboring provinces. In 
China, Guangdong province is an economically devel-
oped province with close contact with people from 
other provinces, especially neighboring provinces, and 
Guangdong province is in a period of economic devel-
opment, which increases the contact between people. 
More measures should be taken to reduce the incidence 
of hepatitis B in Guangdong province, so that the inci-
dence of hepatitis B in the neighboring provinces may 
be reduced as well [38–40].

Analyzing the factors influencing disease from a spa-
tial perspective not only provides an understanding of 
the way in which these factors act on disease as a whole, 
but also shows the spatial heterogeneity of their effects 
[41]. Where there is a high population density, there 
will be more human contact and therefore a higher risk 
of infection. People in rural areas may lack appropriate 
knowledge of health care and awareness of hepatitis B 
transmission routes compared to urban areas. In addi-
tion, according to a survey of hepatitis B vaccination 
rates among children born between July 1, 1994 and June 
30, 1995 in 10 provinces in China, the vaccination rate 
was 82.9% in urban areas and only 33% in rural areas, 
thus also having a greater impact on hepatitis B trans-
mission [42, 43]. Increased levels of economic develop-
ment may lead to more money being spent on health care 
and disease prevention, which may reduce the incidence 
of hepatitis B [44]. The results of the study found that 
among these six factors population density was the most 
important factor influencing the incidence of hepatitis 
B, followed by the proportion of rural population, sug-
gesting that these two factors play an important role in 
the transmission of hepatitis B. This is different from the 
results of Xu et al.’s study on Beijing-Tianjin-Hebei, prob-
ably because Beijing-Tianjin-Hebei is an economically 
developed region, whereas the present study is on China 
as a whole, which has greater geographic variance [10]. 
From the results of interaction detection, the influencing 
factors of hepatitis B in China did not act independently, 
and were mainly characterized by nonlinear enhance-
ment and two-factor enhancement. Among them, the 
interaction effects of two factors, year-end population 
size and proportion of rural population, were the most 
influential. This emphasizes the importance of consider-
ing the demographic structure in hepatitis B prevention 
and control strategies. Although these macro-factors 
are difficult to intervene directly, they can be dealt with 

indirectly by optimizing the allocation of rural healthcare 
resources and increasing the awareness of hepatitis B 
prevention and control and vaccination rates among the 
rural population.

Studies have shown that there is a clear spatial and 
temporal trend in the factors influencing the incidence 
of hepatitis B [45]. In Northwest China, emphasis should 
be placed on improving the level of medical care and 
per capita income. The Northeast China should increase 
income levels, raise population density, and promote 
urbanization, reducing the proportion of rural popula-
tion. The results of the analysis in East China show that 
there are differences in the way the influencing factors 
work between Fujian Province and the rest of the region, 
which may be related to the geographical location of 
Fujian Province near Guangdong Province, the center of 
economic development. Fujian Province should prioritize 
improving healthcare, while other regions should focus 
on raising per capita income. Central China, which has 
less spatial and temporal variation, should reduce the 
incidence of hepatitis B mainly by improving per capita 
income and healthcare. For South China, the influenc-
ing factors work differently for Guangdong Province than 
for the other two provinces, probably due to the fact that 
Guangdong’s pace of economic development is differ-
ent from that of the other two regions [46]. Guangdong 
Province needs to increase the number of beds in its 
medical institutions, while other provinces should enrich 
their medical resources and accelerate urbanization. The 
Southwest China should focus on increasing per capita 
income, promoting urbanization and building a bet-
ter health-care system to ensure that all residents have 
access to better-quality health care.

This study also has some limitations. On the one hand, 
this study only analyzed the socio-economic and demo-
graphic factors influencing hepatitis B and did not con-
sider the effect of hepatitis B vaccination. On the other 
hand, although the monitored case data used in this 
study is the most complete data available, there may still 
be some underreporting problems leading to estimation 
errors.

Conclusions
China has achieved significant results in controlling 
hepatitis B. However, the incidence of hepatitis B has 
an age effect and a birth cohort effect, as well as signifi-
cant spatial and temporal aggregation. The incidence 
is highest in people under 5 years of age, 15–30 years, 
and over 65 years, and more interventions should be 
implemented in these populations. The later the age of 
birth, the lower the incidence of hepatitis B. The spatial 
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and temporal distribution of the incidence of hepatitis 
B in China is characterized by clustering, with popula-
tion density and the proportion of the rural population 
being important factors affecting the incidence of hepa-
titis B. Moreover, there is a phenomenon of spatial and 
temporal shifts in the influencing factors of hepatitis B. 
Hepatitis B should be prevented and controlled using 
targeted measures based on the characteristics of dif-
ferent regions. This study provides new evidence on the 
socioeconomic perspective of hepatitis B prevention 
and control, and the results may provide useful infor-
mation for policy makers to develop appropriate tar-
geted prevention and control strategies to reduce the 
disease burden of hepatitis B in China.
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