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Purpose: Guangxi is a high prevalence area of tuberculosis (TB) in China, urgent needing of further TB reduction. Our purpose is to
analyze the epidemiological characteristics of TB in Guangxi and analyze the relationship between socioeconomic factors and TB from
the dimensions of time and space to provide evidence to effectively prevent and control TB.
Patients and Methods: We performed a retrospective analysis of the epidemiology of TB. Moran’s index (I) was used for spatial
autocorrelation analysis, and space-time scanning was used to detect temporal, space, and space-time clusters of TB. A Bayesian
space-time model was used to analyze related factors of the TB epidemic at the county level in Guangxi.
Results: From 2015 to 2019, a total of 233,623 TB cases were reported in Guangxi. The majority of TB cases were in males; the
reported incidence of TB was the highest in people aged ≥65 years. By occupation, farmers were the most frequently affected. The
overall reported incidence of TB decreased by 4.95% during this period. Tuberculosis occurs all year round, but the annual reporting
peak is usually from March to July. Spatial autocorrelation analysis showed that the reported incidence of TB in 2015–2019 was
spatially clustered (Moran’s I > 0, P < 0.05); Kulldorff’s scan revealed that the space-time cluster (log-likelihood ratio = 2683.76,
relative risk = 1.60, P < 0.001) was mainly concentrated in northern Guangxi. Using Bayesian space-time modeling, socioeconomic
and healthcare factors are related to the high prevalence of TB.
Conclusion: The prevalence of TB is influenced by a space-time interaction effect and is associated with socioeconomic and
healthcare status. It is necessary to improve the economic development and health service in areas with a high TB prevalence.
Keywords: tuberculosis, space-time model, associated factors, Guangxi

Introduction
Tuberculosis (TB) is a chronic infectious disease that is an important threat to human health. The global TB prevention
and control programs have made great improvements. Since 2005, China’s comprehensive coverage observation
treatment + short-term chemotherapy (DOTS) strategy. With the joint efforts of governments at all levels in China, the
prevention and control of tuberculosis has achieved remarkable results, therefore the incidence of tuberculosis has kept
going down. Likewise, under the joint efforts of all levels of government in Guangxi, the incidence of tuberculosis in
Guangxi also showed a downward trend year by year. However, the current TB epidemic situation remains grim.
According to the global TB report in 2021,1 987 million new TB patients and 12.8 million TB deaths were reported in
2020. TB is the 13th leading cause of death worldwide. China is the second largest country with a high burden of TB, and
842,000 new TB cases were reported in 2020. At the same time, China faces many challenges, such as a high prevalence,
death toll, TB resistance rate, and TB infection rate, and co-infection with HIV is also prevalent.2 Guangxi, located in
southern China, is a region with a high epidemic TB rate.3 Thus, Guangxi is a key region for TB control.
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Research shows that there is space-time clustering of TB incidence in geographical space and over time. However,
due to the limitation of traditional statistical analysis method, it is difficult to use the spatial and temporal information in
the data of infectious diseases, and cannot reflect the space-time interaction of diseases. Therefore, spatial analysis tools
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(such as ArcGIS, GeoDa, spatial packages of R software, etc.) provide a convenient for analysis of the temporal and
spatial characteristics of tuberculosis.4–6 However, there is little evidence of the space-time epidemic characteristics of
TB in Guangxi. Therefore, this study used a retrospective method to analyze the epidemiological characteristics of TB in
Guangxi from 2015 to 2019 from the dimensions of time, space, and space-time, to explore the space-time clustering
characteristics of TB in Guangxi, to identify high-risk periods and areas of TB, and to provide a scientific basis and
reference for effective TB prevention and control planning in the future.

The transmission and prevalence of tuberculosis is affected by many factors. Research shows that the prevalence of
TB is affected by factors such as economic level and health service level in different periods and regions, thus affecting
the local TB incidence rate.7–11 However, there are few joint analyses at the temporal and spatial levels. Therefore, based
on district-level TB data in Guangxi from 2015 to 2019, a Bayesian space-time model was constructed to explore the
influence of associated factors on the incidence of TB in Guangxi while considering socioeconomic and health service
level to provide a scientific basis for the effective regional prevention and control of TB.

Methods
Study Site
Guangxi Zhuang Autonomous Region had been selected as the research site in this study. It is located in Southern China,
20°54′~26°24′ N, 104°26′~112°04′ E, and the tropic of cancer crosses the middle part. Guangxi accounts or 2.5% of
China ‘s total area with an area of 236,700 square kilometres and comprises 111 districts. In 2019, the resident population
of Guangxi was about 49.82 million.

Data Sources
Data on all TB cases reported in 111 districts of Guangxi from January 2015 to December 2019 were obtained from the
communicable disease surveillance system of the Guangxi Center for Disease Control and Prevention(CDC).
Tuberculosis data specifically include age, sex, occupation, and type of case diagnosis. Diagnostic criteria for tubercu-
losis cases refer to Health Industry Standards of the People’s Republic of China - Diagnostic criteria for tuberculosis (WS
288–2017).12 District demographic, economic and health services data were provided by the Guangxi Bureau of
Statistics. A digital map was generated from geographical boundary data at the county level.

Statistical Analyses
Seasonal Analysis
Seasonal analysis is divided into: seasonal characteristics analysis and seasonal intensity analysis. Seasonal character-
istics analysis is to analyze the periodic variation index in a certain period of time series due to seasonal changes. The
change of time series is affected by four factors: long-term trend (T), seasonal change (S), periodic change (C) and
irregular change (I). This study uses seasonal decomposition of time series for analysis. The seasonal decomposition
method uses moving average method to eliminate long-term trends and periodic changes, and obtains sequence TC. Then
according to the monthly average method to calculate the seasonal index S; draw scatter plot, select suitable curve model
to fit the long-term trend of time series, get the long-term trend T; the periodic factor C is calculated, and the periodic
variation factor C can be obtained by dividing the sequence TC by T; finally, the T, S and C of the time series are
decomposed, and the remaining variables are the irregular variable factors I.

Spatial Autocorrelation Analysis
The global Moran’s I statistics reflects the spatial correlation of a phenomenon in the whole study area. The Moran’s I index
and P value are calculated to determine whether the spatial autocorrelation pattern is clustering, discrete or random. The
global Moran’s I range is (−1, 1). When I > 0, and P < 0.05, the spatial distribution was positively correlated, when I < 0, and
P < 0.05, was negatively correlated. When I = 0, there is no autocorrelation, namely, random distribution. The local Moran’s
I Index is used to describe the autocorrelation pattern between spatial units in the study area. When local Moran’s I > 0 and
P < 0.05, it indicates that the attribute value of the space is similar to that of the surrounding space (high-high or low-low);
when local Moran’s I < 0, and P < 0.05, it indicates that the attribute value of the space is opposite to the spatial distribution
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around (high-low or low-high). In this study, global Moran’s I index was used for global spatial autocorrelation analysis to
evaluate the spatial clustering of tuberculosis reported incidence in Guangxi. Local Moran’s I index was used to detect high-
risk and low-risk areas of reported TB incidence. The spatial weight matrix was established based on the Rook weight in the
adjacent rules, and the permutation is carried out by random 999.

Space-Time Scan Analysis
The temporal, spatial, and space-time clustering of TB were detected using Kulldorff’s space-time scanning statistical
analysis to verify whether the geographical clustering of TB was caused by random variation.13 A discrete Poisson
probability model was used for scanning. Of the total population, 15% was set to the maximum spatial scanning radius.
The window with the maximum likelihood was defined as the most likely cluster area, and other clusters with statistically
significant log-likelihood ratios (LLR) were defined as potential secondary clusters. P-values of LLR were estimated with
9999 Monte Carlo simulations.14,15 A P < 0.05 indicates that there is a significant high risk within the scan window,
which may be a potential cluster of high risk for TB. We calculated the relative risk (RR) of TB in each cluster to assess
the risk of TB in the cluster areas.16,17

Bayesian Space-Time Modeling
The reported incidence of TB in the districts of Guangxi from 2015 to 2019 was considered the dependent variable. Nine
factors including the proportion of males (%), the proportion of rural residents (%), the per capita GDP (yuan), the per
capita disposable income of urban households (yuan), the per capita net income of rural residents (yuan), the number of
beds per 1000 population in local healthcare institutions, the number of medical and technical personnel at healthcare
institutions per 1000 population, the number of practitioner (assistant) doctors per 1000 population, and forest coverage
(%) were used as independent variables. To eliminate the possible effect of collinearity among the covariates on the
model, stepwise regression analysis was used to screen the variables in the first step, tolerance difference is used to test
collinearity, and the variables with P < 0.05 are included in the Bayesian space-time model.

The Bayesian space-timemodel is a model based on Bayesian statistical theory that reveals temporal and spatial changes
in space-time data. The model is based on a Bayesian space model, which is extended by incorporating a time effect. To
model TB cases, Poisson regression is typically used. yit is the observed number of TB cases at time t in district i, which was
assumed to follow a Poisson distribution: yit~Poisson (Eit, θit). In other words, yit~dpois (muit), muit = Eit*θit, where muit is
the expected number of TB cases at time t in district i, Eit is the total number of people at time t in district i, and θit is the
relative risk of disease at time t in district i. The mathematical form of the Bayesian space-time model is as follows:

θit ¼ exp αþ βxit þ μi þ vi þ gt þ oitð Þ;

where α is the intercept, μi is the spatial effect, vi is the spatial unstructured effect, gt is the time trend effect, and oit is
the space-time interaction effect. The model corrects the space-time variation trends of the disease, and the covariate βxit
was used to explore the influence of related factors on TB.

For the intercept (α), a non-informative prior distribution was used, prior distributions for the coefficients (β) were
assumed to have normal distributions, and the prior distribution of an unknown parameter used a uniform distribution.
Normal distribution and conditional autoregressive models were used for the prior distribution of spatial unstructured
effects (vi) and spatial correlation effects (μi), respectively. A prior distribution of the time effect (gt) used first-order
autoregressive modeling.

In the establishment of Bayesian space-time model, according to the basic form of Bayesian space-time model. Four
models with different effects can be established:

Non-spatial effect model: θit = exp (α+βxit + vi)
Spatial effect model: θit = exp (α+βxit + μi + vi)
Space-time effect model: θit = exp (α+βxit + μi + vi + gt)
Space-time Interaction effect model: θit = exp (α+βxit + μi + vi + gt + oit).
We used the deviance information criterion (DIC) to select the Bayesian model. The smaller the DIC value of the

model, the better the model fit.
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SPSS v.26.0 was used for statistical analysis, and two-sided P-values < 0.05 were considered statistically significant.
The Cochran–Armitage Trend Test was performed using the CATT package in R v.4.0.4. Seasonal decomposition
analysis was carried out using the forecast package in R v.4.0.4. Geographic analysis was performed using ArcGIS
10.2.1 and GeoDa 1.8. Space-time scan analysis was performed using SaTScan 10.0. Visual space-time scanning was
done using the sp package in R v.4.0.4. Bayesian space-time modeling and analysis were performed using
WinBUGS 1.4.3.

Results
Descriptive Analysis
Temporal Trends in the Reported Incidence of TB
In Guangxi from 2015 to 2019, the number of TB cases and the overall reported incidence of TB were 233,623 and
9.53%, respectively. The reported incidence of TB decreased in Guangxi during this period (Cochran–Armitage Trend
Test, Z = −24.24, P < 0.001). During this period, there was a 4.95% decrease in the overall reported incidence of TB and
a 2.56% decrease from 2015 to 2016 (Table 1).

Table 1 Trends in Reported Incidence of Tuberculosis in Guangxi, 2015–2019

Trend Group Year Population
(10,000)a

TB Cases Reported
Incidence
(1/100,000)

Zc P

Temporal trends ___ 2015 4811b 51,299 106.63 −24.24 <0.001
2016 4857b 46,688 96.13

2017 4907b 46,578 94.92

2018 4947b 45,700 92.38
2019 4982b 43,358 87.03

Sex trends Males 2015 2913 36,810 126.36 −20.09 <0.001

2016 2943 33,748 114.67
2017 2951 33,766 114.42

2018 2980 32,862 110.28

2019 2998 31,053 103.58
Females 2015 2605 14,489 55.62 −12.20 <0.001

2016 2636 12,940 49.09

2017 2649 12,812 48.37
2018 2679 12,838 47.92

2019 2697 12,305 45.62

Age trends 0- 2015 1059 254 2.40 −0.72 0.472
2016 1068 286 2.68

2017 1080 254 2.35

2018 1087 280 2.58
2019 1093 244 2.23

15- 2015 3258 36,556 112.19 −19.87 <0.001

2016 3288 33,979 103.33
2017 3318 33,582 101.19

2018 3349 33,169 99.05

2019 3371 31,109 92.28
65- 2015 478 14,489 303.01 −13.96 <0.001

2016 481 12,423 258.07

2017 486 12,742 262.15
2018 491 12,251 249.70

2019 496 12,005 242.04

Note: a, Data from Guangxi Statistical Yearbook; b, Data are permanent population; c, Cochran-Armitage Trend test.
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Seasonal decomposition analysis of time series was performed on the number of monthly TB cases (Figure 1). There
were rhythmic fluctuations in the raw data. After removing the random noise or reminder components, there was an
obvious reporting peak. Tuberculosis occurs all year round, but the annual reporting peak is usually from March to July.
In addition, the number of TB cases showed a downward trend.

Trends in the Reported Incidence of TB According to Sex and Age
The reported incidence of TB among males and females decreased in Guangxi from 2015 to 2019 (P<0.001). During this
period, the reported incidence of TB in males decreased by 4.85%, with a decrease of 2.40% in 2015−2016. The reported
incidence of TB in women during this period decreased by 4.83%, with a decrease of 3.07% in 2015−2016. The reported
incidence of TB was higher in males than in females (Table 1). During this period, the 5.46% decrease in the reported
incidence of TB among those ≥65 years old included a 3.93% decrease from 2015 to 2016. The reported incidence of TB was
higher among ≥65-year-olds than among other age groups (Table 1).

The Reported Incidence of TB According to Occupation
The occupations with the top five highest frequencies of reported TB incidence were farmers (74.66%), unemployed (6.52%),
retirees (4.89%), students (3.14%), and others (3.11%); these together accounted for 92.31% of the total. Moreover, the
reported TB cases were overwhelmingly concentrated among farmers during the 5 years of the study (Figure 2).

Geographical Variation in the Distribution of Reported TB Incidence
Distribution of Reported TB Incidence
The reported incidence of TB in most districts of Guangxi presented a downtrend from 2015 to 2019. During this period,
the overall reported incidence of TB was mainly high in the central and northern areas of Guangxi; the reported incidence
of TB in the eastern areas was lower. The areas with the top five reported incidences were Xincheng (21.41%), Yizhou
(19.05%), Liujiang (17.74%), Liucheng (16.45%), and Xingbin (16.43%), and the areas with the lowest incidence were
Changzhou (3.70%), Yuzhou (4.20%), Yanshan (4.24%), Yinhai (4.42%), and Fumian (4.86%) (Figure 3).

Spatial Autocorrelation Analysis
From 2015 to 2019, the reported incidence of TB showed clear geographical clustering (Monte Carlo test, P < 0.001; Table 2).
The global spatial autocorrelation Moran’s I values for each year from 2015 to 2019 were 0.399, 0.438, 0.480, 0.486, and
0.515, respectively. The local spatial autocorrelation analysis of reported TB incidence showed that Du’an, Jinchengjiang,
Yizhou, Xincheng, and Xiangzhou were identified as hot spot (high-high cluster areas) in the 5-year duration. Xing’an,

Figure 1 Seasonal decomposition analysis TB cases in Guangxi from 2015 to 2019.
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Lingchuan, Lingui, Qixing, Xiangshan, Xiufeng, and Fumian were cold spot (low-low cluster areas) in the 5-year duration
(Figure 4).

Space-Time Scan Analysis
Using space-time scanning, we detected one most likely cluster area and two secondary cluster areas. The most likely
space-time cluster area was located in northern Guangxi, and the high-risk period was from January 2015 to
December 2017 (LLR = 2683.76, P < 0.001). The center of the area is located in Jinchengjiang, 24.66N and 107.86E,
a circular area with a radius of 147.45 km covering 22 districts. During the high-risk period, a total of 31,394 TB cases
were reported in this area, and the RR was 1.60 (Table 3). Figure 5 shows the three-dimensional visualization of the
space-time scan analysis results.

Factors Associated with the Reported Incidence of TB
Stepwise Regression Analysis
The results of the stepwise regression model analysis showed that the number of beds per 1000 population in local
healthcare institutions, the number of medical and technical personnel at healthcare institutions per 1000 population, and
the per capita net income of rural residents were the main factors associated with the TB epidemic in Guangxi (Table 4).
The number of medical and technical personnel at healthcare institutions per 1000 population and the per capita net
income of rural residents were protective factors for TB.

Figure 2 Proportion of occupational composition of TB cases.
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Bayesian Space-Time Modeling
The optimal-fit Bayesian space-time model (the space-time interaction effect model) was used to analyze the socio-
economic covariates (Table 5). The model included the indicators screened by stepwise regression, which are the number
of beds per 1000 population at local healthcare institutions, the number of medical and technical personnel at healthcare
institutions per 1000 population, and the per capita net income of rural residents.

Bayesian space-time interaction effect model analysis showed that the risk of TB decreased with the increase of per
capita net income of rural residents (Table 6). The MC error was much less than the SD, which demonstrates the
rationality and accuracy of the model.

Table 2 The Global Spatial Autocorrelation and Trend in Reported Incidence of TB in
Guangxi, 2015–2019

Year Moran’s I Var(I) Z P

2015 0.399 −0.009 6.877 0.001

2016 0.438 −0.009 7.163 0.001

2017 0.480 −0.009 7.906 0.001

2018 0.486 −0.009 7.952 0.001

2019 0.515 −0.009 8.522 0.001

Figure 3 Spatial distribution of the overall reported incidence of TB in Guangxi, 2015–2019 (A), and annual incidence of TB reported by county (B).
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Comparison of Relative Risk and Actual Reported Incidence
The relative risk of TB (θit) calculated by the Bayesian space-time interaction effect model was compared with the actual
reported incidence of TB. The point size reflects the relative risk of TB, and the greater the point, the greater the risk of
TB; the color of the layer represents the actual reported incidence of TB, and the darker the blue, the higher the reported
incidence of TB in the district. Figure 6 shows that the actual reported incidence of TB was not completely consistent
with the distribution of relative risk calculated by the model in each district. For example, in 2015, Liujiang had the
highest actual reported incidence of TB, and its reported incidence of TB was 31.745%. However, from the perspective
of risk, Guanyang had the highest risk of TB (0.002299).

Figure 4 Local spatial autocorrelation of the reported incidence of TB in Guangxi, 2015–2019.

Table 3 Spatial Clustering of TB Cases in Guangxi, 2015–2019

Clusters No.
Counties

Latitude
(N)

Longitude
(E)

Radius
(km)

Time
Frame

Population Annual
Cases/
100,000

Observed/
Expected

RR LLR P

Most likely

cluster

22 24.66 107.86 147.45 2015/1/1 to

2017/12/31

7,217,833 145.0 1.52 1.60 2683.76 < 0.001

Secondary

cluster 1

7 23.22 109.65 68.56 2015/1/1 to

2017/12/31

4,959,129 124.7 1.31 1.33 652.23 < 0.001

Secondary

cluster 2

5 21.76 108.06 67.10 2015/1/1 to

2017/12/31

1,699,035 122.6 1.29 1.29 183.72 < 0.001

Abbreviations: RR, Relative Risk; LLR, Log likelihood ratio.
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Discussion
TB is a chronic infectious disease that seriously threatens human health and is an important public health problem
worldwide. The TB epidemic in China is serious, and China is one of the 30 countries with a high TB burden around the
world.1 Guangxi is a Chinese province with a high TB burden. Studies have shown that the reported incidence of active
TB in Guangxi has clustered in regions with a high space-time incidence in recent years.4 As a disease mainly transmitted
through air droplets, TB has a particular spatial pattern, especially impacting the clustering incidence in adjacent areas.
The spatial clustering of TB has been reported. If ignored, this feature may lead to wider dissemination and serious
consequences, such as public health events.18

In this study, the reported incidence of TB was higher in males than in females; sex-specific metabolism, sex
hormones, and other sex-related physiological factors may make men more susceptible to TB than women,19 and men are
more likely to be exposed to TB risk factors such as smoking, alcoholism, drug use, and HIV infection.20,21 The reported
incidence of TB was highest in people aged ≥65 years, which may be due to low immunity in the elderly, resulting in
increased risk of infection and reactivation of potential TB lesions.22,23 In addition, farmers had the greatest risk of TB,
which may be due to low economic conditions and weak public health services in rural areas; it is also likely since this
group lacks self-protection and timely medical awareness.24,25

Figure 5 Three-dimensional space-time clustering area, 2015–2019.

Table 4 Stepwise Regression Model Analysis Was Influencing Factors of Reported TB Incidence in Guangxi from 2015 to 2019

Variable Non-Normalized
Coefficients

Standardized
Coefficient
Beta

t P Beta (95% CI) Tolerance
Value

Beta Standard
Error

Upper Lower

Constant 148.604 15.420 9.637 <0.001 108.035 179.173

The number of beds per 1000 population in

local healthcare institutions

8.720 3.357 0.642 2.598 0.011 2.065 15.374 0.121

The number of medical and technical

personnel at healthcare institutions per

1000 population

−4.898 2.118 −0.582 −2.313 0.023 −9.096 −0.699 0.116

The per capita net income of rural residents −0.005 0.001 −0.382 −4.200 <0.001 −0.008 −0.003 0.889

Abbreviation: CI, confidence interval.
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Seasonal decomposition analysis showed that tuberculosis was reported throughout the year in Guangxi, but there was
an obvious reporting peak. The annual reporting peak was usually from March to July. The reasons for these peaks may
be related to geographical and climatic factors, vitamin D deficiency, human immunity, and seasonal activities of the
population,26–29 and attention should also be paid to potential delays in TB diagnosis.30

This study shows that the reported incidence of TB is non-randomly distributed spatially in Guangxi, and there is
a positive spatial autocorrelation and a clustering distribution. The local spatial autocorrelation analysis showed that

Table 5 Comparison of Goodness of Fit of Four Bayesian
Models

Model DIC

Non-spatial effect model 20,143.000

Spatial effect model 20,144.200

Space-time effect model 20,143.200

Space-time Interaction effect model 5382.400

Abbreviation: DIC, deviance information criterion.

Table 6 Bayesian Space-Time Interaction Model Analysis of the Effect of Covariates (β) on TB Risk

Variable Mean sd MC
Error

95% CI

Upper Lower

Intercept 97.43 1.603 0.09859 94.52 99.87

The number of beds per 1000 population in local healthcare institutions 4.452 0.272 0.01674 4.092 4.998
The number of medical and technical personnel at healthcare institutions per 1000

population

2.151 0.06546 0.004027 2.086 2.300

The per capita net income of rural residents −0.02282 6.932E-5 4.264E-6 −0.02295 −0.02271

Abbreviation: CI, confidence interval.

Figure 6 Comparison of relative risk and actual reported incidence of TB in Guangxi, 2015–2019.
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the high-high distribution pattern of TB incidence was located in the central and northern areas of Guangxi, and these
areas were also high incidence areas of TB. High prevalence of tuberculosis may be due to poor economy in these
areas (such as Du’an, Jinchengjiang, Yizhou, Xincheng, and Xiangzhou). For these hot spot areas, epidemic
monitoring and prevention should be continuously strengthened. The space-time analysis explored the location and
extent of the clustering areas and showed that the most likely cluster was mainly located in the northern areas of
Guangxi. These results are consistent with the autocorrelation analysis, indicating the reliability of the space-time
scanning results.

The per capita net income of rural residents was negatively associated with the reported incidence of TB. The number
of beds per 1000 population in local healthcare institutions and the number of medical and technical personnel at
healthcare institutions per 1000 population were positively associated with the reported incidence of TB. Bayesian space-
time interaction effect model analysis showed that the risk of TB is closely related to the poverty level of rural residents.
Relevant studies have shown that poverty is an important risk factor for TB. In areas with poor economic conditions, the
incidence of TB is often higher.9,31,32 Therefore, the prevention and management of TB should be strengthened in areas
with poor economic conditions. In addition, the incidence of TB may be related to health service levels.33,34 The risk of
tuberculosis was positively correlated with the number of beds and the number of medical personnel. It may attribute to
the high accessibility of medical resources which has increased sensitivity to patient detection, and the increase in patient
load has promoted the increase in the number of beds and medical personnel in medical institutions.

The space-time interaction effect model was used to calculate the risk of TB in districts from 2015 to 2019. This
result suggests that compared with the actual reported incidence of TB, the risk of TB in districts with high incidence was
not necessarily the same high. This may be due to several factors. First, the TB data used in this study are reported data,
and there may be some differences with the true values. Second, the impact of confounding factors that were not
considered on the model, such as meteorology, the environment, diabetes prevalence, the HIV infection rate, and other
factors, may affect the actual incidence of TB in the district. Therefore, the model should include more potential
influential factors in future research.

The strength of this study is that it is the largest study of reported incidence trends and related factors of TB at the
district level in Guangxi from 2015 to 2019. However, the limitation of this study is that it is a retrospective analysis;
a prospective study could predict trends in TB prevalence.

Conclusion
The overall TB reported incidence in Guangxi decreased from 2015 to 2019 and was the highest in the central and
northern areas. Our results suggest that socioeconomic and healthcare factors are related to the high prevalence of
TB. Thus, it is necessary to improve the level of economic development and health services, especially in the central
and northern regions of Guangxi (TB hot spots area). Moreover, more research on risk factors should be conducted.
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