
Models1

Model S1 Bayesian spatiotemporal model2

We established a Bayesian spatiotemporal model to analyze the spatiotemporal pattern of3

TB incidence in 95 districts and counties in Jiangsu Province from 2011 to 2021. A logit-link4

Bayesian Beta regression model was used to analyze TB incidence [1], incorporating fixed5

effects associated with clinical factors, and separated spatial and temporal random effects.6

Specifically, let �(�, �) , denote TB incidence in year � over the district or county � with7

� = 1, 2, …, 12 standing for the year 2011 to 2021, and � = 1, …, 95 for the 958

counties/district in Jiangsu province, China. The incidence was defined as the number of9

reported cases per 1,000 residents, with values ranging from 0 to 1. Suppose that �(�, �)10

follows a Beta law with mean �(�, �) ∈ (0,1) varying in time across counties/districts and a11

constant precision parameter � > 0. Namely,12

logit �(�, �) = �T(s, t)� + �� + �� + �(�, �).

Here, the vector �(�, �) denotes the clinical factors (age, delay time, delay rate, confirmed13

rate, admission rate). The �(�, �) item is an unstructured random effect in the model. We14

selected the first order auto-regressive (AR(1)) model and Besag-York-Mollie2 (BYM2)15

model to reveal the overall temporal random effect �� and spatial random effect �� [2].16

The auto-regressive (AR) model is a linear predictive modeling technique that uses17

previous observations to predict current ones by employing AR parameters as coefficients [3].18

Specifically, current period values are modeled as a sum of past outcomes multiplied by a19

numeric factor. In this study, we employ an auto-regressive model of order 1 (denoted by20

AR(1)) for the random temporal effect �� , namely, we suppose that ��, � = 1,2, … , is a21



stationary time series with mean zero, satisfying22

�� = ���−1 + ��,

where �� is a normal white noise process with zero mean and constant variance, and � is a23

numeric constant by which we multiply the lagged variable ��−1 , which is interpreted as the24

part of the previous value that remains in the present.25

The Besag-York-Mollie2 (BYM2) model is considered here to account for the residual26

spatial random effect �� such that geographically close areas have similar incidence rates.27

It is represented as [4]28

�� =
1
��

1 − ��∗� + ��∗� ,

where �� > 0 is the precision parameter controlling the marginal variance contribution of the29

weighted sum of �∗� and �∗� . It intricately combines the scaled intrinsic conditional30

autoregressive (CAR) model �∗� with unit generalized variance, with unstructured (namely31

independent and identically distributed) spatial random effect �∗� satisfying �∗� ∼ �(0, 1).32

The mixing parameter � ∈ [0,1], is a spatial smoothing parameter, measuring the proportion33

of the marginal variance explained by the structured random effect.34

We implemented the model in R version 4.3.1 and utilized Integrated Nested Laplace35

Approximation (INLA) to estimate the posterior distributions of the model parameters. The36

hyperparameters were assigned the default prior distributions of INLA.37

38



Model S2 Space-time contribution variation partitioning39

Let �(�, �) be one of the socioeconomic status, meteorological conditions, air pollution,40

and geographical information in year � over county/district �. We took the spatial average of41

�(s, t), � ∈ �, denoted as �( ⋅ , �), smoothing out the spatial variation and thus remaining the42

temporal dynamics during the study period. Similarly, the time-averaged part �(�, ⋅ ) remains43

only the spatial variation of the factor between counties/districts. This process yields a44

decomposition of �(�, �) into three components: the temporal part �( ⋅ , �) , the spatial part45

�(�, ⋅ ), and the residual component, which is defined as �(�, �) = �(�, �) − �( ⋅ , �) − �(�, ⋅ ).46

Hence,47

�(�, �) = �( ⋅ , �) + �(�, ⋅ ) + �(�, �).48

This decomposition is analogous to the two-factor analysis of variance [5]. Below, we49

developed an innovative approach to quantify the interpreted contribution of each term to the50

variability of TB incidence.51

For a given covariate, we denote �0 and ��+�+� as the marginal log-likelihoods52

obtained from the Bayesian Beta regression models, which include the basic clinical factors53

and an additional term �(�, �), respectively. A similar understanding applies for ��, �� and54

��+� with additional terms of temporal, spatial, and spatial and temporal terms accordingly.55

The proportion of variation explained by the temporal, spatial, and residual components is56

derived from the relative reduction in marginal log-likelihoods between nested models.57

Specifically, the improvement in model fit obtained by adding the temporal term alone (�� −58

�0 ) and on top of the spatial term (��+� − �� ) was averaged to represent the temporal59

contribution (��). Similarly, the improvement from adding the spatial term alone (�� − �0)60



and on top of the temporal term (��+� − �� ) was averaged to yield the spatial contribution61

(�� ). The remaining improvement from the full model relative to the spatiotemporal model62

( ��+�+� − ��+� ) was defined as the residual contribution ( �� ). Each contribution was63

normalized by the total improvement (��+�+� − �0), ensuring that �� + �� + �� = 1:64

ωt =
Mt−M0 + Mt+s−Ms
2× Mt+s+r−M0

,

ωs =
Ms−M0 + Mt+s−Mt
2× Mt+s+r−M0

,

ωr =
Mt+s+r−Mt+s
Mt+s+r−M0

,

(S.1)65

where M0, Mt, Ms,Mt+s, Mt+s+r represent the log-likelihoods obtained obtained from the66

corresponding Bayesian Beta regression models with the basic, temporal, spatial, spatiotemporal,67

and full specifications, respectively.68

69



Model S3 XGBoost model70

We used the robust Extreme Gradient Boosting (XGBoost) machine learning algorithm71

to identify influencing factors most strongly correlated with TB incidence [6]. In XGBoost,72

feature importance ranking was determined using three methods: gain, frequency, and cover73

[7]. Gain, which served as the primary indicator, evaluated the importance of a feature based74

on its impact on tree branching. Frequency represented the occurrence count of a feature75

across all constructed trees and offered a simplified version of the gain. Cover measured the76

relative representation of the observations of a feature. In our study, we used the gain metric77

to assess the feature importance, providing a detailed understanding of the contribution of78

influencing factors to TB incidence.79

XGBoost employs an iterative approach that integrates multiple weak learning models to80

produce a strong learner [8]. The XGBoost algorithm utilizes decision trees to define the81

target function, represented as [6]:82

�� � =
�=1

�
 � �� �� , �� ∈ �,83

where �� � represents the predictive value (TB incidence) associated with the �-th observation,84

�� denotes the vector of input variables, � represents the number of trees, �� represents85

each independent regression tree. Compared to the original gradient boosting framework86

proposed by Friedman [9], XGBoost introduces the regularized objective to the loss function.87

The regularized objective for optimizing the �-th iteration:88

�� =
�=1

�
 � � ��, �� �

� +
�=1

�
 � � �� , (S.1)89

where � represents the number of samples, �( ) represents the differentiable loss function90



that measures the difference between the predicted �� �
� and the target ��, and �( ) denotes91

the term that inhibits model complexity. Here,92

�(�) = �� + 1
2

� ∥ �∥2,93

where � refers to the number of a tree's leaf nodes, � and � refer to the regularisation94

parameters. The predicted �� �
� at the � -th iteration can be expressed as �� �

� = �� �
�−1 +95

�� �� , then Equation S. 1 can be written as:96

�� =
�=1

�
 � � ��, �� �

�−1 + �� �� + � �� + const,97

where const represents ∑�=1
�−1  � �� . Since ∑�=1

�−1  � �� has been determined by the tree of98

the (� − 1)-th iteration, it can be taken as a constant. Then, by taking the Taylor expansion of99

the loss function to the second-order, the objective function can be written as follows:100

�� =
�=1

�

 � � ��, �� �
�−1 + ���� �� +

1
2 ℎ���

2 �� + � �� ,

where �� = ��� �
�−1� ��, �� �

�−1 and ℎ� = ��� �
�−1

2 � ��, �� �
�−1 are the first and the second-order101

derivatives on the loss function, respectively.102

Trees are split into left and right nodes. �� represents the sets of cases for the left node,103

while �� represents the sets of cases for the right node. Letting � = �� ∪ �� , then we can104

calculate the loss reduction after splitting the node as follows:105

Gain= 1
2

�∈��
 �  ��

2

�∈��
 �  ℎ�+�

+ �∈��
 �  ��

2

�∈��
 �  ℎ�+�

− �∈�
 �  ��

2

�∈�
 �  ℎ�+�

− �.106

Define � as a random variable denoting the feature responsible for infinitesimal units107

of improvement in accuracy in model performance, where � = 1, 2, . . . , 11 correspond to the108

eleven features considered in the model. The probability �� = �(� = �) is defined as the gain109



to the i-th feature, which reflects its share of the total importance.110

In parallel, define � be a random variable denoting the component associated with that111

unit of improvement, taking values �, �, and �, which correspond to the contributions of the112

spatial, temporal, and residual components, respectively. The total contribution can be113

decomposed as:114

�=1

11

 � �(� = �) =
�=1

11

 �
�∈{�,�,�}

 � �(� = �, � = �) =
�=1

11

 �
�∈{�,�,�}

 � �(� = �∣� = �)�(� = �)

=
�=1

11

 �
�

 � ����� = 1,

where ��� = �(� = �∣� = �) corresponds to the proportion of decomposition attributable to115

� -th component of � -th feature, and the product ����� = �(� = �, � = �) therefore116

represents the joint contribution of this component to the overall model improvement,117

integrating gain-based importance with decomposition proportion.118

119



Supplementary Tables and Figures120

Table S1: Descriptive statistics of both response and explanatory variables during 2011—121
2021, Jiangsu province, China.122

Factors
Variables Unit Mean (Min, Max)

TB Incidence per thousand people 0.39 (0.14, 0.79)

Clinical

Age year 50 (33, 66)
Delay Time day 42 (7, 359)
Delay Rate % 37.22 (4.45, 90.83)

Confirmed Rate % 38.8 (10.56, 73.95)
Admission Rate % 91.34 (79.67, 98.90)

Socioeconomic
GDP thousand yuan 781.6 (31.10, 4748.10)

Health Technician per thousand people 7.19 (0.67, 58.39)

Meteorological

Wind Speed m/s 0.39 (0.01, 1.56)
Precipitation mm 1.05 (0.02, 5.22)
Temperature ℃ 15.93 (15.38, 17.70)

Relative Humidity % 71.19 (49.54, 83.89)

Air pollution

PM1 µg/m3 29.73 (13.22, 48.24)
PM2.5 µg/m3 53.21 (25.20,89.98)
PM10 µg/m3 88.93 (45.03, 148.59)
O3 µg/m3 101.64 (76.36, 121.97)

Geographical NDVI / 0.46 (0.01, 0.64)

In the following, we describe the explanatory variables in detail.123

Clinical factor. We integrate TB individual data from the Jiangsu Provincial CDC by124

year and county/district to obtain the following indicators: (1) age, representing the average125

onset age of patients, (2) admission rate, signifying the proportion of patients admitted to the126

hospital, (3) confirmed rate refers to the proportion of patients who have been confirmed with127

TB among all reported TB cases, and the confirmed cases typically include those diagnosed128

with smear-positive TB, Polymerase Chain Reaction (PCR)-positive TB, and other variants of129

TB determined through pathological examination of lung lesion specimens, (4) delay time130

indicates the average number of days patients delay treatment, and (5) delay rate denotes the131

proportion of patients with diagnostic delay. Here, we define a delay as the interval between132

the day of onset and the day of diagnosis exceeding 28 days, following the previous studies133

on the delay of consultation [10] and the delay of diagnosis (as the number of days from134



consultation to diagnosis more than 14 days [11]).135

Socioeconomic status. The socioeconomic status at the county/district level are collected136

from the Statistical Yearbooks of the thirteen prefecture-level cities in Jiangsu, including137

healthcare technical personnel per thousand people, the number of healthcare technical138

personnel divided by the total population in thousandth, GDP per capita, and the GDP139

(adjusted with the Consumer Price Index in 2021) divided by the total permanent population.140

Air pollution. The average annual data of particulate matter ≤ 2.5 µm in aerodynamic141

diameter (PM2.5), ≤ 10 µm (PM10), ≤ 1 µm (PM1), and ozone (O3) are extracted from the142

China High Air Pollutants (CHAP) dataset [12-14]. The spatial resolution is 1 km for PM2.5,143

PM10, PM1, and 10 km for O3.144

Meteorological conditions. We obtain the data from the ERA5-Land Dataset and145

download monthly concentrations of four meteorological factors, including temperature,146

precipitation, wind speed, and relative humidity [15]. All the meteorological factors are147

measured at a spatial resolution of 9 km.148

Geographical information. We use the 8 km spatial resolution Normalized Difference149

Vegetation Index (NDVI) dataset from the National Earth System Science Data Center of150

China, a standardized index in remote sensing for vegetation monitoring and analysis [16].151

152



Table S2: Bayesian estimation of clinical factors of TB risk in Jiangsu province, 2011—2021.153

Variables Posterior Mean (95% CI) OR (95% CI)
Age 0.030 (0.022 to 0.037) 1.030 (1.022 to 1.037)

Delay time 0.001 (0.000 to 0.002) 1.001 (1.000 to 1.002)
Delay rate −0.003 (−0.005 to −0.001) 0.997 (0.995 to 0.999)

Admission rate −0.004 (−0.012 to 0.005) 0.996 (0.982 to 1.005)
Confirmed rate −0.015 (−0.017 to −0.012) 0.985 (0.983 to 0.988)

154



Table S3: Hyperparameters and model performances for XGBoost models.155

Model Hyperparameters RMSE R2

With all factors included

nrounds: 100

0.0865 0.5572

max_depth: 5
eta: 0.05

gamma: 0.05
colsample_bytree: 0.7
min_child_weight: 5

subsample: 0.5

With external indirect factors included

nrounds: 100

0.1087 0.4736

max_depth: 5
eta: 0.01

gamma: 0.05
colsample_bytree: 0.6
min_child_weight: 5

subsample: 0.8
Note: XGBoost model was built by splitting the data into a 70% training set and a 30%156
testing set, using a 10-fold cross-validation grid search to optimize parameters. External157
indirect factors included socioeconomic, meteorological, air pollution, and geographical158
factors.159

160



Table S4: Relative importance of external indirect factors based on the partitioned161
contributions of temporal, spatial, and residual components to variations in TB incidence.162

Factors Variables Time (%) Space
(%)

Remaining
(%)

Relative Importance
(%)

Socioeconomic
GDP 3.09 0.55 2.69 6.33

Health Technicians 5.47 3.52 7.81 16.80
Total 8.56 4.07 10.50 23.13

Meteorological

Wind Speed 0.87 1.15 0.89 2.91
Precipitation 0.69 0.83 0.88 2.40
Temperature 1.63 2.97 2.41 7.01
Humidity 1.54 1.59 1.27 4.40
Total 4.73 6.53 5.54 16.71

Air Pollution

PM1 1.32 0.95 0.84 3.11
PM2.5 1.19 0.88 0.97 3.04
PM10 3.67 2.45 3.07 9.19
O3 16.86 11.17 13.29 41.32
Total 23.04 15.45 18.17 56.66

Geographical NDVI 0.79 1.69 1.04 3.52
163



164

Figure S1: TB incidence for the spatiotemporal analysis in Jiangsu province, 2011—2021.165

166



167
Figure S2: Relative importance of exposure to socioeconomic status, meteorological168
conditions, air pollution, and geographical information in explaining TB incidence using the169
XGBoost model.170
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