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Background: Spatio-temporal analysis is a key epidemiological tool for
monitoring disease transmission and identifying outbreak hotspots. However,
the patterns of pulmonary tuberculosis (PTB) spread over time and space in
Shijiazhuang remain poorly understood. This study aims to clarify the spatio-
temporal dynamics of PTB transmission in this region.

Methods: We conducted a retrospective study using PTB surveillance data from
2010t0 2023, extracted from the national Tuberculosis Information Management
System. Descriptive epidemiological analysis was conducted to assess the
severity and distribution characteristics of PTB in Shijiazhuang. The Joinpoint
regression model was employed to analyze the annual temporal trends. Spatial
autocorrelation analysis and Space—time scan analysis were utilized to explore
the spatio-temporal clustering characteristics.

Results: From 2010 to 2023, a total of 54,855 PTB cases were reported, with an
average annual incidence of 38.97 per 100,000 population. Males, older adults,
and farmers were disproportionately affected. The overall incidence declined
significantly (AAPC = —7.65%, p < 0.05), with a steeper drop between 2010 to
2013 and a more gradual decline thereafter. Spatial analysis revealed persistent
high-high clusters in rural counties such as Lingshou county and Pingshan
county, and low-low clusters in central urban districts. The phased space-time
scan analysis results identified 19 clusters.

Conclusion: This study reveals a declining PTB incidence in Shijiazhuang, with
a higher burden among males, older adults, and farmers, alongside persistent
spatial clusters in rural areas, particularly in the north. These findings emphasize
the need for targeted interventions and strengthened rural surveillance to
achieve tuberculosis elimination goals.

KEYWORDS

pulmonary tuberculosis, Joinpoint regression model, epidemiological characteristics,
spatial autocorrelation analysis, space-time scan analysis

Introduction

Tuberculosis (TB) is a chronic infectious disease caused by Mycobacterium tuberculosis
(MTB), which is mainly transmitted through the respiratory tract (1). When an infected
person coughs, sneezes or talks, the droplets containing MTB will enter the air, and then
be inhaled by others, causing infection. TB may invade various organs throughout the
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human body, but mainly affects the lungs, known as pulmonary
tuberculosis (PTB) (2). Although TB can be prevented and treated,
it is still a major global public health problem (3, 4). The latest
Global Tuberculosis Report estimated 10.8 million new cases
worldwide, with an incidence of 134 per 100,000—marking a
continued rise since 2021 and suggesting tuberculosis may once
again become the leading cause of death from a single infectious
agent (5). In 2023, China ranked third among the 30 countries with
the highest TB burden, with the TB prevention and control situation
remaining serious (5).

Projections from research suggest that attaining the global TB
targets by 2035 may be difficult for China under its current
framework of prevention and control, thereby emphasizing the
critical need for the development of novel strategies and
methodologies (6). Geographic information systems and spatio-
temporal clustering analysis are widely used in public health,
particularly in the study of infectious diseases (7, 8). These methods
help identify disease clusters, dynamically visualize changes in
disease occurrence and cluster trends over time and space, and
elucidate geographic distribution patterns and risk levels in different
regions (9). Studies have shown that the incidence of PTB has
spatial clustering and regional attributes (10, 11). A systematic
review on the spatial clustering of TB in the global general
population revealed that the high-risk attribute of TB is related to
the spatial distribution of hotspots (12). Determining the
geographical distribution of disease hotspots is helpful to identify
areas with high incidence rate and formulate prevention and control
measures (13).

As the capital of Hebei Province, China, Shijiazhuang is an
important economic, cultural, and transportation hub in the northern
China, characterized by high population density and significant
mobility, which increases the risk of infectious disease transmission
(14). However, the PTB situation in Shijiazhuang was not optimistic,
with its incidence rate ranking first in the Beijing-Tianjin-Hebei
region in 2023 (15, 16). Therefore, based on descriptive epidemiology,
this study employs recent techniques such as temporal, spatial, and
spatio-temporal analyses to precisely identify high-risk populations,
times, and regions, thereby providing a scientific basis for the
formulation of targeted prevention and control measures and
contributing to the achievement of the 2035 tuberculosis control target.

Materials and methods
Study area

Shijiazhuang is located in the North China region and the central
southern part of Hebei Province, between 37°27'~38°47" north
latitude and 113°30'~115°20" east longitude. As the provincial capital
city closest to the national capital Beijing, Shijiazhuang is not only a
regional central city of the Beijing-Tianjin-Hebei world-class city

Abbreviations: TB, Tuberculosis; PTB, Pulmonary tuberculosis; TBIMS, Tuberculosis
Information Management System; CISDCP, Chinese Center for Disease Control
and Prevention; APC, Annual percentage change; AAPC, Average annual percentage
change; 95% Cl, 95% confidence interval; LISA, Local indicator of spatial

autocorrelation; LLR, Log-likelihood ratio.
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cluster but also a national logistics hub. The total area is 15,800 square
kilometers. The permanent population of Shijiazhuang is 11.23 million
in 2023. Shijiazhuang has a temperate monsoon climate with four
distinct seasons, an average annual temperature of 14.8°C, and an
average annual precipitation of 741.4 millimeters (17). This study
encompasses all 22 administrative divisions under Shijiazhuang’s
jurisdiction, including districts, counties, and county-level cities.

Data sources

PTB case data for Shijiazhuang from 2010 to 2023 were sourced
from the Tuberculosis Information Management System (TBIMS)
within the China Information System for Disease Control and
Prevention (CISDP). This system monitors and covers all PTB case
reports from hospitals and public health institutions across Chinese
provinces and municipalities. Reported cases of PTB include
laboratory confirmed and clinically diagnosed cases. The diagnostic
criteria for tuberculosis were based on the National Health
Commission of the People’s Republic of China WS 288-2008, WS
288-2017, and the Technical Guidelines for PTB Prevention and
Control in China (18, 19). The population data of Shijiazhuang from
2010 to 2023 is sourced from the Shijiazhuang Municipal Bureau of
Statistics. Vector maps are derived from National Catalogue Service
for Geographic Information.

Descriptive analysis

Descriptive epidemiology was applied to examine the
characteristics of pulmonary tuberculosis (PTB) in Shijiazhuang from
2010 to 2023. Temporal trends were assessed using Joinpoint
regression to estimate the annual percentage change (APC), average
annual percentage change (AAPC), and their 95% confidence intervals
(CI). If the APC/AAPC values are positive, it indicates an increasing
trend; conversely, if they are negative, it indicates a decreasing trend
(6). Seasonal variation was evaluated using a seasonal index, with
values above 100% indicating months of heightened TB reporting (20).

Spatial autocorrelation analysis

The spatial autocorrelation analysis is used to study whether an
attribute value in the area has spatial correlation and correlation
strength, including global spatial autocorrelation and local spatial
autocorrelation. The commonly used index for global spatial
autocorrelation is Moran’s I, which ranges from —1 to 1. A value of
I'> 0 indicates positive spatial autocorrelation (clumped distribution),
with larger values signifying stronger spatial correlation; I<0
indicates negative spatial autocorrelation (dispersed distribution),
with smaller values indicating greater spatial differences; I = 0 denotes
no spatial correlation (random distribution) (11). The formula for
calculating Moran’s [ is as follows:

I ”Z?;lz;l:lwij (x,- —Y)(xj —f)
Z?:1Zj:1wif Z?:l(xi _f)z
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Where n was the number of counties, x; and x; were the indicators
of autocorrelations from unit index i and j, X was average and w; was
the matrix of spatial weights.

Local spatial autocorrelation analysis is employed to detect the
spatial aggregation patterns between each region and its adjacent
regions. It is presented through a clustering map of local indicators of
spatial association (LISA), which encompasses four types: high-high
value aggregation regions, high-low value aggregation regions,
low-high value aggregation regions, and low-low value aggregation
regions (18). The calculation method for the local Moran I is detailed
as follows:

n(x,-—f) "
Li=—————=>wj(xj—x
Z:j_1("1'_x)212—‘I ( )

In the above formulas, #, x;, x;, w;, and X are the same as in the

ij)
former formula.

Space-time scan analysis

A Poisson distribution model is adopted for space-time scan
analysis. The principle is to establish a cylindrical scanning window
with the study area as the base and time as the height. As the window
continuously changes, once it reaches the set upper limit value, the
above steps are repeated. Based on the actual number of incidence
cases and the theoretical number of incidence cases inside and outside
the scanning window, the log-likelihood ratio (LLR) is calculated to
evaluate the aggregation areas and aggregation time. The area with the
maximum LLR value is classified as a primary aggregation area, and
the rest are all secondary aggregation areas (21). In order to more
accurately describe the spatial aggregation distribution characteristics
of the reported PTB rate, this study divides the space-time analysis
time into two stages: 2010-2017 and 2018-2023, in accordance with
the revised diagnostic criteria for PTB. Regarding the choice of
scanning window size, previous studies have proposed various
approaches, primarily aiming to reduce overlapping clusters or to
ensure that any single cluster does not exceed 15% of the total study
area when applying irregular spatial scan statistics (22). In our
analysis, we employed a purely spatial scan approach, systematically
testing window sizes ranging from 5 to 50% of the total at-risk
population, with 5% increments. Based on these comparisons,
we selected a window size of 10% of the total population as optimal.
The number of Monte Carlo replications was set at 999 to ensure
robust statistical inference.

The formula for LLR is as follows:

n, ny =N,
g || g Tz
U, Ug =i,

LLR =

Where n, represents the actual number of cases in the space-
temporal window Z; u, represents the expected number of cases in the
space-temporal window Z under the random assumption; n,
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represents the number of cases in the entire study area; and u,
represents the total expected number of cases in the entire study area.

Statistical software

Trend analysis of PTB was performed using the Joinpoint software
(version 5.3.0; National Cancer Institute, Calverton, MD, United States).
Geographic information software ArcGIS (version 10.1; Environmental
Systems Research Institute, Inc., Redlands, CA, USA) was used for
global and local spatial autocorrelation analysis. To identify spatio-
temporal clusters of PTB, space-time scan statistics were applied using
SaTScan software (version 10.1; Martin Kulldorff, Harvard Medical
School). The scanning analysis was used to detect high-risk clusters by
exploring both temporal windows and geographic regions. All statistical
tests were two-sided, and a significance level of « = 0.05 was adopted.

Results
Epidemiological characteristics

Between 2010 and 2023, a total of 54,855 cases of PTB were
reported in Shijiazhuang City, with an average annual incidence rate
of 38.97 per 100,000 population. The annual incidence rates ranged
from 22.10 per 100,000 to 66.37 per 100,000. Although the overall
trend showed a decline of 40.75% in the annual reported incidence
rate, there was a rebound in 2023 (Supplementary Figure S1) with a
pronounced gender disparity. Among these, 36,865 were males and
17,990 were females, yielding a male-to-female ratio of 2.05:1. The
average age of PTB patients was 45.18 years (0-102 years). Notably,
individuals aged 65 years and older accounted for 20.76% of all
reported cases, indicating a substantial burden of disease among the
older adult. Regarding occupational distribution, the three most
commonly affected groups were farmers (66.97%), students (9.05%),
and individuals engaged in housework or unemployed (5.51%)
(Table 1).

The Joinpoint regression analysis revealed a statistically significant
downward trend in PTB incidence from 2010 to 2023 (AAPC = —7.65,
95% CI: —9.47% to —5.79%, p < 0.05). A notable inflection point was
identified in 2013. From 2010 to 2013, the decline was steep
(APC = —11.54,95% CI: —18.53% to —3.97%, p < 0.05), followed by a
more moderate but still statistically significant decrease from 2013 to
2023 (APC = —6.45,95% CI: —8.01% to —4.86%, p < 0.05) (Figure 1).
In terms of seasonality, PTB cases were reported every month
throughout the 14-year period (Supplementary Figure S2). Higher
seasonal indices were observed in January and from March to May,
indicating peaks in transmission or detection during these months.

Finally, we noticed that the annual average PTB incidence varied
markedly across the different counties of Shijiazhuang, ranging from
25.71 to 52.91 per 100,000 population. The counties with the highest
incidence rates were Xingtang, Lingshou, and Pingshan (Figure 2).

Spatial autocorrelation analysis

The results of the global spatial autocorrelation analysis of the
incidence rate of PTB in Shijiazhuang City from 2010 to 2023 showed
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TABLE 1 Demographic characteristics analysis of pulmonary tuberculosis
cases in Shijiazhuang from 2010 to 2023.

Variable Case number = Percentage (%)
Gender
Female 36,865 67.20
Male 17,990 32.80
Age
0-15 year 965 1.76
16-20 year 5,332 9.72
21-25 year 6,651 12.12
26-30 year 5,167 9.42
31-35 year 3,651 6.66
36-40 year 2,811 5.12
41-45 year 2,966 5.41
46-50 year 3,749 6.83
51-55 year 4,065 7.41
56-60 year 4,742 8.64
61-65 year 4,319 7.87
66-70 year 3,700 6.75
71-75 year 2,912 5.31
>76 year 3,825 6.97
Occupation
Peasant 36,738 66.97
Student 4,962 9.05
Housework and 3,021 5.51
unemployment
Retiree 2,640 4.81
Others 2,522 4.60
Worker 1,665 3.04
Cadres and staff members 1,057 1.93
Unknown 542 0.99
Commercial service 528 0.96
Medical staff 391 0.71
Teacher 317 0.58
Migrant worker 223 0.41
Food and beverage industry 119 0.22
Pastoralist 48 0.09
Scattered children 47 0.09
Seafarers and long-distance 18 0.03
drivers
Public place service staff 17 0.03

that statistically significant positive spatial autocorrelation (p < 0.05)
was detected in 2011 and from 2017 to 2023, indicating that the
incidence rate of PTB in these years presented a non-random clustered
spatial distribution among administrative units. The highest degree of
clustering occurred in 2020 (Moran’s I = 0.680), while the lowest
significant clustering was noted in 2011 (Moran’s I =0.300). In
contrast, the Moran’s I values in other years were non-significant,
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indicating a more random spatial pattern of disease distribution
(Table 2).

LISA maps for PTB incidence identified a total of 6 high-high, 12
low-low, 6 high-low, and 1 low-high clusters throughout the study
period (Supplementary Table S1; Figure 3). The high-high
agglomeration areas are mainly distributed in the northern part of
Shijiazhuang, while the low-low agglomeration areas are primarily
located in the urban center and surrounding districts. From 2016 to
2023, Lingshou County has consistently been identified as a hotspot
for PTB.

Space-time scan analysis

Spatio-temporal clustering analysis using SaTScan indicated that
the notification rates of PTB exhibited spatio-temporal clustering. The
results are shown in Table 3. In the first stage, from 2010 to 2017, a
total of 12 clusters emerged. The most likely cluster covered two
counties, mainly distributed in the southern region, with a clustering
period from 2010 to 2012. Eleven secondary clusters were primarily
located in the counties surrounding the city center, and the main
clustering period was also from 2010 to 2012. In the second stage,
from 2018 to 2023, a total of 7 clusters appeared. The most likely
cluster involved two counties, with a clustering period from 2018 to
2019 and a total of 1,187 cases reported. The analysis results showed
that the PTB risk in these districts and counties was 1.99 times that of
non-hotspot districts and counties. Six secondary clusters were
distributed in the city center and the northern region, with the main
clustering period from 2018 to 2019. Compared with the first stage,
the scope of clustering decreased. Notably, a clustering area was
identified in 2022.

Discussion

Spatio-temporal analysis is increasingly applied in the study of
infectious diseases to detect disease clusters and pinpoint high-risk
areas (23-25). Compared to traditional epidemiological methods, it
offers distinct advantages, including faster outbreak detection, more
efficient resource allocation, and evidence-based policy
implementation (26). This study provides a comprehensive
epidemiological analysis of PTB in Shijiazhuang from 2010 to 2023,
focusing on population characteristics, temporal trends, and spatial
distribution patterns. The findings highlight key demographic,
temporal, and geographic variations in PTB incidence, providing
valuable insights for PTB prevention and control.

The study analyzed 54,855 reported PTB cases over the 14-year
period, with a significantly higher prevalence among males than
females which similiar with Si Chuan province (27). The observed
gender difference in PTB incidence corroborates findings reported
in another study from China (28), suggesting that men may be at
greater risk due to occupational exposure, lifestyle behaviors such
as smoking and alcohol consumption, and biological differences in
immune response (29, 30). Notably, 20.76% of cases were aged
65 years and above, indicating that older adults remain a key at-risk
population. Age-related immune system decline, comorbidities
such as diabetes and chronic lung diseases, and limited healthcare

access in some older adult populations may contribute to the

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1621695
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Wang et al. 10.3389/fpubh.2025.1621695

72
® Observed
67 —:2010-2013 APC = -11.54*

\ ——2013-2023 APC = -645*
62 \
57 \
52 \
47 \\
Py
l\
37
| |
\ :
32

27

Crude Rate

22 -

17
2009 2011 2013 2015 2017 2019 2021 2023

Year

FIGURE 1
Joinpoint regression analysis of the incidence of pulmonary tuberculosis in Shijiazhuang from 2010 to 2013.
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FIGURE 2
The regional distribution of pulmonary tuberculosis reported in Shijiazhuang from 2010 to 2023.
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TABLE 2 Global spatial autocorrelation analysis of reported incidence of
pulmonary tuberculosis in Shijiazhuang from 2010 to 2023.

Year Moran’s / Z value p value
value
2010 0.193 1.535 0.125
2011 0.300 2.239 0.025
2012 0.032 0.492 0.623
2013 —0.084 -0.223 0.824
2014 —~0.279 —1.410 0.158
2015 —0.058 —0.061 0.951
2016 —0.048 —0.004 0.997
2017 0.348 2.596 0.009
2018 0.676 4.589 <0.001
2019 0.633 4.394 <0.001
2020 0.680 4.656 <0.001
2021 0.499 3.489 <0.001
2022 0.333 2.379 0.017
2023 0.611 4.099 <0.001

increased vulnerability of older adults (31, 32). These findings
underscore the importance of targeted TB screening and early
intervention programs for older individuals, particularly in settings
with an aging population. The occupational distribution analysis
shows that farmers dominate the tuberculosis cases, which is
consistent with the study of Deng et al. (33). This may be related to
the generally limited access to healthcare, poorer living conditions,
and greater susceptibility to environmental risk factors that promote
the spread of tuberculosis among rural populations (27). These
findings suggest that TB screening and health education activities
should be prioritized to these population.

Joinpoint regression analysis indicated an overall declining trend
in PTB incidence from 2010 to 2023, with a significant turning point
in 2013. Between 2010 and 2013, PTB incidence declined rapidly,
whereas from 2013 to 2023, the decline was more gradual. The initial
rapid decline in PTB incidence may be attributed to strengthened TB
control measures, including improved diagnosis, treatment adherence
programs, and public health campaigns (34, 35). However, the slower
decline after 2013 suggests that while TB control efforts have been
effective, further reductions in incidence require additional strategies,
such as expanded preventive treatment and improved active case
detection. Another important finding was the resurgence of TB
incidence in 2023, despite the overall downward trend over the study
period. This rebound may be explained by multiple factors. First, the
COVID-19 pandemic likely disrupted TB detection and treatment
services in preceding years, leading to an accumulation of
undiagnosed or untreated cases that surfaced in 2023 (36). Second,
increased post-pandemic social mobility and economic recovery may
have facilitated TB transmission (37, 38). This resurgence highlights
the need for continued vigilance in TB control efforts, particularly in
the wake of major public health crises that may indirectly impact
TB management.

The seasonal index of PTB incidence from 2010 to 2023 shows
that January and the period from March to May are peak months.
These seasonal fluctuations are consistent with PTB transmission
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patterns observed in previous studies (39) and may be linked to
factors such as indoor crowding during colder months (40, 41). In
addition, this phenomenon is also the case in the Shanghai (11).
Understanding these seasonal trends can inform targeted intervention
efforts, such as intensified TB screening campaigns during
peak months.

The regional distribution of PTB incidence in Shijiazhuang city
exhibits significant heterogeneity. The highest burden was observed
in Xingtang, Lingshou, and Pingshan counties, all of which are
predominantly rural and face structural challenges such as limited
healthcare infrastructure, lower socioeconomic development, and
poor awareness of TB (42). In addition, Given Shijiazhuang’s
proximity to Beijing, tuberculosis recurrence and reactivation remain
significant barriers to elimination, partly due to exogenous
reinfection risks associated with Beijing family strains, HIV
coinfection, imprisonment, and immigration (43). These factors may
hinder timely diagnosis and treatment, contributing to sustained
transmission in these regions. Such geographic disparities underscore
the urgent need for locally adapted interventions, particularly in
underserved rural areas. Strategies such as mobile screening services,
community-based treatment support, and health education
campaigns should be prioritized to improve early detection and
treatment adherence.

The global spatial autocorrelation analysis indicates that PTB
in Shijiazhuang exhibits a certain degree of spatial clustering. The
local spatial autocorrelation analysis further identified that the
high-high clustering areas were mainly in Lingshou County,
Xingtang County, and Pingshan County, while the low-low
clustering was primarily in urban districts such as Chang’an,
Qiaoxi, and Xinhua, which is consistent with the regional
distribution results. The following facts may explain why these
counties and districts have become hotspots. First, these counties
and districts are economically underdeveloped areas with a
shortage of health resources. In addition, people living in these
impoverished counties are mostly farmers, who have low incomes
and poor awareness of seeking medical treatment (42, 44). This has
led to the continued spread of diseases and the formation of
clusters. These findings echo into earlier studies in other regions
such as Chongqing (45), indicating that the spatial differences in
TB are closely related to the distribution of socio-economic and
medical resources. Furthermore, previous studies in Jiangsu have
shown that tuberculosis incidence tends to be higher in
low-density areas, possibly due to the close association between
population density and levels of economic development (46). This
suggests that rural areas continue to bear the highest TB burden,
emphasizing the need for region-specific TB control strategies,
including mobile screening units and community-based
treatment support.

The space-time scan analysis results show that over time, the scope
and intensity of clustering areas have gradually decreased. The possible
reasons for this trend are as follows: First, the TB control efforts in
Shijiazhuang have achieved certain results. Second, during the
COVID-19 pandemig, strict quarantine measures reduced population
aggregation and movement. The widespread use of masks by the public
further lowered the transmission risk of MTB, thus forming a positive
intervention against the spread of TB. Furthermore, the study
demonstrated that PTB transmission exhibits significant spatio-
temporal clustering, rather than uniform distribution. These patterns,
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Local spatial autocorrelation analysis of reported incidence of pulmonary tuberculosis in Shijiazhuang from 2010 to 2023.

characterized by peaks in specific time periods and geographic areas,
suggest that local outbreaks, population movements, and variations in
TB control program efficacy may be driving forces (47). The clustering
in earlier years may reflect the combined effects of less advanced
tuberculosis control technologies and inadequate resources at that
time, as well as the concentrated exposure of high-risk populations
(44). These findings emphasize the importance of incorporating spatio-
temporal data into TB control plans. Future efforts should focus on
strengthening surveillance in known cluster areas, scaling up preventive
interventions, and ensuring equitable access to diagnostic and
treatment services—particularly in regions identified as recurrent or
emerging hotspots.

Frontiers in Public Health

This study has several strengths. First, it provides a long-term
epidemiological assessment of PTB in Shijiazhuang, covering a
14-year period with a large sample size of 54,855 cases. This allows for
robust analysis of population characteristics, temporal trends and
spatial patterns. Furthermore, by identifying high-risk populations,
seasonal trends, and geographic clusters, this study provides actionable
insights for TB control and prevention strategies. However, conducting
spatio-temporal analysis based on the incidence rate at the county
(city, district) level has certain limitations. Analysis at the township
level can more precisely identify high-risk areas, which is planned for
the next step of this study. Third, the impact of COVID-19 on TB
trends remains a complex issue that requires further investigation,
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TABLE 3 Space-time Scan Analysis on reported incidence of pulmonary tuberculosis in Shijiazhuang from 2010 to 2023.

Time Cluster  Number of Cluster Time frame  Observed Expected Relative LLR
period type clustering districts and cases cases risk
areas Counties
2010-2017 Most likely 2 Luancheng District, 2010-2012 1,876 1305.77 1.46 114.096 <0.001
cluster Zhao County
Secondary 1 Chang’an District 2010-2012 804 464.64 1.75 103.077 <0.001
cluster 1
Secondary 2 Lingshou County, 2010-2012 1,610 1108.87 1.47 102.726 <0.001
cluster 2 Pingshan County
Secondary 3 Gaoyi County, 2010-2012 1,725 1229.63 1.42 91.996 <0.001
cluster 3 Zanhuang County,
Yuanshi County
Secondary 1 Gaocheng District 2010-2012 1,584 1123.22 1.43 86.687 <0.001
cluster 4
Secondary 2 Shenze County, Wuji 2010-2011 1,092 722.72 1.53 83.313 <0.001
cluster 5 County
Secondary 1 Zhengding County 2010-2011 679 449.4 1.52 51.35 <0.001
cluster 6
Secondary 3 Jingxing Mining 2010-2012 1,570 1211.46 1.31 50.276 <0.001
cluster 7 Area, Luquan
District, Jingxing
County
Secondary 1 Jinzhou City 2010-2011 749 515.96 1.46 46.862 <0.001
cluster 8
Secondary 1 Xinle City 2010-2012 955 710.5 1.35 38.757 <0.001
cluster 9
Secondary 1 Jingxing County 2014-2015 380 303.29 1.26 9.053 0.010
cluster 10
Secondary 1 Chang’an District 2013-2013 328 260.55 1.26 8.123 0.016
cluster 11
2018-2023 Most likely 2 Xingtang County, 2018-2020 1,187 617.09 1.99 216.194 <0.001
cluster Lingshou County
Secondary 1 Luanquan District 2018-2019 425 268.95 1.59 39.113 <0.001
cluster 1
Secondary 1 Xinle City 2018-2019 393 285.18 1.39 18.543 <0.001
cluster 2
Secondary 1 Yuhua District 2018-2018 227 158.29 1.44 13.262 <0.001
cluster 3
Secondary 1 Chang’an District 2018-2019 563 473.15 1.2 8.272 0.008
cluster 4
Secondary 1 Qiaoxi District 2018-2019 569 480.78 1.19 7.866 0.01
cluster 5
Secondary 2 Lingshou County, 2022-2022 261 205.31 1.28 7.039 0.028
cluster 6 Pingshan County

particularly in assessing changes in TB diagnosis and treatment
adherence during and after the pandemic.

In summary, this study has conducted a comprehensive
epidemiological assessment of the epidemiological characteristics,
temporal, and spatial distribution of PTB in Shijiazhuang from 2010 to
2023. Although the overall incidence rate of PTB is declining,
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significant clusters are still evident, such as among susceptible
population, in specific time periods, and in certain areas. Our research
has identified the spatio-temporal clustering of PTB incidence, with
high-incidence clusters mainly concentrated in the northern part of the
region. It is reccommended that, on the basis of consolidating existing
prevention and control achievements, more effective measures
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be explored to reduce the severity of tuberculosis in key populations
and areas.

Data availability statement

The data that support the findings of this study are not openly
available due to reasons of sensitivity and are available from the
corresponding author on reasonable request.

Ethics statement

Ethical approval was not required for the study involving humans
in accordance with the local legislation and institutional
requirements. Written informed consent to participate in this study
was not required from the participants or the participants’ legal
guardians/next of kin in accordance with the national legislation and
the institutional requirements.

Author contributions

XW: Formal analysis, Visualization, Writing - original draft. JG:
Project administration, Writing — review & editing. XS: Writing -
original draft. LC: Writing - review & editing.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. This study was funded by

References

1. Furin J, Cox H, Pai M. Tuberculosis. Lancet. (2019) 393:1642-56. doi:
10.1016/s0140-6736(19)30308-3

2. Churchyard G, Kim P, Shah NS, Rustomjee R, Gandhi N, Mathema B, et al. What
we know about tuberculosis transmission: an overview. J Infect Dis. (2017) 216:5629-35.
doi: 10.1093/infdis/jix362

3. GBD 2021 Tuberculosis Collaborators. Global, regional, and national age-specific
progress towards the 2020 milestones of the WHO end TB strategy: a systematic analysis
for the global burden of disease study 2021. Lancet Infect Dis. (2024) 24:698-725. doi:
10.1016/S1473-3099(24)00007-0

4. Bai W, Ameyaw EK. Global, regional and national trends in tuberculosis incidence
and main risk factors: a study using data from 2000 to 2021. BMC Public Health. (2024)
24:12. doi: 10.1186/s12889-023-17495-6

5. World Health Organization. (2024). Global Tuberculosis Report 2024. Available
online at: https://www.who.int/teams/global-programme-on-tuberculosis-and-lung-
health/tb-reports/global-tuberculosis-report-2024.

6. Sun R, Wang L, Xia H. Disease burden of tuberculosis in China from 1990 to 2021 and
its prediction to 2036. Front Public Health. (2024) 12:1506266. doi: 10.3389/fpubh.2024.1506266

7. Shaweno D, Karmakar M, Alene KA, Ragonnet R, Clements AC, Trauer JM, et al.
Methods used in the spatial analysis of tuberculosis epidemiology: a systematic review.
BMC Med. (2018) 16:193. doi: 10.1186/s12916-018-1178-4

8. Li H, Ge M, Zhang M. Spatio-temporal distribution of tuberculosis and the effects
of environmental factors in China. BMC Infect Dis. (2022) 22:565. doi:
10.1186/s12879-022-07539-4

9. Shaw N, McGuire S. Understanding the use of geographical information systems
(GIS) in health informatics research: a review. J Innov Health Inform. (2017) 24:940. doi:
10.14236/jhi.v24i2.940

10.Xue M, Zhong J, Gao M, Pan R, Mo Y, Hu Y, et al. Analysis of
spatial-temporal dynamic distribution and related factors of tuberculosis in China from
2008 to 2018. Sci Rep. (2023) 13:4974. doi: 10.1038/s41598-023-31430-0

Frontiers in Public Health

10.3389/fpubh.2025.1621695

the Medical Applicable Technology Tracking Project of the Hebei
Province (grant no. GZ2024087).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Generative Al statement

The authors declare that no Gen Al was used in the creation of
this manuscript.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or claim
that may be made by its manufacturer, is not guaranteed or endorsed
by the publisher.

Supplementary material

The Supplementary material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fpubh.2025.1621695/
full#supplementary-material

11.Pan S, Chen L, Xin X, Li S, Zhang Y, Chen Y, et al. Spatiotemporal analysis and
seasonality of tuberculosis in Pudong new area of Shanghai, China, 2014-2023. BMC
Infect Dis. (2024) 24:761. doi: 10.1186/s12879-024-09645-x

12. Teibo TKA, Andrade RLP, Rosa R], Tavares RBV, Berra TZ, Arcéncio RA. Geo-
spatial high-risk clusters of tuberculosis in the global general population: a systematic
review. BMC Public Health. (2023) 23:1586. doi: 10.1186/512889-023-16493-y

13. Bekele D, Aragie S, Alene KA, Dejene T, Warkaye S, Mezemir M, et al.
Spatiotemporal distribution of tuberculosis in the Oromia region of Ethiopia: a hotspot
analysis. Trop Med Infect Dis. (2023) 8:437. doi: 10.3390/tropicalmed8090437

14.Yu H, Yang J, Yan Y, Zhang H, Chen Q, Sun L. Factors affecting the incidence of
pulmonary tuberculosis based on the GTWR model in China, 2004-2021. Epidemiol
Infect. (2024) 152:¢65. doi: 10.1017/50950268824000335

15.Wang C, Shi Y, Liu Y, Zhou Y, Du J, Hu X, et al. Coinfection of hepatitis B,
tuberculosis, and HIV/AIDS in Beijing from 2016 to 2023: a surveillance data analysis.
BMC Infect Dis. (2025) 25:584. doi: 10.1186/512879-025-10952-0

16. Commission TH. Let's work together to end the tuberculosis epidemic. Available
online at: https://wsjk.tj.gov.cn/ZTZL1/ZTZL750/YQFKZ19424/FKZS1886/202404/
t20240410_6596068.html.

17. Bureau SM. (2023). Climate bulletin of Shijiazhuang City. Available online at:
https://www.sjz.gov.cn/qxjzfxxgk/columns/bf653db5-cf87-46d6-8f8c-5ef9c95bfFf/202
401/26/4127d308-3297-4201-af3e-065c82eal9eb.html.

18. Kong D, Wu C, Cui Y, Fan ], Zhang T, Zhong ], et al. Epidemiological characteristics
and spatiotemporal clustering of pulmonary tuberculosis among students in Southwest
China from 2016 to 2022: analysis of population-based surveillance data. JMIR Public
Health Surveill. (2024) 10:e64286. doi: 10.2196/64286

19.Liu K, Li T, Vongpradith A, Wang E, Peng Y, Wang W, et al. Identification and
prediction of tuberculosis in eastern China: analyses from 10-year population-based
notification data in Zhejiang Province, China. Sci Rep. (2020) 10:7425. doi: 10.1038/
541598-020-64387-5

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1621695
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://www.frontiersin.org/articles/10.3389/fpubh.2025.1621695/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpubh.2025.1621695/full#supplementary-material
https://doi.org/10.1016/s0140-6736(19)30308-3
https://doi.org/10.1093/infdis/jix362
https://doi.org/10.1016/S1473-3099(24)00007-0
https://doi.org/10.1186/s12889-023-17495-6
https://www.who.int/teams/global-programme-on-tuberculosis-and-lung-health/tb-reports/global-tuberculosis-report-2024
https://www.who.int/teams/global-programme-on-tuberculosis-and-lung-health/tb-reports/global-tuberculosis-report-2024
https://doi.org/10.3389/fpubh.2024.1506266
https://doi.org/10.1186/s12916-018-1178-4
https://doi.org/10.1186/s12879-022-07539-4
https://doi.org/10.14236/jhi.v24i2.940
https://doi.org/10.1038/s41598-023-31430-0
https://doi.org/10.1186/s12879-024-09645-x
https://doi.org/10.1186/s12889-023-16493-y
https://doi.org/10.3390/tropicalmed8090437
https://doi.org/10.1017/s0950268824000335
https://doi.org/10.1186/s12879-025-10952-0
https://wsjk.tj.gov.cn/ZTZL1/ZTZL750/YQFKZL9424/FKZS1886/202404/t20240410_6596068.html
https://wsjk.tj.gov.cn/ZTZL1/ZTZL750/YQFKZL9424/FKZS1886/202404/t20240410_6596068.html
https://www.sjz.gov.cn/qxjzfxxgk/columns/bf653db5-cf87-46d6-8f8c-5ef9c95fbfff/202401/26/4127d308-3297-4201-af3e-065c82ea19eb.html
https://www.sjz.gov.cn/qxjzfxxgk/columns/bf653db5-cf87-46d6-8f8c-5ef9c95fbfff/202401/26/4127d308-3297-4201-af3e-065c82ea19eb.html
https://doi.org/10.2196/64286
https://doi.org/10.1038/s41598-020-64387-5
https://doi.org/10.1038/s41598-020-64387-5

Wang et al.

20. Zhao D, Zhang H, Wu X, Zhang L, Li S, He S. Spatial and temporal analysis and
forecasting of TB reported incidence in western China. BMC Public Health. (2024)
24:2504. doi: 10.1186/512889-024-19994-6

21. Kleinman KP, Abrams AM, Kulldorff M, Platt R. A model-adjusted space-time
scan statistic with an application to syndromic surveillance. Epidemiol Infect. (2005)
133:409-19. doi: 10.1017/50950268804003528

22.Liu MY, Li QH, Zhang YJ, Ma Y, Liu Y, Feng W, et al. Spatial and temporal
clustering analysis of tuberculosis in the mainland of China at the prefecture level,
2005-2015. Infect Dis Poverty. (2018) 7:106. doi: 10.1186/540249-018-0490-8

23.Ngosa W, Imamura T, Mbewe N, Seriki ], Nzila O, Mfune E et al. Geospatial
analysis of cholera outbreak in Lusaka, Zambia, between 2023 and 2024. Trop Med
Health. (2025) 53:42. doi: 10.1186/s41182-025-00718-4

24. Degif KA, Gebrehiwot M, Tadege G, Demoze L, Yitageasu G. Spatial and temporal
variation of pneumonia incidence among under-five children in Central Gondar zone,
Northwest  Ethiopia, 2013- 2022. BMC Pediatr. (2025) 25:182. doi:
10.1186/512887-025-05550-7

25.Paz WS, Ramos RES, Bezerra LP, Matos DF, Tavares DS, Souza CDF, et al.
Temporal trend, high-risk spatial and spatiotemporal clustering of leprosy indicators in
Brazil: a 20-year ecological and population-based study. Trop Med Int Health. (2023)
28:517-29. doi: 10.1111/tmi.13901

26.Liu K, Cai J, Wang S, Wu Z, Li L, Jiang T, et al. Identification of distribution
characteristics and epidemic trends of hepatitis E in Zhejiang Province, China from 2007
to 2012. Sci Rep. (2016) 6:25407. doi: 10.1038/srep25407

27. Wang Q, Zhu ], Zhang L, Xie L. Regional and epidemiological characteristics of
tuberculosis and treatment outcomes in West China. Front Public Health. (2023)
11:1254579. doi: 10.3389/fpubh.2023.1254579

28.Deng LL, Zhao F, Li ZW, Zhang WW, He GX, Ren X. Epidemiological
characteristics of tuberculosis incidence and its macro-influence factors in Chinese
mainland  during 2014-2021. Infect Dis Poverty. (2024) 13:34. doi:
10.1186/s40249-024-01203-6

29. Peer V, Schwartz N, Green MS. Gender differences in tuberculosis incidence
rates-a pooled analysis of data from seven high-income countries by age group and time
period. Front Public Health. (2022) 10:997025. doi: 10.3389/fpubh.2022.997025

30. Silva DR, Muifioz-Torrico M, Duarte R, Galvao T, Bonini EH, Arbex FF, et al. Risk
factors for tuberculosis: diabetes, smoking, alcohol use, and the use of other drugs. J Bras
Pneumol. (2018) 44:145-52. doi: 10.1590/s1806-37562017000000443

31. Wang X, Song Y, Li N, Huo J, Wang B, Jiang X, et al. Elderly patients with
tuberculosis combined with diabetes mellitus: a comprehensive analysis of lymphocyte
subpopulation dynamics, clinical features, drug resistance and disease regression. Int J
Gen Med. (2025) 18:1271-82. doi: 10.2147/ijgm.S502996

32.Kong D, Xia Y, Wang X, Zhang Y, Zhong ], Zhang T, et al. Prevalence trends,
population characteristics and treatment outcomes of tuberculosis combined with
diabetes in Southwest China: a register-based retrospective study. Front Public Health.
(2024) 12:1445857. doi: 10.3389/fpubh.2024.1445857

33.Deng LL, Han YJ, Li ZW, Wang DY, Chen T, Ren X, et al. Epidemiological
characteristics of seven notifiable respiratory infectious diseases in the mainland of
China: an analysis of national surveillance data from 2017 to 2021. Infect Dis Poverty.
(2023) 12:99. doi: 10.1186/540249-023-01147-3

Frontiers in Public Health

10

10.3389/fpubh.2025.1621695

34. Liyew AM, Gilmour B, Clements ACA, Alene KA. Comparative effectiveness of
interventions for preventing tuberculosis: systematic review and network meta-analysis
of interventional studies.  EClinicalMedicine.  (2023)  64:102209. doi:
10.1016/j.eclinm.2023.102209

35. Huda MH, Rahman ME, Zalaya Y, Mukminin MA, Purnamasari T, Hendarwan H,
et al. A meta-analysis of technology-based interventions on treatment adherence and
treatment success among TBC patients. PLoS One. (2024) 19:¢0312001. doi:
10.1371/journal.pone.0312001

36. Nasir BB, Muhammed OS, Tamiru MT, Chelkeba L. Assessing the impact of
COVID-19 on tuberculosis detection and treatment in healthcare facilities across Addis
Ababa, Ethiopia: a comprehensive mixed-method, multi-center study. PLoS One. (2024)
19:€0311408. doi: 10.1371/journal.pone.0311408

37. McQuaid CF, Vassall A, Cohen T, Fiekert K, White RG. The impact of COVID-19
on TB: a review of the data. Int ] Tuberc Lung Dis. (2021) 25:436-46. doi:
10.5588/ijt1d.21.0148

38. Hogan AB, Jewell BL, Sherrard-Smith E, Vesga JE, Watson OJ, Whittaker C, et al.
Potential impact of the COVID-19 pandemic on HIV, tuberculosis, and malaria in low-
income and middle-income countries: a modelling study. Lancet Glob Health. (2020)
8:e1132. doi: 10.1016/S2214-109X(20)30288-6

39. Wang W, Guo W, Cai J, Guo W, Liu R, Liu X, et al. Epidemiological characteristics
of tuberculosis and effects of meteorological factors and air pollutants on tuberculosis
in Shijiazhuang, China: a distribution lag non-linear analysis. Environ Res. (2021)
195:110310. doi: 10.1016/j.envres.2020.110310

40. Tedijanto C, Hermans S, Cobelens F, Wood R, Andrews JR. Drivers of seasonal
variation in tuberculosis incidence: insights from a systematic review and mathematical
model. Epidemiology. (2018) 29:857-66. doi: 10.1097/ede.0000000000000877

41.Jaganath D, Wobudeya E, Sekadde MP, Nsangi B, Haq H, Cattamanchi A.
Seasonality of childhood tuberculosis cases in Kampala, Uganda, 2010-2015. PLoS One.
(2019) 14:€0214555. doi: 10.1371/journal.pone.0214555

42. Hargreaves JR, Boccia D, Evans CA, Adato M, Petticrew M, Porter JD. The social
determinants of tuberculosis: from evidence to action. Am ] Public Health. (2011)
101:654-62. doi: 10.2105/ajph.2010.199505

43. Qiu B, Wu Z, Tao B, Li Z, Song H, Tian D, et al. Risk factors for types of recurrent
tuberculosis (reactivation versus reinfection): a global systematic review and meta-
analysis. Int J Infect Dis. (2022) 116:14-20. doi: 10.1016/j.ijid.2021.12.344

44.Zhang Y, Ye ], Hou S, Lu X, Yang C, Pi Q, et al. Spatial-temporal analysis of
pulmonary tuberculosis in Hubei Province, China, 2011-2021. PLoS One. (2023)
18:€0281479. doi: 10.1371/journal.pone.0281479

45.Yu Y, Wu B, Wu C, Wang Q, Hu D, Chen W. Spatial-temporal analysis of
tuberculosis in Chongging, China 2011-2018. BMC Infect Dis. (2020) 20:531. doi:
10.1186/s12879-020-05249-3

46. Wu Z, Fu G, Wen Q, Wang Z, Shi LE, Qiu B, et al. Spatiotemporally comparative
analysis of HIV, pulmonary tuberculosis, HIV-pulmonary tuberculosis coinfection in
Jiangsu Province, China. Infect Drug Resist. (2023) 16:4039-52. doi: 10.2147/IDR.S412870

47.Yu S, Zhan M, Li K, Chen Q, Liu Q, Gavotte L, et al. Analysis of tuberculosis
epidemiological distribution characteristics in Fujian Province, China, 2005-2021:
spatial-temporal analysis study. JMIR Public Health Surveill. (2024) 10:e49123. doi:
10.2196/49123

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1621695
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.1186/s12889-024-19994-6
https://doi.org/10.1017/s0950268804003528
https://doi.org/10.1186/s40249-018-0490-8
https://doi.org/10.1186/s41182-025-00718-4
https://doi.org/10.1186/s12887-025-05550-7
https://doi.org/10.1111/tmi.13901
https://doi.org/10.1038/srep25407
https://doi.org/10.3389/fpubh.2023.1254579
https://doi.org/10.1186/s40249-024-01203-6
https://doi.org/10.3389/fpubh.2022.997025
https://doi.org/10.1590/s1806-37562017000000443
https://doi.org/10.2147/ijgm.S502996
https://doi.org/10.3389/fpubh.2024.1445857
https://doi.org/10.1186/s40249-023-01147-3
https://doi.org/10.1016/j.eclinm.2023.102209
https://doi.org/10.1371/journal.pone.0312001
https://doi.org/10.1371/journal.pone.0311408
https://doi.org/10.5588/ijtld.21.0148
https://doi.org/10.1016/S2214-109X(20)30288-6
https://doi.org/10.1016/j.envres.2020.110310
https://doi.org/10.1097/ede.0000000000000877
https://doi.org/10.1371/journal.pone.0214555
https://doi.org/10.2105/ajph.2010.199505
https://doi.org/10.1016/j.ijid.2021.12.344
https://doi.org/10.1371/journal.pone.0281479
https://doi.org/10.1186/s12879-020-05249-3
https://doi.org/10.2147/IDR.S412870
https://doi.org/10.2196/49123

	Analysis of the epidemiological characteristics of pulmonary tuberculosis in Shijiazhuang, China 2010–2023
	Introduction
	Materials and methods
	Study area
	Data sources
	Descriptive analysis
	Spatial autocorrelation analysis
	Space–time scan analysis
	Statistical software

	Results
	Epidemiological characteristics
	Spatial autocorrelation analysis
	Space–time scan analysis

	Discussion

	References

