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Abstract

Backgrounds Tuberculosis (TB) remains a serious public health and human development problem, especially in
developing countries. Despite the effectiveness of directly observed therapy, short course programs in reducing trans-
mission and progression of TB, poverty reduction and socioeconomic development remain crucial factors in decreas-
ing TB incidence. However, the geographical pathway on the planet is not yet clear.

Objectives This study was to reconstruct the geographical evolutionary process of TB in 173 countries and territories
from 2010 to 2019 to analyze the socioeconomic determinants that impact the global TB epidemic. In addition, the TB
incidence in 2030 was predicted.

Methods This study analyses TB incidence data from 173 countries and territories between 2010 and 2019. The
Geotree model would be used to reconstruct the geographical evolutionary process of TB, which provides a simpli-
fied schema for geo-visualizing the trajectories of TB incidence and their socioeconomic drivers. Additionally, to
estimate the future TB incidence in 2030, a multilevel model was utilized in conjunction with the hierarchical nature of
the Geotree based on a stratified heterogeneity analysis.

Results Global TB incidence was found to be associated with the country type and development stages. Between
2010 and 2019, the average TB incidence rate in 173 countries and territories was -27.48%, with marked spatially
stratified heterogeneity by country type and development stage. Low-income and lower-middle-income coun-

tries were most vulnerable to TB. Upper-middle-income countries experienced a faster decline in TB incidence than
high-income countries, and TB incidence generally decreased as the development stage increased, except for the
lower-middle development stage in 2019.The highest average rate of decline in TB incidence was observed in the
upper-middle development stage of high-income countries, with a reduction of 45.24%. Meanwhile, 37 high-income
countries in the high development stage demonstrated an average rate of change of -13.93%. Socioeconomic deter-
minants, including gross domestic product per capita, urbanization rate, and sociodemographic index, were found to
inhibit TB incidence. Based on current trends, the predicted average global TB incidence in 2030is 91.581 per 100,000
population.

Conclusions The trajectories of the global TB incidence have been reconstructed to formulate targeted public health
responses. To eliminate TB, countries at similar development stage can draw on the experiences of countries at higher
development stages that are tailored to their unique characteristics. By learning from successful TB control strategies,
countries can take strategic steps toward eradicating TB and improving public health outcomes.
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Background

As a major cause of human illness and death, tuberculo-
sis (TB) remains one of the world’s principal infectious
diseases, particularly affecting poor and susceptible
populations [1]. The End TB Strategy of the World
Health Organization (WHO) and the sustainable devel-
opment goals (SDGs), which aim to reduce the number
of TB deaths from TB by 90% and the incidence rate
of TB by 80% from 2015 to 2030, have promising tar-
gets for ending the TB epidemic [2—4]. In 2019, an esti-
mated 10 million individuals worldwide were infected
with TB, and 1.2 million deaths among HIV-negative
individuals were from TB and 208,000 deaths among
HIV-positive individuals were attributed to TB.

TB is prevalent in all regions of the world and has
become a major problem in low-income and middle-
income countries’ health burden [5-7]. An understand-
ing of the evolutionary pathway of the incidence rate of
TB and the burden of TB is crucial for evaluating the
progress towards ending the epidemic and for inform-
ing policy and programs at preventing TB.

The SDG milestones for 2020 were not fulfilled [8].
Progress towards universal health coverage and pro-
gress in the actions addressing the social and economic
problems of health is needed to fulfill these SDG tar-
gets. The development and transmission of TB mainly
depend on socioeconomic determinants [9]. The SDG
target framework rejects a one-size-fits-all solution to
fulfill the targets and argues for greater attention to
the geospatial process that underscores regional differ-
ences. Thus, comparing the observed TB burden with
the expected TB burden based on a country’s sociode-
mographic profile could be helpful in guiding invest-
ment in research and interventions [10, 11]. Strategies
to effectively address the TB burden are needed.

Many previous studies have used multivariate regres-
sion models and the Bayesian method to determine
the global relationships between the prevalence of TB
and selected factors [12—15]. However, it is difficult to
incorporate a spatial stratified heterogeneity analysis
of the effects using these traditional models. Identify-
ing stratified heterogeneity in the spatial distribution of
TB cases and characterizing its drivers can help inform
targeted public health responses, making this an attrac-
tive approach. Spatial dependence and heterogeneity
have been observed in the study of analyzing TB inci-
dence, but they are also less efficient in representing
and visualizing the geospatial temporality in a simple
schema [16]. Thus, exploring the geographical evolu-
tionary pathway of TB based on its stratified heteroge-
neity is urgently needed to monitor the effectiveness of
TB control strategies and programs.
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Geotree, a new multidimensional visualization and analy-
sis model with stratified heterogeneity, was first introduced
by Wang et al. [17] to analyze the evolutionary pathways of
growing cities and predict urban growth in a “tree” struc-
ture, with the city types grouped as branches and the leaf
position along the branches reflecting the development
stage. The Geotree model is not limited by dimensions. By
combining the law of development, the mechanisms and
evolution that may exist in multidimensional data can be
expressed in a simple and clear visual form.

The Geotree is also a new type of coordinate sys-
tem that presents attribute and geographical spaces by
combining it with a map. Therefore, we attempted to
conceptualize and examine the geospatial temporal pro-
cesses affecting the TB incidence trend by combining the
Geotree with the designation of the countries into coun-
try types and development stages.

We assumed that there is an inter-regional correlation
between the TB incidence trend and its socioeconomic
drivers and that the tree structure of Geotree can effi-
ciently organize the spatial analysis of the TB incidence
trend such that multidimensionality can be not only visu-
alized but also quantified and conceptualized through
cross-sectional data [18].

This study was conducted to explore the evolutionary
pathway of TB, which can be explained by different soci-
oeconomic settings in Geotree based on a stratified het-
erogeneity analysis to geo-visualize the trajectories and
relevant socioeconomic determinants, for the purpose of
providing essential information for the control and pre-
vention of TB. Geotree.

Socioeconomic determinants of TB

Several studies have examined the determinants of TB
[19-21]. Fully understanding the compositional and con-
textual drivers of TB is helpful for formulating targeted
measures and strategies for TB control and prevention.
The occurrence of TB is a consequence of multiple socio-
economic factors, including individual- and ecological-
level factors.

Poverty [19, 22-24] and socioeconomic development
[24, 25] are key determinants that are intertwined with
TB infection and disease. At the individual level, indi-
vidual differences in education [26], drinking [27], smok-
ing [28], and related diseases [29, 30] are common drivers
that influence the burden of TB. At the ecological level,
socioeconomic determinants [31, 32] play a key role in
determining the burden of TB. These socioeconomic
determinants include the national economic level [33],
unemployment rate [27], urbanization rate [34], poverty
rate [22, 23] and social instability [35] of a country. In this
study, socioeconomic determinants that can reduce the
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burden of TB were used to analyze the development of
TB (Supplementary file 1. Fig. S1).

The evolutionary pathway of TB incidence based on
stratified heterogeneity is unclear yet. To address this
knowledge gap, this study aims to reconstruct the evo-
lutionary pathway of TB incidence and investigate the
relationship between TB incidence and changes in soci-
oeconomic development on a global scale. This study
also examined how TB incidence evolves in response to
changes in country types and development stages and
predicts TB incidence rate in 2030 by using the stratified
heterogeneity of the evolution tree.

Methods

This study aims to utilize the Geotree model to reconstruct
the geographical evolutionary process of TB across 173
countries and territories. The study analyzes TB incidence
rates between 2010 and 2019, categorized by country type
and development stage. Additionally, the study estimates
the TB incidence rate in 2030, utilizing a multilevel model
combined with the hierarchical nature of the Geotree. By
visualizing trajectories and socioeconomic drivers that
affect global TB incidence, the results of this study can
inform targeted public health responses to eliminate TB.

TB incidence data

In this study, we undertook an analysis of global TB inci-
dence data in 173 countries and territories in 2016 and
2019. The data on the TB incidence rate were sourced
from the WHO database [36], where the TB incidence
has already been collected.

Socioeconomic data

The WHO Commission on Social Determinants [37]
defines structural health determinants as conditions
that generate or reinforce social stratification in society
[25]. Similarly, social stratification results in an unequal
distribution of social determinants. Thus, these factors
account for the unequal distributions of the key social
determinants of TB. In this study, socioeconomic deter-
minants were used to analyze the development of TB
((Supplementary file 1. Fig. S1). These socioeconomic
determinants include the national economic level, health
access, education, income level, and urban populations
(Supplementary file 1. Fig. S1).

GDP per capita

Considering economic development, GDP per capita
was a proxy factor for a country’s economic development
and was used to define the type of country, which was
sourced from the World Bank database [38].
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Socio-demographic index

The socio-demographic index (SDI) [39], which is based
on the geometric mean of three indicators (income per
capita, average years of schooling, and total fertility
rate), was developed for the Global Burden of Disease
Study (GBD) 2015 [39], and was updated for GBD 2016
[40-42]. The SDI scores were scaled from 0 to 1, and
each location had an SDI score for each year. The SDI was
used to help generate a “tree” to explore the geographic
evolutionary pathways of TB.

In terms of social development, the SDI [43] was
used to divide the 173 countries and regions into four
SDI levels—low, low-middle, middle, high-middle, and
high.

Urbanization rate

The prevalence of TB is higher in urban areas than in
rural areas [34]. The urbanization level is a criterion of
urbanization development and was used to define the
development stage of a country [44, 45]. The urbaniza-
tion rate for each country was sourced from the World
Bank database [46].

Future data
In this study, the data used in the MLM combining with
Geotree model to predict the prevalence of TB in 2030
were obtained from the Shared Socioeconomic Path-
ways (SSP) database [47], including the data on the global
urbanization rate and global GDP in the middle of the
road (SSP2), which were selected as the explanatory vari-
ables in the prediction model.

The SDI data were linearly extrapolated from the
1990-2019 data to obtain SDI data for countries for 2030,
which were used as explanatory variables in the MLM.

Geotree

Geotree [17] model has progressed rapidly in the past
few decades and can better analyze the underlying evo-
lutionary pathway of TB based on the stratified het-
erogeneity, which draws on the biological theory [48] of
evolution. The Geotree is categorized with the TB inci-
dence using different leave colors, with a “tree” structure
with the country types grouped as the branches, the leaf
position along branches in an orderly orientation reflect-
ing the country development stages, and the leaves rep-
resenting the countries (Supplementary file 1. Fig. S2). In
the Geotree, the first branches and the second trunks are
annotated with colors corresponding to the locations of
the country types and country development stages, and
each leaf is labeled with the country code (Supplemen-
tary file 1. Fig. S2).
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Country types (First branches)

In this study, 173 countries and territories were divided
into four different country types according to the World
Bank’s 2018 income standards, which included low-
income countries (I), lower middle-income countries (II),
upper middle-income countries (III), and high-income
countries (IV). The countries within each country types
are listed in Supplementary file 1. Table S1 and Supple-
mentary file 1. Fig. S3.

Country development stages (Second trunks)

The 173 countries and territories were divided into five
development stage: low (1), lower-middle (2), middle (3),
upper-middle (4), and high (5), using a measurement for
the indicators of the SDI and urbanization rate (Sup-
plementary file 1. Table S2). Then, a weighting method
was used to integrate the two divisions, and the weights
were measured by the explanatory power of TB inci-
dence using GeoDetector [49, 50], with the values for the
SDI and urbanization rates being 0.58 and 0.42 in 2010,
respectively, and, 0.63 and 0.37 in 2019, respectively. The
countries for each of the development stages, 1 to 5, in
2010 and 2019 are listed in Supplementary file 1. Table S3
and Supplementary file 1. Table S4.

Multilevel model

The multilevel model (MLM) [51, 52] was used to com-
bine the stratified structures and of the TB incidence
Geotree to predict TB incidence rate in 2030. The MLM
extended the general regression by analyzing stratified
[52, 53] and cross-classified data [52], and it examined
the effects of group- and individual-level covariates on
individual-level outcomes. The cross-classified MLM was
used in this study, and the countries were cross-classified
by the country type and development stage. The formula
for cross-classification model is as follows:
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[49, 50, 54]. The g-value is [0,1]. The higher the q-value,
the higher the explanatory power. The formula used is as
follows:

L L N, 2
s Nyoj; _ 2 =1 2wt Vi — Yp)

2
No? N -7 @

g=1

TB incidence is grouped into N and stratified into
h=12,..., L stratum; Y; and Y, denote the TB incidence
of country i in the population and in stratum #; Y and
Y}, indicate the stratum and population means of the TB
incidence rate; and af and o2 indicate the stratum vari-
ance and population variance, respectively.

Results

Stratified heterogeneity of the TB incidence

The TB incidence varied among the spatial distribution
patterns (Fig. 1). For example, the low-income and lower-
middle-income countries were more vulnerable to TB.
In highly developed countries, the development of TB
was relatively low. The q value represents the stratified
heterogeneity of the TB incidence among the stratified
countries under the different country division strategies.
A higher q value indicates a greater degree of stratified
heterogeneity of the TB incidence between the stratified
countries.

In 2010, the country type had a q value of 0.198, and
the country development stage had a q value of 0.214.
The stratified heterogeneity of the TB incidence in differ-
ent countries increased over time. In 2019, the country
type had a q value of 0.277, and the country development
stage had a q value of 0.29. All the q values were statisti-
cally significant. This implies that considering the coun-
try type and development stage simultaneously allows
the division of a heterogeneous TB incidence into a more
homogeneous stratification. Hence, the country type and

Yict,s) = Bo+B1xi(t,s) +ur+us+eissur ~ N0, Gf(t)), us ~ N(0, Uuz(s))ei(t,s) ~ N(0,072) (1)

where y;(s) is the parameter of the TB incidence rate of
country i, contained in the leaf of Geotree defined by the
type of country type ¢ and development stage s. In addi-
tion, Bo is the mean TB incidence rate across all group-
level units (i.e., country type and development stage); u;
and u, are the effects of country type ¢ and development
stage s, respectively; and e;( ) is the country-level resid-
ual error term.

Geodetector method

The explanatory power of the factors influencing the TB
incidence, and the stratified heterogeneity of TB inci-
dence was detected using Geodetector’s q-statistic value

development stage were selected as the best conditions
for division to generate the TB incidence Geotree.

TB incidence Geotree

The 173 countries and territories were divided into four
types and five development stages, which were indicated
by four branches and five trunks, respectively, in a “tree”
structure. As seen in the TB incidence Geotree (Fig. 1),
the geographic evolutionary pathway of the TB incidence
from 2010 to 2019 trend was geo-visualized. In general,
the TB incidence tree withered as the average TB inci-
dence rate from 145 to 106 (per 100,000 population) over
the study period, that is, tree branches grew in height as
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Fig. 1 The TB incidence rate (per 100,000 population) Geotrees corresponding to the geospatial distributions in 2010 (A) and in 2019 (B) in 173

countries and territories

several countries progressed towards a higher develop-
ment stage.

Notably, the leaves became denser at the top of each
trunk as the countries entered a higher development
stage in 2019. The growth of a new leaf can be predicted
based on the current state of the tree structure. The
evolutionary pathway of a tree can be described by the
visualization of the tree branches, tree trunks, and tree
leaves.

First, the average TB incidence rate in 2019 was lower
than that in 2010. It also can be deduced from the tree
and the map (Fig. 1A and B) that, the incidence rate in
2010 in some countries exceeded 1000 per 100,000 pop-
ulation, such as in Lesotho, South Africa, and Eswatini.
However, the highest TB incidence rate in 2019 in the
study area was less than 700 per 100,000 population.
Second, the branches of the type III countries (upper-
middle- income countries) and type IV countries
(high-income countries), which on the taller capture

healthier, indicating a lower TB incidence rate (Fig. 1A
and B; Fig. 2), both in 2010 and 2019.

The GDP per capita was highest for the type IV coun-
tries (high-income countries), which indicates that a
lower TB incidence is accompanied by increasing afflu-
ence. In contrast, the average TB incidence rates in the
low-income and lower-middle-income countries were
higher and were accompanied by poverty. However, the
average TB incidence rate in the type I countries (low-
income countries) was slightly inferior to that in the type
II countries (lower-middle-income countries) (Fig. 2).

On average, average rate of change in the TB incidence
in type II countries (lower-middle-income countries) and
type III countries (upper-middle-income countries) were
the highest (average change rates: -30.93% and -31.72%,
respectively; Fig. 3) from 2010 to 2019. When the coun-
tries within each country type were compared, the type
I countries (low-income countries) showed a minimal
average change in the TB incidence of -12.76 (Fig. 3).
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Fig. 2 Average incidence of TB (per 100,000 population) in 2010 and 2019 for the four country types

Country type I

-12.76

Average change rate in TB incidence (%)

-30.93
-35

Country type IT

Countrytype Il Countrytype IV

-31.72

Fig. 3 Average rate of change in the TB incidence (%) in 173 countries and territories from 2010 to 2019 for the four country types. Note: The

countries in each country types are listed in Supplementary file 1. Table S1

Third, the average incidence of TB according to the
country development stages exhibited different trends
in 2010 and 2019. As shown in Fig. 4, the average TB
incidence decreased as the country development stage
increased, except for stage 2 in 2019. On average, the
countries in development stage 1 exhibited the fastest
decline: -47.28%, and the average rate of change in the
TB incidence increased for development stage 3 and
development stage 5 (average change rates: 9.33% and
21.525%, respectively; Fig. 5). When countries within
development stages were compared, the countries in the

development stage 4 exhibited a minimal average change
in the TB incidence (-7.27%; Fig. 5).

Finally, one such characteristic of Geotree model is
combing the map with the “tree” structure. Some phe-
nomena appear random in the geographical distribution
but appear as clear patterns in the attribute space. Com-
bining the geographical distribution of the TB incidence
with the evolutionary Geotree sheds light on the phe-
nomenon of “hot spots” and spatial stratified heterogene-
ity around countries, as shown in Fig. 1.
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Fig. 5 Average rate of change in the TB incidence (%) from 2010 to 2019 in 173 countries and territories based on the country development stage.
Note: The countries in each development stages are listed in Supplementary file 1. Table S3 and Supplementary file 1. Table S4

At the bottom of the TB Geotree, a high TB incidence
rate is shown in South Africa, the Philippines, Lesotho,
Gabon, and Central African Republic, which were high-
est in 2010 and 2019, with TB incidence rates exceeding
500 per 100,000 population. In these countries and ter-
ritories, the average TB incidence decreased from 808 to
577 (per 100,000 population) from 2010 to 2019.

Driving socioeconomic factors of TB incidence
The socioeconomic level, described by country type
and stage, which is calculated by the GDP per capita,
urbanization rate, and SDI, is negatively correlated with
TB incidence (Table 1). In general, the incidence of TB
worldwide has decreased with economic growth [55, 56].
The driving socioeconomic factors of TB incidence
were detected using GeoDetector. The SDI, GDP per

Table 1 Correlation analysis of the socioeconomic drivers of TB

incidence

TB incidence GDP per capita Urbanization rate SDI
2010 -0.321** -0.38** -0.4171**
2019 -0.392** -0.375** -0.508**

" P<0.01;**P<0.05

capita, and urbanization rate had a significant impact
on the spatial pattern of the TB incidence, and their
driving forces were 0.216, 0.198, and 0.156 in 2010,
and 0.292,0.277, and 0.175 in 2019, respectively. This
means that 21.6%, 19.8%, and 15.6% of the spatial strati-
fication heterogeneity of the TB incidence in 2010 can
be explained by the above mentioned three factors,
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respectively. Likewise, the above mentioned four factors
can explain 29.2%, 27.7%, and 17.5% of the spatial stratifi-
cation heterogeneity of TB incidence.

Evolutionary pathway of the TB incidence trend

Countries of the same type and the epitaxial growth of
a region, whose economic development is at a lower
stage can follow the evolutionary path of the region
that has transitioned into a higher development stage.
The Markov chain analysis of the evolution of the coun-
try development stage, which compensates for time, is
used to quantify the rate of change in the regional TB
incidence.

The transition to the development stage is shown in
Fig. 6. As shown in Fig. 6, the average rate of change in
the TB incidence during the transition of city stages is
rapid, with the highest average rate of change in the TB
incidence being -45.24% in stage 4 of type IV countries
and -42.06% from stage 3 to stage 4 in type II coun-
tries from 2010 to 2019, respectively. The analysis of 37
countries exhibited an average rate of change in the TB
incidence of -13.93% in stage 5 of type IV countries.

I

I
|
@ (3,-13.66)

(9,-23.82)
i —
(7,-34.75)
(11,-11.27) 16 ,-26.71)
(1,-11.73)
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Socioeconomic progress dampened the increase in the
TB incidence. However, only Libya had a staggering 55%
increase in the TB incidence in 2010, which belongs to
country development stage 5 of type IIL It is also worth
mentioning that the transition from development stage 1
in 2010 to development stage 2 in 2019 did not occur in
any of the type I countries. The Markov chain represents
the change in the city development stage corresponding
to that of the evolutionary Geotree of the TB incidence
in Fig. 1.

Future prospects of the TB incidence

Embedding the MLM model into Geotree model can
help complete the evolutionary path to predict the TB
incidence in the future. The Geotree of TB incidence pre-
sents a hierarchical structure which can be introduced
into the MLM model to further explore future trends
of the TB incidence. The TB incidence in 2030 was pre-
dicted on the basis of hierarchical results (country types
and country development stages) of the Geotree con-
structed using the 2019 TB incidence.

I

I\Y

@(6 ,-6.41)
@(14 ,-24.74)
@(1 ,47.5)

,-23.56)

37,-13.93)

Fig. 6 Evolutionary pathway of the country development stage by Markov chain analysis. Note: Each arrow represents a transition type, for which
the tail and head of the arrow indicate the initial and final development stage levels, respectively. For each country type, the areas with the same
initial and final country development stage are classified into one category for the statistical analysis, statistical data in the form of probability. The
number of countries for which the development stage changed and the average rate of change in the TB incidence are shown in brackets near the

arrow
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Global linear regression (GLR) without strata was used
to validate the performance of the MLM. In the model
fitting, the data were randomly divided into training data
(70%) and test data (30%). Table 2 compares the perfor-
mances of the two models and indicates that the MLM
performs better than the GLR.

Using the trained MLM, we predicted the urban
expansion rates of the 173 countries from 2019 to 2030.
The results are presented in Fig. 7 and Supplementary
file 2. Table S1. It is predicted that, by 2030, the aver-
age global TB incidence rate will be 91.581 (per 100,000
population). Based this forecast, there would be a sig-
nificant reduction in the overall incidence rate in 2030.
The incidence rate generally decreases at each stage of
development, with lower development stage countries

Table 2 Overall accuracy of the MLM and the GLR model results

RMSE MAE R?
MLM 115 732 0311
GLR 121 733 0.257
2030

Incidence of tuberculosis |
(per 100,000 population)

- 10-10
[ 110-100
~100-200
1200-231

__No data
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experiencing the highest incidence rates and high devel-
opment stage countries having the lowest incidence rates.
Specifically, the incidence rates are highest in low-middle
development stage countries. By this estimation, 26 of
173 countries would eradicate TB. Of these, 20 out of 26
countries are in the development stage 5 of the country
type IV. However, this result still does not fulfil the “End”
“TB” target.

Discussion

This study explored the evolutionary pathway of the
global TB incidence in 173 countries and territories in
2010 and 2019 and adopted the Geotree model in com-
bination with statistical methods to conceptualize and
examine the geospatial temporal processes of global TB
disease. The past and future mechanisms and evolution
path of the TB incidence index can be visualized in a tree,
which holds great significance to informing targeted pub-
lic health responses.

The global TB incidence was associated with the coun-
try type and development stage based on a stratified
heterogeneity analysis (Fig. 1); therefore, the geographi-
cal evolutionary process of TB was reconstructed by the

I S KM
0 2,500 5,000 10,000

Fig. 7 Prediction of the spatial TB incidence in 173 countries and territories in 2030
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Geotree model, with first branches and second trunks,
which provides a simplified schema for geo-visualizing
the trajectories and relevant socioeconomic drivers that
affected the global TB incidence. The indicators for the
TB incidence Geotree classification used in this study
included the urbanization rate, GDP per capita, and SD],
which are all indicators for development. These socio-
economic determinants measure a country’s level of
development from three aspects: (1) urbanization, (2)
economics, and (3) sociodemographics (income level,
medical, and education), which are also convenient for
exploring the future prospects of the TB incidence.

Identifying the heterogeneity of the TB incidence can
lead to informed targeted public health responses, mak-
ing it an attractive approach [16, 57, 58] for advancing
towards the eradication of TB. These effects of a strati-
fied heterogeneity can improve the efficiency of targeting
high-risk groups based on the spatial location and socio-
economic determinants [58]. The q value represents the
stratified heterogeneity of the TB incidence among the
stratified countries by the country type and development
stage in the Geotree of TB incidence. First, most of Asia,
most of eastern Europe, and all of sub-Saharan Africa had
a high TB burden (Fig. 1).

In our study, low-income and lower-middle-income
countries were more vulnerable to TB (Figs. 1 and 2). This
result is consistent with the results of previous studies
demonstrating that the TB incidence displays geographic
clustering at multiple resolutions [59]. However, the aver-
age TB incidence rate in type I countries is mildly inferior
to that in type II countries (Fig. 2) because several high-
TB burden countries are lower-middle-income countries
[60] (e.g., India, Indonesia, Pakistan, and Tanzania).

The development of TB is relatively low in high devel-
opment countries. The average TB incidence rates dem-
onstrated a marked declining trend (Fig. 3) from 2010
to 2019, which is in accordance with the above results
suggesting a negative association with GDP per capita.
Meanwhile, the average rates of change in the TB inci-
dence in type I and type II countries are slightly lower
than those in type III and type IV countries, which is
because the development assistance growth rate for TB
has substantially showed an deceleration since 2010 [61].
This will give rise to more challenges for health systems
to reduce the burden of TB in type I and II countries than
in type IIT and IV countries [9, 61, 62].

Second, the average TB incidence exhibited differ-
ent trends in different country development stages. The
average TB incidence decreases as the development stage
increased (Fig. 4). As the development stage increases,
a country typically experiences improvements in better
living conditions, healthcare access, improved educa-
tion [6]. Countries in high development stage typically
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have better healthcare access, enabling earlier diagnosis
and treatment of TB cases, which can prevent disease
transmission. Improved living conditions, including bet-
ter sanitation, housing, and nutrition, associated with
higher development stage also reduce the risk of TB
infection and transmission [19, 63]. Additionally, higher
education levels in these countries promote awareness
and understanding of TB prevention and treatment, fur-
ther contributing to lower TB incidence rates [63]. Fur-
thermore, as the development stage increases, access to
antiretroviral therapy (ART) for HIV-positive individu-
als also increases, reducing their risk of TB infection as
HIV is a significant risk factor for TB [64].However, the
average TB incidence increased from stage 1 to stage 2
development stage. This was attributed to the fact that
the transition from development stage 1 to development
stage 2 only occurred in type I and II countries with a
high-burden of TB, where TB is endemic, where health
and surveillance systems are weak and underdiagnosis
and underreporting cannot be avoided [65].

At the same time, the average TB incidence increased
within development stages the fastest from 2010 to
2019 in development stage 5 (Fig. 5). This was due to
the migration from countries with high TB incidence to
the those with a low or medium TB incidence (<40 per
100,000 population) (stage 5) [66, 67].

Finally, combining the TB incidence map with the evo-
lutionary Geotree sheds light on the phenomenon of “hot
spots” and spatial stratified heterogeneity of countries,
as shown in Fig. 1. Hot spots were observed at the bot-
tom of the tree. For example, a high TB incidence rate
was observed in South Africa, the Philippines, Lesotho,
Gabon, and Central African Republic, which were high-
est at over 500 (per 100,000 population) in 2010 and 2019
at the bottom of Geotree. There is a high level of strati-
fied heterogeneity between the top and bottom of the
“tree” structure (Fig. 1).

Despite the importance and necessity of the directly
observed treatment, short course strategy in reducing the
TB incidence, socioeconomic factors play a significant
role in the control of TB. Understanding a country’s TB
status in the context of its socioeconomic position repre-
sents crucial input to a TB control policy. There is a clear
correlation between socioeconomic factors and TB bur-
den, and there is significant stratified heterogeneity in the
distribution of TB incidence according to socioeconomic
structure (country type and development stage).

The socioeconomic determinants (GDP per capita,
urbanization rate, and SDI) have inhibiting effects on
TB incidence (Table 1), which agrees with previously
reported results [55, 56, 68, 69]. This is mainly because
these factors reflect socioeconomic patterns that are
linked to economic development, health services,
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education and income level in ways that have important
implications for TB infection control. GeoDetector was
used to detect the driving socioeconomic factors of TB
incidence. The impact of the stratified heterogeneity of
the TB incidence is mainly influenced by socioeconomic
determinants, especially by the SDI in our study, which
interpreted the highest stratified heterogeneity of the TB
incidence. The SDI is calculated as the geometric mean of
income per capita, total fertility, and average educational
attainment [70, 71].

In this study, the evolutionary pathway of the TB inci-
dence can be described as the epitaxial growth of a region
through an expression of the Markov chain (Fig. 6), which
is used to quantify the regional rate of change in the TB
incidence. The Markov chain analysis can present the
evolutionary way of a region that has transitioned into
a higher development stage, compensating for time. The
highest average rate of change in the TB incidence was up
to -45.24% in stage 4 for type IV countries, and 37 coun-
tries showed an average change rate of -13.93% in stage
5 for type IV countries, which explained socioeconomic
progress dampened the increase in the TB incidence [72].
In contrast, the lowest rate of change in the TB incidence
was -4.78% in stage 3 of type II countries, which may be
caused by poor socioeconomic development, poor health
services, and decreased development assistance [61, 65,
72]. The Markov chain analysis represents the change
in the country development stage, which is consistent
with this phenomenon that, as the tree grows, the leaves
advance to the next position in Geotree, as shown in
Fig. 1.

The TB incidence trend in 2030 was predicted by
embedding the MLM model into Geotree model on
the basis of the hierarchical results of the TB incidence
Geotree constructed for 2019 (Fig. 7 and Supplemen-
tary file 2. Table S1). According to the forecast, the over-
all incidence rate is expected to significantly decrease in
2030. Lower development stage countries would expe-
rience the highest incidence rates. Specifically, the inci-
dence rates are highest in low-middle development stage
countries. This may be due to the fact that several high-
TB burden countries are low-middle development stage
countries (e.g., India, Pakistan, Bangladesh, and Tanza-
nia) [73]. By this estimation, 26 of 173 countries would
eradicate TB. Of these, 20 out of 26 countries are in high
development stage countries. Progress needs to be accel-
erated to fulfil the “End” “TB” target, which includes
improving the diagnosis and treatment, raising awareness
about TB prevention, scaling up interventions to mitigate
risk factors, and integrating HIV control programs, espe-
cially in lower development stage countries. The perfor-
mance of the MLM is better than that of the GLR model,
which indicates that hierarchical heterogeneity exists in
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the distribution of TB. At the same time, learning which
countries lag behind the trajectory of socioeconomic
development for those measures can guide investments
and intervention efforts to meet the SDG target by 2030
[4, 62, 65].

According to our existing research, our findings do
have some guiding significance. To eliminate TB, coun-
tries of the same at similar development stage or within
the same type can draw on the experiences of countries
at higher development stages that are tailored to their
unique characteristics. Of course, the recommendation
to learn from higher development stage countries is not
intended to be prescriptive or one-size-fits-all, but rather
a starting point for further exploration and adaptation to
local contexts.

This study tentatively adopted the Geotree model in
combination with a Markov chain analysis and the MLM
to conceptualize and examine the complex geospatial
temporal processes of TB, including past and future
mechanisms, which is of great significance to TB preven-
tion throughout the world.

Nevertheless, there are some limitations to this study.
Because of the limitation of data, only 173 countries ter-
ritories were considered to explore the geographical
evolutionary pathway of global tuberculosis incidence
trends. In the future, more data would be collected. Fur-
thermore, the absence of global socio-economic indica-
tors utilizing countries as statistical units necessitated the
use of only publicly available data indicators for the pur-
pose of Geotree classification. This approach somewhat
diminishes the advantages of the multidimensional coor-
dinate system employed by Geotree. In the future, the
socioeconomic indicators would be collected as much
as possible to improve the construction of TB incidence
Geotree.

Conclusion

TB incidence decrease varies in the world [74] in the
context of health and human development. TB incidence
presents obvious stratified heterogeneity in different
country types and development stages, which can help
achieve a maximum level of TB care and control. That is
visualized and modeled by the Geotree method. The key
to success is related to the capacity to learn the geograph-
ical evolutionary pathway of TB. TB incidence and deter-
minants would evolve along a branch of a type from the
lower to higher countries; countries on the same type or
development stage can learn the TB control experience
from countries with higher types or development stages
to formulate effective policies and plans based on their
own characteristics. We predict that the TB incidence
will be 91.581 (per 100,000 population) along the current
path.
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