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Abstract

Objective　 To  investigate  the  spatiotemporal  patterns  and  socioeconomic  factors  influencing  the
incidence of tuberculosis (TB) in the Guangdong Province between 2010 and 2019.

Method　 Spatial  and  temporal  variations  in  TB  incidence  were  mapped  using  heat  maps  and
hierarchical  clustering.  Socioenvironmental  influencing  factors  were  evaluated  using  a  Bayesian
spatiotemporal conditional autoregressive (ST-CAR) model.

Results　Annual incidence of TB in Guangdong decreased from 91.85/100,000 in 2010 to 53.06/100,000
in 2019. Spatial hotspots were found in northeastern Guangdong, particularly in Heyuan, Shanwei, and
Shantou, while Shenzhen, Dongguan, and Foshan had the lowest rates in the Pearl River Delta. The ST-
CAR  model  showed  that  the  TB  risk  was  lower  with  higher  per  capita  Gross  Domestic  Product  (GDP)
[Relative Risk (RR), 0.91; 95% Confidence Interval (CI): 0.86–0.98], more the ratio of licensed physicians
and physician (RR, 0.94; 95% CI: 0.90-0.98), and higher per capita public expenditure (RR, 0.94; 95% CI:
0.90–0.97), with a marginal effect of population density (RR, 0.86; 95% CI: 0.86–1.00).

Conclusion　 The  incidence  of  TB  in  Guangdong  varies  spatially  and  temporally.  Areas  with  poor
economic  conditions  and  insufficient  healthcare  resources  are  at  an  increased  risk  of  TB  infection.
Strategies focusing on equitable health resource distribution and economic development are the key to
TB control.
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INTRODUCTION

T uberculosis  (TB)  is  an  infectious  disease
caused by Mycobacterium tuberculosis and
is primarily transmitted via the respiratory

system.  TB  is  a  significant  infectious  disease  and  a
leading  cause  of  mortality  globally[1].  According  to
the  Global  Tuberculosis  Report  2023,  an  estimated
10.6  million  new  cases  of  tuberculosis  occurred
worldwide  in  2022,  reversing  the  multiyear
downward  trend  observed  until  2020.  Of  these
cases,  1.3  million  deaths  were  attributable  to  TB.
Globally,  the  TB  situation  remains  severe.  China  is
the  world's  second-largest  TB-burdened  country,
with  an  estimated  748,000  new  TB  cases  in  2022,
down from 780,000 in 2021, and a TB incidence rate
of  52  per  100,000,  down  from  55  per  100,000  in
2021[2].  Significant  strides  have  been  made  in  the
prevention and control of TB in China; however, the
rate of incidence has remained gradual. In 2014, the
World  Health  Organization  introduced  its ‘Stop  TB’
strategic plan, aiming to reduce the global incidence
of  tuberculosis  to  less  than  10  per  100,000  by
2035[3].  Based  on  the  current  downward  trend  in
tuberculosis  incidence,  China  will  be  unable  to
achieve its control targets by 2035[4].

Socioeconomic  factors  play  a  significant  role  in
TB  transmission  and  treatment  of  TB.  Siroka  et  al.
identified  an  inverse  correlation  between  social
protection  spending  and  TB  incidence,  prevalence,
and  mortality[5].  A  study  conducted  in  Shandong,
China,  found  that  residents’ income,  medical
resources,  and  population  density  were  closely
associated  with  the  incidence  of  TB[6].  Populations
with  poor  living  conditions  and  limited  access  to
healthcare facilities have a higher incidence of  TB[7].
Similarly,  a  study  in  Baoshan  District,  Shanghai,
found that per capita Gross Domestic Product (GDP),
native-to-total  population  ratio,  and  the  lowest
society  guarantee  rate  were  significantly  associated
with the TB risk class among community residents[8].
These  conditions,  often  resulting  from  a  low
socioeconomic  status,  significantly  increase  the
susceptibility to TB infection.

Although the influence of  socioeconomic factors
on  TB  prevalence  has  been  documented,  the
potential for spatiotemporal autocorrelation has not
been  extensively  explored.  Previous  studies  have
shown  that  TB  exhibits  significant  spatial  and
temporal  clustering[9,10].  Given  the  variability  in  TB
incidence  and  the  corresponding  socioeconomic
conditions  at  the  city  level,  elucidating  these
dynamics  is  crucial  for  enhancing  local  prevention

and  control  strategies.  Several  traditional  statistical
models,  including  logistic  regression,  operate  under
the  assumption  of  independent  observations,
thereby  constraining  the  depth  of  inferences  drawn
from  such  modeling  approaches[11].  A  study  that
simultaneously  integrates  spatial  and  temporal
factors would provide a better understanding of the
association  between  socioeconomic  factors  and  TB
incidence.  The  ST-CAR  model  (ST-CAR),  which
operates  within  a  Bayesian  framework,  captures
simultaneous spatial and temporal nuances, offering
the  distinct  advantage  of  generating  more  robust
results  by  harnessing  the  collective  strength  of
adjacent  data  points  in  both  spatial  and  temporal
dimensions. Notably, this model has proven effective
in  delineating  time-variant  interactions  between
meteorological  variables,  socioeconomic
determinants, and infectious diseases[9,12].

Guangdong  Province,  located  in  southern  China,
is  the  largest  province  in  terms  of  economy  and
population,  with  a  population  of  120  million.
Guangdong Province also has the highest number of
TB  cases  in  China[13].  Based  on  surveillance  data
collected from 21 cities between 2010 and 2019, we
employed  the  ST-CAR  model  to  quantitatively
estimate the impact of socioeconomic factors on TB
incidence  in  Guangdong  Province.  This  analysis
allowed us  to  assess  trends  and regional  risks  of  TB
epidemics  and  our  study  findings  provide  critical
evidence-based  insights  for  TB  prevention  and
control strategies. 

METHOD
 

Data Collection
 

TB  Data　We  obtained  annual  data  on  TB  cases  in
21 cities  in  Guangdong Province  from 2010 to  2019
through  the  online  National  Notifiable  Infectious
Diseases Reporting Information System (NNIDRIS). 

Meteorological  and  Air  Pollution  Data　 Annual
mean  temperatures  of  the  21  cities  were  collected
from  the  National  Meteorological  Information
Center  website  (http://www.nmic.cn).  If  more  than
one  monitoring  station  was  identified  in  a  city,  the
average  value  of  all  monitoring  stations  in  that  city
was  used  to  represent  the  annual  mean
temperature.  Annual  data  on  particulates  smaller
than  2.5  μm  in  aerodynamic  diameter  (PM2.5)  for
each  city  during  the  same  period  were  retrieved
from  the  National  Urban  Air  Quality  Real-time
Publishing Platform (https://air.cnemc.cn:18007/). 

Socioeconomic  Data　 The  socioeconomic  data,
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including  population  density,  per  capita  Gross
Domestic  Product  (GDP),  ratio  of  health  technical
personnel to the population (per 1,000 people), ratio
of licensed physicians and physician assistants to the
population  (per  1,000  people),  and  per  capita
local  general  public  expenditure (measured in 1,000
Yuan) for the 21 cities of Guangdong Province, were
collected  from  the  Guangdong  Statistical  Yearbook
and  government  reports  (http://stats.gd.gov.
cn/gdtjnj/). 

Statistical Analysis
 

Descriptive  Analysis  and  Spatio-temporal  Analysis　
We  used  the  mean,  standard  deviation  (SD),
minimum,  maximum,  25th  percentile  (P25),  50th
percentile (P50), and 75th percentile (P75) to describe
the  distribution  of  TB,  meteorological,  air  pollution,
and  socioeconomic  data  in  Guangdong  Province.
Spearman’s  correlation  analysis  was  applied  to
obtain  the  correlation  coefficients  for  population
density,  per  capita  GDP,  ratio  of  health  technical
personnel  to  the  population  (per  1,000  individuals),
ratio  of  licensed  physicians  and  physician  assistants
to the population (per  1,000 individuals),  per  capita
local  general  public  expenditure (measured in 1,000
yuan),  mean annual  temperature,  and mean annual
PM2.5

Furthermore,  we  plotted  the  geographical
distribution  of  TB  cases  and  heat  maps  of
Guangdong  Province.  Additionally,  we  used
hierarchical  agglomerative  clustering  to  analyze  TB
incidence  clusters  in  21  cities  in  Guangdong
Province. 

Spatial-temporal  Effects  of  Social  Environmental
Factors  on  TB  Incidence　 The  incidence  of  TB  at  a
specific  location  can  be  influenced  by  various
potential  factors,  including  the  epidemics  in  the
surrounding  areas  during  both  the  current  and past
periods.  These  complex  spatial  and  spatiotemporal
processes  can  be  effectively  modeled  using
Conditional  Autoregressive  (CAR)  models  within  a
Bayesian framework.  We used the ST-CAR model  to
evaluate  the  spatiotemporal  effects  of  social  and
environmental  factors  on  TB  incidence.  The  ST-CAR
model  has  been  widely  employed  to  capture  the
time-varying  nature  of  influencing  variables
associated  with  infectious  diseases[14,15].  It  can
estimate  the  TB  risk  associated  with  social
environmental  factors  by  including  spatiotemporal
random  effects  to  represent  potential  sources  of
variation  that  are  unobserved  and  unmeasured  in
spatial and temporal dependency structures.

First,  we  applied  a  generalized  linear  regression

model  to  test  for  spatial  autocorrelation.
Subsequently,  we  constructed  an  adjacency  weight
matrix Wij for 21 cities based on Rook’s case, where
1  and  0  indicate  whether  cities i and j share  a
border[16].  This  matrix  was  then  incorporated  into  a
generalized  linear  regression  model.  Moran’s I was
used  to  detect  residual  spatiotemporal  correlations
in the model for each year.

Finally, we used a CAR Bayesian model, including
spatiotemporal  random  effects,  to  quantify  the
impact  of  social  and  environmental  factors  on  TB
incidence. Bayesian regressive models[17] were linked
by a Poisson distribution, as the TB cases followed a
Poisson distribution. The CAR model was selected to
provide  a  prior  distribution  for uij.  It  introduces
temporal  and  spatial  autocorrelations  through
conditional  expectation  and  precision  matrices,
respectively[17].  The  temporal  structure  of  the
random  effect  followed  a  first-order  autoregressive
process,  whereas  the  spatial  structure  evolved  over
time[17].  The CAR distributions indicate that adjacent
variables  in  space  or  time  are  conditionally
autocorrelated,  whereas  nonadjacent  variables  are
conditionally  independent.  Markov  chain  Monte
Carlo  (MCMC)  simulations  were  used  to  draw
samples from the posterior distributions.

The  univariate  and  multivariate  models  are
presented as follows:

Yij − Poisson (EijRij) (1)

Log (Rij) = βϢ + βϣ × Variableij + offset (POP) + uij (2)

Log (Rij) =βϢ + βϣ × Pub_expij + βϤ × Densityij + βϥ×

GDPij + βϦ × Bedij + βϧ × Physicianij + βϨ×

Temij + βϩ × PMij+βϪ × Techij +month+

offset (POP) + uij

(3)

where Yij represents  the  observed  number  of  TB
cases  in  city i and  year j, Eij denotes  the  expected
number of TB cases, and Rij indicates the relative risk
(RR) in city i and year j.

In  the  univariate  model, β0 represents  the
intercept, while β1 denotes the coefficient for one of
the  following  variables:  per  capita  GDP,  population
density,  the  ratio  of  licensed  physicians  and
physician  assistants  to  the  population  (per  1,000
individuals),  the  ratio  of  health  technical  personnel
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to  the population (per  1,000 individuals),  per  capita
local  general  public  expenditure (measured in 1,000
Yuan),  mean annual  temperature,  and mean annual
PM2.5 levels for city i in year j.

In  the  multivariate  model, β0 represents  the
intercept,  while β1, β2, β3, β4, β5, β6, β7 and β8 are
the  coefficients  for  the  following  variables:  per
capita  local  public  expenditure  (measured  in  1,000
Yuan), population density, per capita GDP, physician-
to-population  ratio  (per  1,000  individuals),  mean
annual  temperature,  mean  annual  PM2.5,  and
technical  health  personnel-to-population  ratio  (per
1,000  individuals)  for  city i in  year j.  The  term uij
represents  the  proper  CAR  spatiotemporal  random
effect,  accounting  for  the  residual  spatiotemporal
autocorrelation  after  adjusting  for  known
covariates[17].

In  this  study,  the  model  was  executed  for  over
60,000  iterations.  The  initial  6000  MCMC  samples
were  discarded  during  the  burn-in  period,  and  the
remaining samples were subsequently thinned by a
factor  of  10  to  reduce  the  autocorrelation  of  the
Markov  chain.  The  deviance  information  criterion
(DIC)  was  used to  assess  the  model  fit.  The results
are  presented  as  relative  risk  (RR)  and  95%
confidence interval (95% CI) per interquartile range
(IQR). 

The  Temporal  Trend  and  the  Spatial  Transmission
Risk

To  further  explore  the  temporal  and  regional
risks  of  TB  transmission  over  multiple  years,  we
calculated  the  temporal  trends  of  TB  and  identified
the  regions  with  the  highest  risk  using  the  ST-CAR
model.  This  analysis  was  conducted  according  to
Lee’s approach[18]. In this study, the estimated risk of
TB  epidemics  is  represented  by  the  expected
incidence of TB. 

Sensitivity Analyses

X −min (X)
max (X) −min (X)

A  series  of  sensitivity  analyses  were  conducted.
First,  parameters  in  the  prior  distribution  of  spatial
structure  were  changed  into  τ~ Gamma  (0.1,  0.01),
τ~ Gamma (0.1, 0.1), and τ~ Gamma (1, 0.01) in the
STCAR  model.  Second,  we  focused  on  social
environmental  factors  in  the  model,  excluding
temperature  and  air  pollution.  Moreover,  we  used
social  environment  factors  lagged  by  one  and  two
years  to  test  the  robustness  of  our  results.  In
addition,  we  incorporated  socioeconomic  factors
into the model after logarithmic transformation and
normalization.  The  covariates  were  normalized  as

.

All the analyses were performed using R (version
4.2.1) with the “CARBayesST” package to implement
the  ST-CAR  model.  Statistical  tests  were  two-sided,
and statistical significance was set at P < 0.05. 

RESULTS
 

Bases Description

From  2010  to  2019,  801,939  TB  cases  were
reported  in  the  Guangdong  Province. Table  1
presents  a  description  of  TB  incidence,  along  with
demographic  and  economic  indicators,  across  21
cities in the Guangdong Province from 2010 to 2019
(Table  1).  Overall,  there  was  considerable  variation
in the number of TB incidence cases, socioeconomic
factors, temperature, and PM2.5 levels across the 21
cities and over different years. 

Spatial-temporal Characteristic of TB

The  annual  incidence  of  TB  in  Guangdong
decreased  from  91.85  per  100,000  individuals  in

 

Table 1. Basic information on TB incidence cases, socioeconomic factors, temperature and PM2.5 in 21 cities in
Guangdong Province, 2010-2019

Variables Mean ± SD Min P25 P50 P75 Max

TB incidence cases (persons) 3,819 ± 2,144 1,135 2,358 3,494 4,716 13,238

Population density (persons/km2) 1,172.24 ± 1,349.97 153.94 306.25 549.59 1,782.32 6,727.91

Per capita GDP (*1,000 Yuan) 53.20 ± 34.06 14.20 28.83 40.05 68.43 157.81

Licensed physicians & physician assistants (/1,000 people) 1.89 ± 0.48 1.05 1.55 1.81 2.12 3.32

health technical personnel (/1,000 people) 5.06 ± 1.47 2.08 3.98 4.96 5.82 9.18

Local general public expenditure per capita (*1,000 Yuan) 7.67 ± 5.07 1.61 4.47 6.50 9.30 28.94

Annual mean temperature (°C) 22.43 ± 0.96 19.78 21.91 22.57 23.10 25.12

Annual mean PM2.5 (ug/m3) 27.41 ± 6.18 15.47 21.91 27.35 32.20 39.82
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2010  to  53.06  per  100,000  individuals  in  2019
(Figure 1A). For each city, the annual incidence of TB
also  declined  significantly  in  2019  compared  with
that  in  2010,  particularly  in  Jiangmen,  Heyuan,  and
Shantou (Figure 1B).

In  terms  of  the  spatial  distribution  of  the
cumulative  incidence  from  2010  to  2019,  Heyuan
(101.49  per  100,000  people),  Shanwei  (97.32  per
100,000  people),  and  Shantou  (95.22  per  100,000

people)  were  the  three  cities  with  the  highest
cumulative incidences, clustered in the northeastern
part  of  Guangdong  Province.  Shenzhen  (41.22  per
100,000  people),  Dongguan  (46.42  per  100,000
people),  and  Foshan  (59.33  per  100,000  people)
were  the  three  cities  with  the  lowest  cumulative
incidences  clustered  in  the  Pearl  River  Delta  region
(Figure 1C).

The  incidence  of  TB  from  2010  to  2019  in  each
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Figure 1. Characteristics  of  spatial  and  temporal  distribution  of  TB  incidence  in  Guangdong  Province,
2010–2019. Map Approval No. GS(2020)4619.
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city was categorized into four clusters: (1) Shenzhen
and  Dongguan;  (2)  Zhongshan,  Foshan,  Yangjiang,
Qingyuan,  Huizhou,  and  Guangzhou;  (3)  Zhaoqing,
Meizhou,  Zhuhai,  Maoming,  Chaozhou,  Zhanjiang,
Yunfu,  Shaoguan,  and  Jieyang;  and  (4)  Shanwei,
Jiangmen, Shantou, and Heyuan (Figure 1D). 

The  Relationship  of  TB  Incidence  and  Social
Environmental Factors

Owing  to  the  potential  correlations  among
some  social  environment  indicators,  Spearman’s
correlation  was  initially  used  to  calculate  the
correlation  coefficients  among  the  variables.
Variables  with  significant  collinearity  were
excluded  from  the  same  model  based  on  the
significance  of  the  correlation  coefficients
(Supplementary  Figure  S1).  The  correlation
coefficients  between  the  number  of  technical
health personnel (per 1,000 people), the number of
licensed  physicians  and  physician  assistants  (per
1,000 people), and local general public expenditure
per  capita  (1,000  yuan)  ranged  from  0.68  to  0.88.
Therefore,  these  variables  were  excluded  from
multivariate analysis.

In  the spatial  autocorrelation analysis,  Moran’s  I
test  was  significant  (P <  0.05)  for  most  of  the  study
years.  Generally,  the  impact  of  social  environment
on TB may be influenced by spatial  autocorrelation,
which should be adjusted in the ST-CAR model.

In  the  univariate  ST-CAR  model,  population
density  was  negatively  associated  with  the  TB  risk
(RR,  0.86;  95% CI:  0.74–0.86),  similar  associations
were identified for per capita GDP (RR, 0.81; 95% CI:
0.77–0.85),  the  number  of  health  technical
personnel  per  1,000  population  (RR,  0.88;  95% CI:
0.84–0.92),  the  number  of  licensed  physicians  &
physician  assistants  per  1,000  population  (RR,  0.87;
95% CI:  0.82–0.91),  local  general  public  expenditure
per  capita  (RR,  0.87;  95% CI,  0.84–0.91)  and  annual
mean temperature (RR, 0.90; 95% CI: 0.86–0.94), but
not annual mean PM2.5 (RR, 1.01; 95% CI: 0.94–1.10).
In the multivariate model, per capita GDP (RR,  0.91;
95% CI:  0.86–0.98),  the  number  of  licensed
physicians  &  physician  assistants  per  1,000
population  (RR,  0.94;  95% CI:  0.90–0.98)  and  local
general public expenditure per capita (RR, 0.94; 95%
CI:  0.90–0.97)  were significantly  associated with the
decreased  TB  incidence.  Marginal  effects  were
observed  for  population  density  (RR,  0.86;  95% CI:
0.86–1.00).  However,  no  significant  effects  were
found on the number of health technical  personnel,
annual  mean  temperature,  or  PM2.5.  The  risk  of  TB
and  deviance  information  criterion  (DIC)  values

derived from the social environment of the 21 cities
in  Guangdong  Province  in  the  ST-CAR  model  are
presented in Table 2.

In  the  sensitivity  analyses,  the  results  did  not
change  substantially  after  modifying  the  model
parameters  (Supplementary  Table  S1),  excluding
natural  environmental  factors  (temperature  and
PM2.5)  (Supplementary Table S2),  using different  lag
periods  (Supplementary  Table  S3),  logarithmic
transformation  (Supplementary  Table  S4),  and  data
normalization (Supplementary Table S5). 

The  Temporal  Trend  and  the  Spatial  Transmission
Risk of TB

Figure  2 illustrates  the  temporal  trend  and
spatial  distribution  of  the  projected  incidence  of  TB
in  Guangdong  Province.  The  estimated  incidence
rates  were  derived  from  the  posterior  median
distribution  and  adjusted  for  local  population.  The
data  showed  that  the  expected  incidence  of  TB
exhibited  a  downward  trend  from  2010  to  2019,
with a stable plateau before a noticeable decrease in
2017  (Figure  2A).  The  region  with  the  highest
average projected incidence of TB from 2010 to 2019
was  Heyuan,  with  a  rate  of  101.32  per  100,000.
Shanwei  and  Shantou  followed  with  rates  of  97.36
and  95.18  per  100,000  people,  respectively,  as
depicted in Figure 2B. 

DISCUSSION

In  this  study,  we  systematically  explored  the
spatial  and  temporal  distributions  of  TB  incidence
and  estimated  the  influence  of  social  and
environmental  factors  in  Guangdong  Province  from
2010  to  2019  using  Bayesian  spatiotemporal
analysis. Temporally, we found a downward trend in
the annual incidence of TB in Guangdong from 2010
to 2019, which is consistent with previous studies[10].
This  reduction  can  be  attributed  to  effective  and
intensified public health interventions as well as the
consolidation  and  development  of  TB  control
strategies  for  early  detection  and  treatment[19].
Spatially,  the  highest  cumulative  incidences  were
clustered  in  northeastern  Guangdong  (e.g.,  Heyuan,
Shanwei, and Shantou), while the lowest cumulative
incidences  were  clustered  in  the  Pearl  River  Delta
region (e.g.,  Shenzhen, Dongguan, and Foshan).  The
differences in TB incidence among various regions in
Guangdong  Province  may  be  related  to  economic
development,  living  conditions,  human  resources,
and overall health conditions of the population.

Few  studies  have  investigated  the
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spatiotemporal  association  between  socioeconomic
factors  and  TB  incidence[9].  Wang  et  al.  applied  a
Bayesian  space-time  hierarchy  model  to  the  elderly
in  Beijing,  Tianjin,  and  Hebei,  China[20].  Similarly,
Amsalu  et  al.  used  the  Bayesian  conditional
autoregressive  model  to  examine  the  spatial-
temporal  pattern  of  TB  in  the  Chinese  geriatric
population (age ≥ 65 years old), and suggested areas
with  an  underprivileged  economy,  high  population

density,  high  rainfall,  low  wind  speed,  and  low
temperature have a higher risk for TB[9].  In addition,
Wu  et  al.  applied  a  Bayesian  space-time  model  and
found  that  population  density  was  negatively
correlated  with  the  case  notification  rate  of
plumanary tuberculosis in Jiangsu, China[21].

In  our  study,  the  population  density  was
negatively  associated  with  the  TB  incidence.
However, some previous studies have found a higher

 

Table 2. The results of univariate and multivariate ST-CAR models on the risk of TB derived by social environment

Variables IQR
RR (95% CI) DIC values

Univariate
model

Multivariate
model

Univariate
model

Multivariate
model

Population density 1,476.07 0.86 (0.74–0.86) 0.86 (0.86–1.00)a 2,510.83 2,508.93a

Per capita GDP (1,000 Yuan) 39.60 0.81 (0.77–0.85) 0.91 (0.86–0.98)a 2,510.80 2,508.93a

Number of licensed physicians & physician assistants
(/1,000 people) 0.58 0.87 (0.82–0.91) 0.94 (0.90–0.98)a 2,510.30 2,508.93a

Number of health technical personnel (/1,000 people) 1.83 0.88 (0.84–0.92) 0.95 (0.88–1.02)b 2,510.96 2,509.96c

Local general public expenditure per capita (1,000 Yuan) 4.83 0.87 (0.84–0.91) 0.94 (0.90–0.97)c 2,511.40 2,508.96c

Annual mean temperature (°C) 1.18 0.90 (0.86–0.94) 0.99 (0.95–1.03)a 2,512.77 2,508.93a

Annual mean PM2.5 (ug/m3)* 6.70 1.01 (0.94–1.10) 0.97 (0.92–1.04)d 1,249.49 2,508.93d

　　Note. *Data on annual  mean PM2.5,  available from 2015 to 2019.  IQR:  interquartile  range. aAdjusted for
population density, per capita GDP, number of licensed physicians and physician assistants (/1,000 people), and
annual  mean  temperature. bAdjusted  for  population  density,  per  capita  GDP,  number  of  health  technical
personnel (per 1,000 people), and annual mean temperature. cWas adjusted for population density, per capita
GDP, local general public expenditure per capita, annual mean temperature, and annual mean PM2.5. dAdjusted
for population density, per capita GDP, number of licensed physicians and physician assistants (/1,000 people),
annual mean temperature, and annual mean PM2.5.
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incidence  of  TB  in  regions  with  a  high  population
density[6,22-25].  Conversely,  the  Bayesian  space-time
interaction  model  showed  that  population  density
was negatively correlated with TB (RR: 0.94, 95% CI:
0.92-0.96) in Jiangsu, China[21].  Similarly, Wang et al.
applied  a  Bayesian  space-time  hierarchy  model  and
observed  that  population  density  was  significantly
associated  with  TB  incidence  among  elderly
individuals  in  Beijing,  Tianjin,  and  Hebei,  China[20].
The present study observed a lower incidence of TB
in the Pearl River Delta region, which has the highest
population  density  in  the  Guangdong  Province.  In
the  correlation  analysis,  we  found  a  positive
association  between  population  density  and  per-
capita  GDP,  which  is  an  indicator  of  the  regional
economic level. A higher economic status represents
a  higher  level  of  medical  care,  better  housing
conditions,  and  a  more  robust  welfare  system.
According to this study, the lower incidence of TB in
the Pearl River Delta region of Guangdong Province,
which  has  the  highest  population  density,  may  be
related  to  the  following  factors:  (1)  an  increased
level  of  healthcare  resources  and  services.  A
relatively  high  level  of  healthcare  resources  and
services  in  the  Pearl  River  Delta  region,  including
hospital  facilities,  medical  technology,  and  the
standard  of  healthcare  personnel,  has  helped  to
improve  the  early  diagnosis  and  treatment  of  TB,
thereby  reducing  the  incidence  rate.  (2)  Prevalence
of healthcare awareness: Residents in the region are
likely  to  pay  more  attention  to  healthcare
awareness,  including  personal  hygiene  habits  and
awareness  of  infectious  disease  prevention,  which
can  help  reduce  the  spread  and  incidence  of  TB.
(3)  Economic  development  and  improvement  of
living  standards:  Rapid  economic  development  and
relatively  high  living  standards  of  residents  in  the
Pearl  River  Delta  region  may  help  improve  their
living environments and hygienic conditions, thereby
reducing the risk of TB transmission. (4) Government
health  policies  and  control  measures:  Local
governments may have adopted a series of effective
TB  prevention  and  control  measures,  including  an
enhanced outbreak surveillance, provision of free TB
treatment,  and  promotion  of  knowledge  of  TB
prevention, which may help reduce the incidence of
TB.  More  efforts  should  be  directed  towards  areas
with  low  economic  development  for  TB  prevention
and control in Guangdong Province.

We  found  that  an  increase  in  per  capita  GDP
reduced  the  risk  of  TB  incidence,  which  aligns  with
the findings of previous studies[26-30].  As an indicator
of  the  regional  economic  development  level,  per

capita  GDP  could  shed  light  on  the  macro-level
economic  determinants  and  spatiotemporal
variations  in  the policy  effects  on TB incidence,  and
regions  with  higher  per  capita  GDP  can  allocate
greater  financial  resources  to  TB  prevention  and
control. Similarly, a national time-series study found
regional disparities in TB notifications, with a higher
rate  in  regions  with  slower  economic  growth[19].
Previous studies have shown that areas with slower
economic  growth  often  have  limited  financial
resources,  a  scarcity  of  qualified  healthcare
professionals,  and  an  inferior  health  infrastructure,
which  contribute  to  a  higher  TB  burden[31-33].  Our
study  indicates  that  unbalanced  regional  economic
development  plays  a  significant  role  in  the
geographical  heterogeneity  of  TB  incidence.
Therefore,  economic  development  and  increasing
personal income levels, especially in rural areas, can
play crucial roles in TB prevention and control.

For health services, both the number of licensed
physicians and physician assistants per 1,000 people
and  the  number  of  technical  health  personnel  per
1,000  people  were  related  to  the  incidence  of  TB.
These  indicators  represent  the  coverage  of  medical
resources,  which  indirectly  reflect  the  health
technicians  engaged  in  TB  prevention  and  control
work  in  the  local  area.  Wang  et  al.  found  that
medical  conditions  were  the  dominant
socioeconomic  factors  for  TB  among  the  elderly  in
Beijing,  Tianjin,  and  Hebei,  China[20].  With  a  higher
number  of  physicians  and  technical  health
personnel,  the  medical  resources  in  that  region  are
relatively  sufficient,  which  is  generally  associated
with  stronger  treatment  and  management
capabilities  for  TB,  which  may  decrease  the  TB
incidence[20,34].

Additionally,  we  found  that  the  local  general
public  expenditure  per  capita  was  associated  with  a
lower incidence of TB. Similarly, Zhang et al.[35] found
that  per  capita  medical  expenditure  negatively
affected the reported incidence negatively in 17 cities
in  Shandong  Province.  A  global  analysis  also
highlighted that social protection spending is strongly
associated  with  lower  TB  incidence[5].  The  World
Health  Assembly  adopted “End  TB  Strategy” to  end
the global TB epidemic by 2035, which emphasized on
preventing  TB  through  addressing  social  protection
programs. Therefore, the government should increase
spending  on  the  general  public,  especially  on
medicine  and  healthcare  in  economically  backward
rural areas, to reduce TB incidence of TB.

Our  study  has  several  strengths.  First,  the
Bayesian CAR model integrates temporal and spatial
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information  into  the  same  model,  simultaneously
considering  the  uncertainty  and  relevant  factors
associated with both time and space. This approach
yielded  more  stable  and  reliable  estimates.  Our
findings illuminate the spatiotemporal variation in TB
incidence  and  the  social  factors  associated  with  TB
incidence  in  Guangdong  Province,  highlighting
disparities in socioeconomic development.

However, this study had several limitations. First,
as  a  multifactorial  disease,  TB  incidence  may  be
influenced  by  factors  not  considered  in  this  study
(such  as  personal  hygiene  habits  and  the  floating
population).  Second,  we used aggregate data at  the
city level, which may not have captured the intricate
dynamics  and  relationships  that  occur  at  a  more
granular level.  The coarseness of the data limits the
ability  to  discern  subtle  patterns  and  variations,
which  may  be  critical  for  understanding  the
underlying mechanisms. For instance, city-level data
might  obscure  disparities  between  different
neighborhoods  or  districts  within  the  same  city
where  conditions  can  vary  significantly.  To  address
this  limitation,  future  studies  should  incorporate
more detailed data sources that allow for multilevel
analyses.  It  is  crucial  for  researchers  to  seek  access
to  more  granular  data,  as  this  would  significantly
enhance the accuracy and relevance of the findings. 

CONCLUSION

The  incidence  of  TB  in  Guangdong  Province  has
been on a downward trajectory; however, it exhibits
distinct  epidemic  features  across  various  regions,
suggesting inequality in medical resources. Economic
development and allocation of medical resources are
important factors that influence the incidence of TB.
These  insights  can  inform  the  development  of
targeted  and  effective  prevention  and  control
measures for TB.
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