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A B S T R A C T

The HIV/AIDS epidemic in China is severe and complex. Comprehensive spatiotemporal analysis provides 
valuable insights for intervention policy formulation. Previous studies often overlooked local changes in time 
trends and regional disease development patterns. In this study, we propose a new spatiotemporal analysis 
method based on the Joinpoint Regression (JPR) model and K-means clustering to refine the division of stages in 
China’s AIDS epidemic and differentiate geographical areas based on development patterns. We then use hotspot 
analysis to describe the current status of AIDS, presenting a comprehensive view of the epidemic in China from 
2004 to 2018. JPR results show China’s AIDS incidence generally increased during 2004–2018 (AAPC = 23.2), 
with a significant turning point in 2012. Time series feature clustering classifies the country into three regions: 
Southwest, Central and Eastern, and the other region. Each region corresponds to different epidemic causes and 
transmission pathways, informing targeted interventions. Hotspot analysis reveals the Southwest region as the 
most severely affected area, requiring intensified prevention and control efforts. This study offers a novel from 
both time and space dimensions for understanding and combating the AIDS epidemic, furnishing valuable ref
erences for policymakers in the further development of strategies.

1. Introduction

HIV/AIDS, a chronic infectious disease that seriously affects global 
public health (Qiao et al., 2019), is the direct cause of nearly one million 
deaths each year (collaborators, 2019; Xu and Zhan, 2024). The Joint 
United Nations Programme on HIV/AIDS (UNAIDS) has established a 
series of objectives aiming to end the HIV/AIDS epidemic by 2030 (Ghys 
et al., 2018). For developing countries, HIV/AIDS has always been a 
significant challenge for local public health (Bonovas and Nikolopoulos, 
2012; Campbell et al., 2017). Since the first case of HIV/AIDS was re
ported in China in 1985, the number of HIV/AIDS-related deaths has 
been significantly higher than that of other infectious diseases (Li et al., 
2014), and its morbidity and transmission in different regions show 

significant differences (Huang et al., 2022). The development pattern of 
HIV/AIDS in China is complex and exhibits similarities to both devel
oped and developing countries (Basavaraju et al., 2010; Gokhale et al., 
2017; Xu et al., 2021), which can provide insight into the global AIDS 
epidemic.

Similar to the epidemiological research of other diseases, analyzing 
the spatiotemporal characteristics of HIV/AIDS can help obtain essential 
information about its epidemiology, monitoring, and detection 
(Goovaerts, 2013; Wang et al., 2021), which is of great significance for 
understanding and controlling the disease. Based on temporal patterns, 
the HIV/AIDS epidemic in China can be divided into three stages: spo
radic epidemic stage (1985–1988), local cluster epidemic stage 
(1989–1994), and widespread epidemic stage (1995 to present) (Wang, 
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2007; Xu et al., 2021), showing apparent changes in development 
trends. Along with the changing trends in the HIV/AIDS incidence rate, 
its epidemic characteristics have also become more complex (Qian et al., 
2014). For example, the number of HIV-infected cases in Yunnan 
Province has begun to decrease in recent years, while the incidence in 
Sichuan Province has risen sharply between 2015 and 2017, and the 
transmission mode has shifted from blood transmission associated with 
drug trafficking to predominantly sexual transmission (Jia et al., 2010). 
This change in epidemic characteristics is closely related to the spatial 
distribution of HIV/AIDS within China and may be influenced by various 
factors such as rural population migration to cities and gender ratio 
imbalance (He, 2007; Huang et al., 2022). By analyzing time and space, 
we can obtain a more comprehensive understanding of the spatiotem
poral distribution characteristics and development patterns of 
HIV/AIDS.

To investigate the development trends of AIDS, it is essential first to 
analyze the changes in the incidence rate over time. Currently, widely 
used time series research models include regression analysis, autore
gressive integrated moving average (ARIMA) model, and segmented 
regression model (Gray et al., 2021; Hincapie-Castillo and Goodin, 
2023; Li et al., 2021; Niu et al., 2020). Traditional time series analysis 
studies indicate that conventional regression techniques can only reflect 
the overall trends of the data and not the local trend changes, resulting 
in limitations in fully capturing the changing trends of time series (Gray 
et al., 2021). The ARIMA model is a common method for analyzing time 
trends, capable of identifying and controlling non-stationary patterns in 
the data (Niu et al., 2020). However, this method necessitates a 
considerably larger quantity of data, at least 50 pre-intervention ob
servations for a standard interventional ARIMA (Box and Tiao, 1975). 
Furthermore, the method requires pre-determined intervention nodes 
and is only capable of assessing the impact of a single intervention (Li 
et al., 2021). In addition to the methods mentioned above, some re
searchers have employed segmented regression techniques 
(Hincapie-Castillo and Goodin, 2023; Kim et al., 2000).

Segmented regression techniques can estimate instantaneous 
changes in trends over time and reveal specific trends in local data. 
However, as this technique necessitates the determination of segmen
tation points based on the assumption of trend turning points, it cannot 
explain some non-stationary patterns in the data, such as seasonality and 
cyclicity (Li et al., 2021). JPR is extensively applied in the fields of 
cancer and epidemiology for analyzing time trends and characteristics, 
as well as evaluating the impact of intervention measures on the inci
dence of AIDS (Ma et al., 2021; Hincapie-Castillo and Goodin, 2023; Kim 
et al., 2000).

To further investigate the prevalence characteristics of AIDS, spatial 
epidemiology, which combines Geographic Information Science (GIS) 
and spatial analysis techniques, is increasingly being applied in epide
miological research (Carrel et al., 2016). In 2008, Ezekiel Kalipeni 
(Kalipeni and Zulu, 2008) utilized spatial interpolation methods within 
GIS to address the lack of AIDS data in African regions, demonstrating 
the utility of GIS methods in spatiotemporal analysis for HIV prevalence 
research. Additionally, health geographic information systems play a 
crucial role in the research of disease clustering (Kandwal et al., 2009), 
as the identification and classification of spatial aggregations of disease 
incidence facilitate public health monitoring efforts.

A key research area in spatial epidemiology is the spatial distribution 
characteristics of diseases. Wang investigated the impact of varying 
levels of urbanization in different regions on the incidence of obesity 
among residents, demonstrating a certain correlation between regional 
environment, lifestyle, and disease incidence (Wang et al., 2020a). 
Additionally, Relevant scholars identified the main factors and their 
changes influencing the spatial distribution of foodborne diseases using 
the Spatial Lag Panel Regression Model (SLM) and the Geographically 
and Temporally Weighted Regression Model (GTWR) (Wang et al., 
2020b). Leo employed GIS interpolation methods to extract 
regional-level prevalence estimates and analyzed the spatial dependence 

of HIV prevalence (Zulu et al., 2014). Earlier studies have also investi
gated the spatial correlation of the AIDS epidemic on global and local 
scales using Moran’s I index (Huang et al., 2022). However, these studies 
focused on spatial analysis at specific time points without incorporating 
time series characteristics, while time series analysis can help uncover 
potential patterns in epidemic changes (Hamilton, 2020).

Consequently, the analysis of spatiotemporal characteristics is 
crucial. Space-time scan statistic represent a classic method in this field 
(Kulldorff et al., 1998), often used in epidemiology to detect spatio
temporal clusters of anomalous results in both temporal and spatial di
mensions, in other words, newly emerging disease clusters. Employing 
Joinpoint Regression (JPR) allows for the examination and comparison 
of time trend changes within different clusters. By combining JPR 
analysis with K-means clustering and hotspot analysis, further investi
gation into the geographical differences in the development patterns and 
incidence status of AIDS in China is conducted. This approach allows for 
a more accurate and comprehensive assessment of the changes in the 
epidemic.

This study collected AIDS incidence data for China and its 31 prov
inces from 2004 to 2018, using a publicly available panel dataset, 
aiming to provide a detailed exploration of the time trend of AIDS in 
China and fill the gap in the research field of AIDS development patterns. 
A novel method was proposed. Initially, the JPR model was employed 
for stage-wise fitting of AIDS incidence, identifying turning points in 
disease progression and estimating the immediate changes in trends 
over time. Subsequently, this study utilized the time series in the original 
AIDS incidence curve to calculate the numerical characteristics of the 
sequence data and the curve trend shape features. K-means clustering 
method was applied to spatially cluster these features, identifying 
spatial differences in the development patterns of AIDS in China. This 
study then discusses the practical implications of spatiotemporal 
development patterns. Furthermore, a hotspot analysis of the latest AIDS 
incidence was conducted, examining the current prevalence of AIDS in 
China and offering suggestions for future prevention and control efforts.

2. Data sources

The area of this study is China, which is the world’s largest devel
oping country and has the largest population. Since the reform and 
opening up, China has experienced significant transformations in 
various aspects, such as its economy, society, and culture. Studies on the 
spread and development of AIDS in China can offer valuable insights for 
other developing countries worldwide.

The AIDS incidence data used in this study is sourced from the 
publicly available compulsory reporting monitoring data provided by 
the China Public Health Science Data Center (www.phsciencedata.cn). 
This data center is an external data service portal established by the 
Chinese Center for Disease Control and Prevention. The database has 
recently undergone updates under strict quality assessment and has been 
utilized in multiple studies (Tao et al., 2020; Lin et al., 2023), making it a 
reliable data source. As of the time of writing, the database contains 
AIDS incidence data from 2004 to 2018. Consequently, this study 
collected AIDS incidence data for China and its 31 provinces from 2004 
to 2018 (Table 1).

Table 1 
Partial display of raw AIDS prevalence (1/100,000) data.

Year China Beijing … Ningxia Gansu

2004 0.235 0.479 … 0.097 0.130
2005 0.432 0.495 … 0.068 0.105
… … … … … …
2017 4.145 3.433 1.497 1.843
2018 4.620 3.907 … 1.687 2.354
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3. Methodology

The methodology of this study comprises three parts: (1) JPR anal
ysis. This section employs JPR to fit the AIDS incidence data in China, 
obtaining the fitting curves and crucial indicators reflecting fitting ac
curacy and temporal trends, such as MSE, APC, and AAPC, for China and 
its provinces. (2) AIDS development pattern cluster analysis. This sec
tion focuses on the time series fitting curves of incidence rates for each 
province, calculating 30 curve feature values, including mean, variance, 
skewness, and kurtosis, to quantify the characteristics of the time series 
data. The curve feature value results are then subjected to K-means 
clustering, classifying the AIDS development patterns spatially. (3) 
Hotspot analysis. This section conducts hotspot analysis using the 2018 
AIDS incidence data, determining the cold and hot spot spatial distri
bution of AIDS in China in 2018 to reflect the current state of the 
epidemic. The technical roadmap of this study is illustrated below 
(Fig. 1).

3.1. JPR-based time series analysis

The fundamental principle of fitting the JPR model involves dividing 
a long-term trend into several statistically significant segments and 
characterizing them. Depending on the data type, the model can be 
categorized into linear data models (y = xb) and log-linear data models 
(ln y = xb) (Kim et al., 2000). A linear model is selected when the 
dependent variable follows a normal distribution (or an approximate 
normal distribution) and the sample size is large (typically greater than 
100). In contrast, a log-linear model is suitable when the dependent 
variable follows an exponential or Poisson distribution, especially when 

the disease is rare or the rates come from a small population.

3.1.1. Grid Search Method (GSM) modeling
The JPR method used in this study is based on the Joinpoint Trend 

Analysis Software implementation (https://surveillance.cancer.gov/j 
oinpoint/) (Kim et al., 2000), which employs the Grid Search Method 
(GSM) for modeling. The principle is to determine all possible interval 
piecewise function Joinpoints through the GSM and calculate the Sum of 
Squares Errors (SSE) and Mean Squared Errors (MSE) for each possible 
scenario. Then, the grid point with the smallest MSE is selected as the 
Joinpoint of the piecewise function, and the equation parameters, such 
as β0, β1, δ0, … δk are fitted according to the selected Joinpoints and 
interval functions.

3.1.2. Monte Carlo permutation test model selection
The Monte Carlo permutation test is the default model selection 

method in Joinpoint Trend Analysis Software. In addition to the Monte 
Carlo permutation test, the software also provides the Bayesian Infor
mation Criterion (BIC), Modified BIC (MBIC), and related derived 
methods for model selection, but the latter is mainly for advanced users 
with special needs and is not suitable for this study. The applications 
have shown that the permutation test approach worked well for cancer 
incidence and mortality data. This study chooses the default Monte 
Carlo permutation test.

3.1.3. Indicators of accuracy and trends
The software reflects the accuracy through the t-test of the fitting 

curve parameters and the accuracy index Mean Squared Error (MSE) of 
the fitting curve: 

Fig. 1. The technical roadmap of the study, including three parts: (1) JPR Analysis; (2). AIDS development pattern cluster analysis; (3) Hotspot analysis.
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MSE =
1
n
∑n

i=1
(ŷ i̇ − yi)

2 eq.1 

Joinpoints and their number are also intuitive indicators in the re
sults, which determine the division of the result curve stages, and their 
different numbers reflect the heterogeneity of different fitting curves. 
The annual percentage change (APC), average annual percentage 
change (AAPC), and their 95% confidence interval (CI) are the main 
result indicators of JPR model. APC is the percentage of the average 
annual change in the dependent variable, used to evaluate the internal 
trend of each independent interval of the piecewise function or the 
global trend when the number of Joinpoints is 0. AAPC is used to 
evaluate the global average change trend containing multiple intervals 
comprehensively. The APC and AAPC can be used to evaluate the trend 
of AIDS incidence in China. If the APC is greater than 0, it indicates that 
the incidence is increasing year by year; otherwise, it is decreasing year 
by year. If there are no Joinpoints, then APC = AAPC, indicating that the 
data trend shows a unidirectional increase or decrease trend (Wei et al., 
2017).

3.2. Cluster analysis of AIDS time series based on K-means algorithm

The original time series data on AIDS incidence reveals the trends of 
changes in AIDS incidence rates in different regions over time. These 
trends, to some extent, reflect the transmission patterns of AIDS in these 
areas. Analyzing the time series of AIDS incidence rates plays a crucial 
role in studying its patterns of occurrence.

In the analysis of time series, a common method is to calculate its 
curve characteristics, thereby quantifying the features of the time series 
data. This technique facilitates a comprehensive analysis of the time 
series as a whole rather than individual data points (Wang et al., 2006). 
In addition, for time series data, entropy and complexity can be used to 
describe and identify the inherent regularities of the dynamical system 
(Hansen, 1995). In this study, this corresponds to the development 
patterns of AIDS in different provinces. For the time series of AIDS 
incidence rates in each province from 2004 to 2018, 30 curve charac
teristics, including mean, variance, skewness, kurtosis, etc., are calcu
lated to quantitatively describe the characteristics of AIDS incidence in 
the entire region during this period. Some of the curve characteristics 
are listed in Table 2, and details can be found in Appendix Table S1.

Where xi is the time corresponding to the i-th data point in the time 
series, f(xi) is the value at that time, n is the time series sample size, peaki 
is the time at which the i-th peak of the time series curve appears, and m 
represents the average time interval.

By analyzing the time series of AIDS incidence rates in different 
provinces, a quantitative description of the development of AIDS in each 
province can be made. To further analyze the national development 
pattern of AIDS, this study clusters the development patterns of AIDS in 
various regions, distinguishing the development patterns of AIDS in 
provinces nationwide into several categories. This distinction facilitates 
subsequent specific analysis of different categories of incidence patterns 
and the targeted formulation of preventive measures.

Clustering is one of the classic problems in the field of computer 
machine learning, and the K-means algorithm is widely used in clus
tering problems. It is a clustering algorithm based on Euclidean distance, 
assuming that the closer the distance between two objects, the greater 
the similarity. The main idea is: in a given dataset, first randomly select 
K initial cluster centers, use Euclidean distance to calculate the distances 
between each sample and divide the samples into K clusters based on the 
nearest distance principle; then calculate the average position of each 
cluster, reassign the cluster centers, and when the iteration reaches a 
specified number, or the cluster centers no longer change, the clustering 
ends (Wong, 1979).

This section first calculates the 30 curve characteristics of the AIDS 
incidence rate time series data for each province, which is used to 
describe the incidence pattern of AIDS quantitatively. Based on this, the 
K-means clustering method is used to cluster the AIDS development 
patterns of various provinces in China. This study explores the different 
AIDS development patterns existing in various provinces of China, an
alyzes the reasons for the different development patterns in different 
regions, and provides targeted prevention and control suggestions for 
different regions.

3.3. Latest AIDS situation analysis based on hotspot analysis

Hotspot analysis is a commonly used spatial analysis method in GIS, 
which can calculate the Getis-Ord Gi* statistic for each feature in a 
dataset. Through the obtained z-score and p-value, we can identify the 
locations where high-value or low-value features are spatially clustered 
(Getis and Ord, 1992). High-value features often attract attention, but 
they may not be hotspots with significant statistical significance. In 
order to be classified as a statistically significant hotspot, elements must 
exhibit high values and be situated in proximity to other elements that 
also possess high values. The calculation method of the Getis-Ord Gi* 
statistic is as follows: 

G*
i =

∑n

j=1
wi,jxj − X

∑n

j=1
wi,j

S

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⎡

⎣n
∑n

j=1
w2

i,j −

(
∑n

j=1
w2

i,j

)2
⎤

⎦

/

(n − 1)

√
√
√
√
√

eq.2 

Where xj is the AIDS incidence rate of the province, wi,j is the spatial 
weight between features i and j, and n is the total number of features. 

X =

∑n

j=1
xj

n
eq.3 

S =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

j=1
x2

j

n
− (X)2

√
√
√
√
√ eq.4 

The Gi* statistic returned by each feature in the dataset is the z-score. 
For significant positive z-scores, the higher the z-score, the tighter the 
clustering of high values (hotspots). For statistically significant negative 

Table 2 
The time series curve characteristics calculated in this study.

Feature Type Feature Name Mathematical Formula

Numerical 
Feature

Mean Mean =
1
n
∑n

i=1
f(xi)

Median f(x)mid
Standard Deviation

σ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1

(
f(xi) − Mean)2

n − 1

√

Range Range = f(x)max − f(x)min
⋯ ⋯

Trend Feature Distance to the i-th 
peak

Distancei = peaki − x0

Area to the i-th 
peak

Si =
∫ peaki

0 f(x)dx

Length to the i-th 
peak

Li =
∫ peaki

0

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 + f(x)́ 2
√

dx

Skewness Skewness =

n
(n − 1)(n − 2)

•

∑n
i=1(xi − Mean)3

σ3

Burstiness statistic B =
σ − m
σ + m

Kurtosis
Kurtosis =

n⋅
∑n

i=1(f(xi) − Mean)4

(∑n
i=1(f(xi) − Mean)2

)2 − 3

Coefficient of 
Variation

CV =
σ

Mean
× 100%

Shannon Entropy H(x) =
∑n

i=1
p(f(xi))log2 p(f(xi))

⋯ ⋯
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z-scores, the lower the z-score, the tighter the clustering of low values 
(cold spots). In this section, hotspot analysis is conducted on the AIDS 
incidence rates in various provinces of China in 2018 to evaluate and 
analyze the latest development trends of AIDS in China.

4. Results

4.1. Results of JPR-based fitting of AIDS incidence rates

4.1.1. JPR fitting accuracy for AIDS incidence rates
In this study, the JPR model is applied to fit the AIDS incidence rate 

in China between 2004 and 2018. The results, measured by the accuracy 
index MSE value, indicate that the MSE values for Xinjiang, Yunnan, and 
Guangxi provinces exceed 0.05, while those for the remaining provinces 
are below 0.05, demonstrating statistical significance (Appendix 
Table S2). These findings suggest that the JPR model exhibits strong 
applicability in fitting the trend of AIDS incidence rate and categorizing 
the stages of AIDS incidence.

4.1.2. AIDS incidence curve trends and segmentation
In this study, we applied the JPR model to fit the AIDS incidence rate 

in China between 2004 and 2018, determining the Joinpoint charac
teristics of the AIDS incidence rate curve (Fig. 2) and the trend change 
indicators APC and AAPC (Appendix Table S3). As shown in Fig. 2, re
sults are classified into three categories based on the number of Join
points: Category I includes Shanxi, Henan, and Tibet provinces; 
Category II comprises Tianjin and 20 other provinces; Category III 
consists of Beijing and 8 other provinces.

The national AIDS incidence rate’s AAPC is 23.2, indicating a growth 
trend from 2004 to 2018. As illustrated in Fig. 3, the AAPC values for all 
31 provinces in China are above 0, suggesting an increasing trend in 
AIDS incidence rates across all provinces between 2004 and 2018. The 
southwestern regions, such as Sichuan, Chongqing, and Guizhou, 
experienced the most significant growth, while central regions, 
including Henan, Hubei, and Anhui, saw the most minor increases. Two 
factors may contribute to the continuous rise in China’s AIDS incidence 
rate: the rampant sexual transmission led by MSM (Men who have sex 
with men) and the increased detection rate (Wu et al., 2019; Feng et al., 
2009; Meng et al., 2018).

The APC of the national AIDS incidence rate was 34.71 (95% CI =
30.7 ∼ 38.9) from 2004 to 2012 and 9.30 (95% CI = 7.2 ∼ 11.57 ) from 
2012 to 2018, suggesting a higher growth rate from 2004 to 2012 than 

Fig. 2. JPR fitting results in three categories based on the number of Joinpoints.
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from 2012 to 2018, with the incidence rate growth slowing down after 
2012. Appendix Table S3 displays the APC values and their confidence 
intervals for the fitted AIDS incidence rate curves of the 31 provinces 
and cities in China. In Categories II and III, Joinpoints are mainly 
observed between 2008-2009 and 2012–2015. The first Joinpoint in 
Category III occurs between 2008 and 2009, with the APC value 
increasing after the node, indicating an acceleration in incidence rate 
growth. The second Joinpoint in Category III and the Joinpoint in 
Category II are both concentrated between 2012 and 2015, with both 
showing a decrease in APC value after the Joinpoint, representing a 
slowdown in incidence rate growth. However, only Shanghai, Guangxi, 
Yunnan, and Zhejiang exhibit a declining trend in incidence rates after 
the Joinpoint, with Guangxi’s result being significant (Appendix 
Table 2). Local policies formulated by the local government around 
2013 (General office of the standing committee of the Guangxi Zhuang 
autonomous region people’s congress, 2013), which are tailored to local 
conditions (Chen et al., 2018), are key to Guangxi’s exceptional per
formance in epidemic prevention and control.

4.2. Results of clustering of AIDS development patterns

Following the application of the K-means clustering algorithm to the 
30 time series curve features of each province, with the number of 
clusters set to 3 (with the exception of Taiwan Province, where no data 
was available), the resulting clustering outcomes were obtained (Fig. 5). 
Fig. 4 illustrates a geographical distribution pattern evident in the 

clustering results. Provinces belonging to the same category tend to be 
geospatially proximate, aligning with the first law of geography and the 
pattern of AIDS transmission. The clustering results demonstrate that 
provinces and cities with similar patterns of disease development are 
also spatially clustered. The 31 provinces and cities in China have been 
categorized into three types of AIDS development patterns: Southwest 
region, Central and Eastern region, and the other region. Different 
development patterns represent different transmission routes and times. 
Early drug transmission was dominant in the southwest region (Wu, 
2015), while the Central and Eastern regions experienced an outbreak of 
blood-borne transmission in the last century (Dou et al., 2010); the AIDS 
epidemic in the other region mainly originated from the transmission in 
the first two categories of regions. Analyzing the development patterns 
of each category of provinces can provide valuable insights into the 
current prevention and control of AIDS in China.

4.3. Results of AIDS hotspot analysis

Based on the hotspot analysis of the incidence of AIDS in each 
province of China in 2018, the latest AIDS epidemic situation in China 
can be assessed. As shown in Fig. 6, the latest AIDS epidemic trend still 
exhibits significant regional differences and clustering. Seven hotspots 
are concentrated in the southwest of China, including Sichuan, 
Chongqing, Yunnan, Guangxi, Guizhou, Hunan, and Hainan, high
lighting the severity and clustering of the AIDS epidemic in the south
west region. In contrast, ten cold spots are found in the eastern and 
northern regions, led by Beijing, Tianjin, Hebei, and Shandong, sug
gesting that the risk of AIDS in these areas is relatively low. This result 
indicates that the southwest region remains the area most severely 
affected by the AIDS epidemic in China, while the northeastern prov
inces have better controlled the epidemic.

5. Discussion

This study employs the JPR model and K-means clustering to propose 
a new spatiotemporal analysis method based on the China Public Health 
Science Database. By applying this method, this study analyzes the 
incidence of AIDS in China from 2004 to 2018 in both temporal and 
spatial dimensions. This method utilizes segmented regression technol
ogy, which effectively fits the time trend of the incidence rate and re
veals immediate changes in the trend. The K-means clustering algorithm 
spatially divides the development patterns of AIDS in China. Building on 
the preceding work, a hotspot analysis of the AIDS incidence rate in 
2018 can be used to determine the current situation of the AIDS 
epidemic in China.

The method proposed in this study has three significant advantages: 
(1) This method can identify turning points through JPR analysis and 
reveal trend changes between different stages, providing a powerful tool 
for evaluating intervention effects; (2) This method permits the differ
entiation of regional variations in disease development patterns and 
provides a comprehensive overview of the current state of the AIDS 
epidemic in China, which facilitates the formulation of targeted policies; 
(3) This method explores the spatiotemporal characteristics of AIDS in 
China more comprehensively in both temporal and spatial dimensions. 
By using this method, the spatiotemporal development patterns of AIDS 
in China from 2004 to 2018 can be more thoroughly investigated, 
deepening the understanding of the epidemic characteristics in different 
regions and providing support for precise interventions.

To address the issue of overlooking changes in trends within time 
series in previous studies, this study employs JPR model to unveil the 
temporal trend shifts in each stage, offering an objective basis for policy 
evaluation. Among all the MSE results, the values of Xinjiang, Yunnan 
and Guangxi exceeded 0.05. The MSE values were very sensitive to 
outliers (Chicco et al., 2021). These three provinces are located in the 
western part of China, where the AIDS epidemic is serious and the 
transmission patterns are complex with many outbreaks of the epidemic 

Fig. 3. Comparison of the AAPC results between various provinces and the 
entire country.
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through drug and other transmission routes (Wu et al., 2019; Jia et al., 
2010), which in turn affects the fitting accuracy. As indicated by the 
fitting outcomes of this study, AIDS incidence in China exhibited an 
overall ascending trend from 2004 to 2018 (Fig. 2), aligning with the 
conclusions of prior investigations (Xu et al., 2020; Wu, 2015). 
Following the Joinpoints between 2012 and 2015, the rate of AIDS 
progression across various regions collectively decelerated. This period 
corresponds with the execution of China’s 12th Five-Year Plan (State 
Council Office Of The People’s Republic Of China, 2012; PRC National 
Health, 2013) and the ongoing policy interventions (Lau et al., 2011; 
Zeng et al., 2016; Wang et al., 2018; Jiang et al., 2018). The decline in 
the incidence growth rate signifies the efficacy of these interventions.

The Joinpoint outcomes innovatively partition the AIDS incidence 
trend in China into distinct phases, objectively quantifying the instan
taneous changes in the trend. By scrutinizing the alterations in the 
incidence growth rate, the effectiveness of disease interventions can be 
intuitively assessed, further showcasing the merits of the JPR model in 
policy impact evaluation. For instance, only Guangxi Province exhibited 
a declining trend in incidence rate post-2012, emphasizing the excep
tional outcomes of localized policy interventions.

To address the deficiencies in the regional distribution of AIDS 
development patterns, this study applies the K-means algorithm for 
clustering, revealing the heterogeneity of AIDS development patterns in 
different regions of China and providing support for precise interven
tion. In the case of the results from Xinjiang province, previous clus
tering studies often grouped the province with provinces in the 
southwest from the perspective of high incidence rates (Qian et al., 

2014; Huang et al., 2022). However, in the results of this study, the 
pattern of epidemic development is categorized as central and eastern 
regions. This phenomenon may be due to the fact that drugs in Xinjiang 
and the central and eastern region mainly originate from the inflow from 
places such as Sichuan (Xing et al., 2014), and the epidemic develop
ment pattern will also differ from provinces with direct drug input, such 
as the southwestern region. Compared with the direct application of 
spatial analysis of the incidence rate or number of cases, the analysis of 
the development pattern of the epidemic can effectively clarify the 
development pattern and causes of the disease and help to block and 
prevent the epidemic from the transmission path. It also provides 
reference and guidance for similar outbreaks that may occur in the 
future.

The results of this study suggest that policy intervention plays a 
significant and visible role in controlling the AIDS epidemic. Although 
no cure has been found to eradicate AIDS, policy support for the pre
vention and treatment of opportunistic infections, palliative care, and 
the elimination of stigma and discrimination remains crucial (Granich 
et al., 2017; Lau et al., 2011; Zigah et al., 2023). According to the JPR 
model’s evaluation of the impact of interventions, local policies that are 
integrated into the regional situation can achieve better results. The 
implementation of local policies can make more effective use of financial 
and human resources, which has a positive impact on the control of the 
epidemic and can also provide an essential reference for the prevention 
and control of AIDS in other regions (Chen et al., 2019).

Moreover, blocking transmission pathways based on regional 
development patterns holds greater practical value. To illustrate, 

Fig. 4. Clustering results of AIDS development patterns of Chinese provinces: Type1: Southwest region; Type2: Central and East region; Type3: The other region.
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consider the case of Xinjiang. Prevention and control of the epidemic in 
this region should be approached from the perspective of the develop
ment model, paying attention to stopping the spread of the AIDS 
epidemic caused by interregional drug transmission within China and 
intensifying efforts to study and control interprovincial drug trans
mission, which would be of greater value in terms of prevention and 
control. Lastly, Hotspot analysis reveals that the government should 
allocate more funds for prevention and control in the southwestern re
gion, which remains the most severely affected area in China.

Despite its contributions, this study has certain limitations. Firstly, 
due to the unavailability of pre-2004 AIDS data in China’s public health 
databases, analysis of earlier trends is not possible. Secondly, the study’s 
scope is restricted to China’s 31 provinces and municipalities, preclud
ing examination of HIV trends and development patterns at smaller 
spatial units like counties, which could offer more granular insights. 
Future research should explore smaller areas to gain a comprehensive 
understanding of the epidemic’s evolution.

6. Conclusion

This study employs a spatiotemporal analysis method based on the 
JPR model and K-means time series clustering, addressing the 

limitations in prior research regarding fine-grained temporal analysis 
and attempting to fill the gap in the area of spatial delineation of disease 
progression patterns. By examining the changes in China’s AIDS 
epidemic from 2004 to 2018 in a multidimensional manner, the study 
assesses the impact of policies and risk factors on the epidemic, which 
further demonstrates the efficacy of the JPR model in intervention 
evaluation. Controlling sexual transmission routes, such as MSM, is a 
crucial direction for further AIDS prevention and control in China, with 
targeted regional policies proving more efficient. Zoning by develop
ment pattern aids in understanding the epidemic’s spread and enhances 
control efforts. Additionally, this study utilizes hotspot analysis to 
identify high-risk and low-risk areas, helping to picture the epidemic’s 
current status.

This study presents a fresh perspective on the development pattern of 
the AIDS epidemic and offers valuable insights and guidance for AIDS 
assessment and policymaking. Through understanding spatiotemporal 
development patterns, targeted recommendations can be made for AIDS 
prevention and control strategies.
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