
1 

Association of long-term exposure to ambient air pollution 

with the number of tuberculosis cases notified: a time-series 

study in Hong Kong 

 

Man Xu 1 , Ping Hu 2, Ruoling Chen 3, Bing Liu 4, Hongying Chen 5, Jian Hou 6, Li 

ke 4, Jiao Huang 7, Hairong Ren 1*, Hui Hu 1* 

1  School of Nursing, Hubei University of Chinese Medicine, Wuhan, China 
2 Key Laboratory of Environment and Health (HUST), Ministry of Education &Ministry of 

Environmental Protection, and State Key Laboratory of Environmental Health (Incubation), School of 

Public Health, Tongji Medical College, Huazhong University of Science and Technology, Wuhan,  

430030, Hubei, China  
3  Faculty of Education, Health and Wellbeing, University of Wolverhampton, Wolverhampton, UK 
4 Center of Health Administration and Development Studies, Hubei University of Medicine, Shiyan, 

442000, Hubei, China 
5 Biological products management office, Hubei Provincial Center for Disease Control and Prevention, 

Wuhan, Hubei, China  
6 Department of Epidemiology and Biostatistics, College of Public Health, Zhengzhou University, 

Zhengzhou, 450052, Henan, China 
   7 Center for Evidence-Based and Translational Medicine, Wuhan University Zhongnan Hospital, Wuhan, 

430030, Hubei, China 

 

* Corresponding to: School of Nursing, Hubei University of Chinese Medicine, 16 Huangjiahu West 

Road, Hongshan District, Wuhan City, 430065, Hubei Province 

E-mail: hairongren@hbtcm.edu.cn; zhongyi90@163.com  

Telephone number: + 8613377860629 (H.R.) 

  



2 

Abstract: To analyze the association of long-term exposure to air pollution and its attributable risks 

with the number of tuberculosis (TB) cases notified, a quasi-Poisson regression model combined with 

a distributed lag nonlinear model (DLNM) was constructed using monthly data on air pollution and TB 

cases notified in Hong Kong from 1999 to 2018. Nonlinear relationships between PM10, PM2.5, and CO 

and TB cases notified were identified. The concentrations of PM10, PM2.5, and CO corresponding to the 

minimum numbers of TB cases notified (the minimum TB notification concentrations, MTNCs) were 

58.3 μg/m3, 41.7 μg/m3, and 0.1 mg/m3, respectively. Compared with the MTNCs, the overall 

cumulative numbers of TB cases notified increased by 76.93% (95% CI: 13.08%, 176.83%), 88.81% 

(95% CI: 26.09%, 182.71%), and 233.43% (95% CI: 13.56%, 879.03%) for the 95th percentiles of 

PM10 and PM2.5 and for the 97.5th percentiles of CO, respectively. The TB notification rate attributed 

to concentration ranges above the 97.5th percentile of PM10, PM2.5, and CO were 3.38% (95% empirical 

confidence intervals [eCI]: 0.93%, 5.61%), 4.73% (95% eCI: 1.87%, 7.15%), and 3.34% (95% eCI: 

0.29%, 5.83%), respectively. Long-term exposure to high concentrations of air pollution in Hong Kong 

may be associated with increases in the number of TB cases notified for this area. 

Keywords: Ambient air pollutants; tuberculosis; notified; time-series study 

Introduction 

Tuberculosis (TB) is an ancient, airborne infectious disease that continues to threaten human health 

(Nabarro et al. 2020). According to the World Health Organization report, there were approximately 143 

TB cases per 100,000 people worldwide and 61 TB cases per 100,000 people in China in 2018 (World 

Health Organization, 2019), which reflects the strength of the TB epidemic worldwide and in China. 

Mycobacterium tuberculosis (M. tb) has been considered as the causative bacteria of TB. Thus, 

identifying the possible risk factors of M. tb is important to reduce its incidence. Main risk factors for 

TB include the pandemic of human immunodeficiency virus, poor living conditions, unsanitary medical 

conditions, cigarette smoking, alcohol abuse, and depressed host immune status, such as diabetes and 

end-stage renal failure (Chitnis et al. 2014; Jimenez-Corona et al. 2013). In addition, exposure to air 

pollution, both indoor and outdoor, is a potential contributing factor to the TB epidemic (Lin et al. 2007; 

Popovic et al. 2019). Some studies have revealed associations between TB cases and indoor air pollution, 

primarily due to the inhalation of environmental pollutants such as tobacco smoke and biomass fuel 

http://dict.cn/epidemic%20strength
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smoke (Jafta et al. 2019; Patel et al. 2020). In recent years, the association between ambient air pollution 

and TB risk has received constant attention from scholars (Ge et al. 2017; Lai et al. 2016; Li et al. 2019; 

Smith et al. 2016; Sohn et al. 2019; Zhu et al. 2018). 

In fact, a few scholars have examined the impacts of short-term exposure to ambient air pollution 

on TB risk or initial outpatient visits for treating TB (Ge et al. 2017; Zhu et al. 2018), while most 

researchers are currently concerned about correlations between long-term exposure to air pollution and 

TB risk, including individual-level and aggregate-level studies (Lai et al. 2016; Li et al. 2019; Smith et 

al. 2016; Sohn et al. 2019). Regarding individual exposure to air pollution, for example, a nested case-

control study from Northern California revealed that the odds ratios of pulmonary TB increased by 50% 

and 42% for the highest quintiles of CO and NO2 against their lowest quintiles, respectively (Smith et al. 

2016). In ecological studies, scholars have used weekly, monthly, or annual time series to investigate the 

association between aggregate-level exposure to air pollution and TB risk (Li et al. 2019;You et al. 2016; 

Sohn et al. 2019). Take a study in Lianyungang, China, as an example, a 10 μg/m3 increase in the weekly 

concentrations of PM2.5, PM10, SO2, and NO2 was associated with a 12% (lag 0–24 weeks), 11% (lag 0–

21 weeks), 37% (lag 0–20 weeks), and 29% (lag 0–22 weeks) increase, respectively, in the cumulative 

risk of TB (Li et al. 2019).  

However, previous time series studies were usually conducted using ordinary Poisson regression 

models (Liu et al. 2018; You et al. 2016) or random-effects Poisson regression models (Sohn et al. 2019). 

These models can only observe the average risk estimates of TB related to exposure to air pollution 

during a single exposure time window. In recent years, a distributed lag nonlinear model (DLNM), which 

gained substantial attention from scholars, has revealed an exposure-response relationship, as well as a 

lag-response relationship from the lag dimension, which indicated the duration of lag effects (Gasparrini 

2011). Considering that our previous finding suggested that effects of air pollution exposure on the 

immunology of the human respiratory system which increased host susceptibility to TB may be a chronic 

or sub-acute process but not an acute response (Xu et al. 2019), that it may take some time for TB patients 

to develop clinically observable symptoms, to be identified, and to be notified by medical institutions 

(You et al. 2016), and that the maximum lag in DLNM in epidemiology should not be too long, a monthly 

time series shall be used to fit the DLNM for the association of long-term exposure to ambient air 

pollution with the number of TB cases notified. 

This study aimed to map out the timing and magnitudes of changes in TB cases notified in relation 

http://www.baidu.com/link?url=xSOfR56huD19Xr9IYC4RXVHBRUPfw_z8a29awiyR0eyJ3QAzeT-NVazsJXKF53tT7Rw8tCPkAKecS7GhVZ156swnQXIWyl9-hE3OXmgIBYWVxauQcmxDIXsxmdv7BPhl
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to air pollution in Hong Kong. We focused on Hong Kong because it is one of the world’s most densely 

populated regions with a population density of 6,777 people per square kilometer and a TB case 

notification rate of 59.24 per 100,000 population in 2016 (Chang and Tam 2017; Census and Statistics 

Department, 2017). The surveillance of the number of TB cases notified in this region is helpful for 

continuously evaluating the TB epidemic status and planning public health measures (Department of 

Health, 2008). Using data on monthly surveillance of the number of TB cases notified and 

ambient air quality, the exposure-lag-response relationship between air pollution and the number of TB 

cases notified in Hong Kong was explored by conducting a DLNM.  

Materials and methods 

Study area 

Hong Kong (center: 114°15′E, 22°15′ N), which is an international metropolis located on the coast 

of South China, covers a total area of 1,106.34 square kilometers. In 2018, there were 7.48 million 

permanent residents living in Hong Kong (Census and Statistics Department, 2018), which is composed 

of Kowloon, the New Territories, and Hong Kong Island, as well as 262 surrounding islands. It is an 

international center of finance, shipping, and trade, with extensive external exchanges in tourism and 

business (Information Services Department, 2018).  

Air pollution and meteorological data 

At least 14 air quality monitoring stations have been established in Hong Kong since 1999, and 13 

general air quality monitoring stations and 3 roadside monitoring stations have been distributed widely 

across Hong Kong (Fig S1). The air quality monitoring data of PM10, PM2.5, NO2, NOX, SO2, and CO 

from 1999 to 2018 were collected from 14 monitoring stations from the Hong Kong Environmental 

Protection Department (Environment Protection Department, 2018a), excluding the newly-built Tseung 

Kwan O Monitoring Station (from 2016-2018) and Tuen Mun Station (from 2014-2018) due to their too 

short monitoring time. Among the 14 monitoring stations, three roadside stations (including Causeway 

Bay Monitoring Station, Central Monitoring Station, and Mong Kok Monitoring Station) and one general 

station (Tap Mun Monitoring Station) on a remote island were also excluded, leaving 10 general stations 

to calculate the citywide daily mean concentrations to represent the background levels of air pollutants 

in Hong Kong. These representative air quality monitoring stations were commonly used in some 

https://www.aqhi.gov.hk/en/monitoring-network/air-quality-monitoring-stations537c.html?stationid=82
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previous time-series studies to compute the daily mean concentrations of air pollutants in Hong Kong 

(Liang et al. 2018; Qiu et al. 2018). Then the daily air pollution concentrations were transformed into 

monthly mean concentrations. The monthly weather observations for the whole city from 1999 to 2018, 

including monthly mean temperature, mean relative humidity, mean air pressure, total rainfall, mean 

wind speed, and total sunshine duration, were obtained from monthly summary of weather observations 

in Hong Kong for each year in the websites of Hong Kong Observatory 

(https://www.weather.gov.hk/tc/cis/climat.htm) (Hong Kong Observatory, 2018). Monthly mean 

temperature, mean relative humidity, and mean wind speed is the average of daily mean temperature, 

mean relative humidity, and mean wind speed within one month, respectively. Monthly total sunshine 

duration is defined as the time in which direct sunlight hits the ground within one month. The locations 

of weather monitoring stations were also plotted in Fig S1, showing their positions relative spatially to 

air quality monitoring stations.  

TB data 

From 1999 to 2018, the number of monthly TB cases notified in Hong Kong was obtained from the 

Centre for Health Protection, Department of Health, Hong Kong (Center for Health Protection, 2018). 

Given that Hong Kong has a good healthcare infrastructure, high access to healthcare services, and a 

complete TB registration and reporting system, the TB notification rate in this area was likely close to 

its TB incidence rate (Department of Health, 2006). Given that mobile residents accounted for only a 

small proportion (around 3.1%) of the whole Hong Kong resident population (China News, 2014; Census 

and Statistics Department, 2014), with respect to ecological studies, the air pollution concentrations and 

meteorological measurements obtained in this study may represent the exposure levels of TB patients 

notified to a certain extent (Department of Health, 2006). Ethical proof is not required, as the data were 

obtained from public databases. 

Statistical analysis 
Distributed lag nonlinear model (DLNM) 

The association between air pollution and TB cases notified was initially examined by fitting a 

standard time-series regression model using a Poisson generalized linear model (GLM) (Peng and 

Dominici 2008). Several previous studies have revealed that nonlinear lag association between exposure 

to air pollution and TB cases (Wang et al. 2019; Xu et al. 2019; You et al. 2016); therefore, a DLNM 

(Gasparrini et al. 2010) was incorporated into the Poisson GLM to explore the bi-dimensional exposure-
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lag-response relationship. As overdispersion was detected in the model, a quasi-Poisson regression 

model was adopted to allow for overdispersion. Hence, a standard quasi-Poisson GLM combined with 

DLNM was applied using monthly average of each pollutant concentration and monthly number of TB 

cases notified in Hong Kong from 1999 to 2018. Suppose that Yt represents the number of TB cases 

notified in Hong Kong during each calendar month t ∈ (1,2, …, 12) and follows a Poisson distribution 

by Yt | μt ~ POI(μt), where μt is the expected value of Yt, and the formula used to estimate the relationship 

between air pollution and the number of TB cases notified at each single-month lag in the single-pollutant 

model was as follows:  

Yt ~ Poisson (μt), 

Log (μt) = α + βAPt,ℓ + γTPt,,ℓ + ns (humidity, 3) + ns (wind, 3) + ns (sunshine, 3) 

+ ns (time, 7) + δyear + ε Spring-Festival + autoregressive term + offset 

= α + βAPt,ℓ + COVs                                                       (1) 

where α is the intercept; APt,ℓ is a matrix obtained by applying the DLNM to each air pollutant (AP), and 

ℓ is the lag.  

The modeling framework of DLNM was based upon the definition of a cross-basis obtained by a 

combination of two functions to flexibly model the nonlinear or linear exposure-response and lag 

structure of the relationship (Gasparrini 2014). The standard exposure-response function f(x) was then 

defined to describe the risk, which, in turn, determined the potentially nonlinear exposure-response 

relationship along the dimension of air pollutant concentrations, while the function w(ℓ) was used to 

specify the lag-response relationship, which was related to the weights given to the exposure of air 

pollution at different lags. Their combination into a bi-dimensional exposure-lag-response function 

f⋅w(x,ℓ) through a cross-basis was defined to flexibly model both the intensity and timing of past 

exposures. In this study, natural cubic spline functions were used to model both the nonlinear air 

pollution-TB notification relationship and the lag-response relationship (Guo et al. 2011). Detailed 

descriptions of the basic types, numbers and placements of knots, and covariates for this model are 

included in the supplementary materials (see supplementary methods, including Fig S2 and Tables S1–

S2). As for the max lag L of the model, the median incubation period for TB was 15.38 months according 

to a molecular epidemiological study (Borgdorff et al. 2011) and the median of intervals between initial 

symptoms and initial treatments of TB patients was 49 days (25th to 75th percentile: 20–80 days) shown 

in a population survey in Hong Kong (Leung et al. 2007), so the maximum lag L of the model can last as 
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long as 18 months. Referring to a previous study in which the delayed effects of some air pollutants on 

TB cases could be as long as 18 months (Yao et al. 2019), the maximum lag of 18 months was finally 

determined via exploratory analyses. In addition, the median air pollution concentrations were set as 

references to calculate the relative risks, and this initial selection was based on the following two 

considerations. First, median is an appropriate index that reflects the central tendency of the distribution 

of air pollutant concentrations due to the asymmetrical distributions of some air pollutants. Referring to 

the medians of air pollutants can help us easily examine risk of TB cases notified under high or extremely 

high levels of air pollutants, which can provide evidence for guiding residents’ activities against TB under 

extreme pollution conditions, as well as improving air quality management. Second, choosing medians 

as reference levels is a widely-used analytical technique appeared in numerous studies (Guo et al. 2011; 

Xiao et al. 2017). 

Several covariates were incorporated into the main model: (a) A categorical variable “year” with a 

natural cubic spline of the calendar month with 7 degrees of freedom (df) based on the minimum Akaike 

information criterion (AIC) (Peng et al. 2005) to control for long-term and seasonal trends of the number 

of TB cases notified. (b) A factor variable “Spring festival” was utilized to exclude the confounding 

effects caused by delayed initial outpatient visits or TB diagnosis during the months of the Spring Festival 

in China (Luo et al. 2014). c) A cross-basis function of mean temperature (TPt,l) was fit using the double 

natural cubic spline DLNM to control for its potential nonlinear and lagged confounding effects, and its 

cross-basis types and numbers and placements of knots in the cross-basis function were determined using 

the same method as used to determine the air pollutant (APt,ℓ). (d) A natural cubic spline function was 

implemented with a priori 3 df to control for the effects of monthly mean relative humidity, mean wind 

speed, and total sunshine duration. The priori 3 df is a widely-used parameter setting to control for 

potential confounding effects by meteorological factors in the previous studies (Di et al. 2017; Zhao et 

al. 2018). (e) To account for autocorrelations in residuals, we included autoregressive terms of monthly 

TB cases at lag 1-3 into the model based on partial autocorrelation function plots (Fig S2). Autoregressive 

terms were then incorporated into the model in a logarithm scale to better match the mechanism of 

infectious disease transmissions (Imai et al. 2015). f) A logarithm of the average total population based 

on data obtained from the annual census data from 1999 to 2018 (Census and Statistics Department, 2018) 

was included in the model to control for changes in the size of the population. 

As the bi-dimensional exposure-response relationship estimated by a DLNM are difficult to 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/autocorrelation
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summarize, the lag-specific effects on a grid of suitable exposure values and the L + 1 lags were predicted 

and plotted to aid the interpretation of results (Gasparrini 2011). In addition, the overall effects which 

was predicted from exposure sustained over lags L to 0 can be calculated by summing the lag-specific 

contributions (Gasparrini 2011). 

Minimum TB notification concentrations 
As the nonlinear associations between air pollutants and the number of TB cases notified were 

observed in our initial analysis (Fig S3), we derived concentrations that corresponded to the minimum 

number of TB cases notified based on the best linear unbiased prediction of the overall cumulative 

associations between air pollution and the number of TB cases notified (Gasparrini et al. 2015; Gasparrini 

and Leone 2014). In the whole range of pollutant concentrations, percentiles corresponding to the 

minimum number of TB cases notified were defined as the “minimum TB notification concentrations 

(MTNCs).” We then set the MTNCs as references to refit the overall cumulative exposure-response 

relationship between pollutant concentrations and the number of TB cases notified (Li et al. 2016).  

Overall cumulative effects  
Within the DLNM modeling framework, when the bi-dimensional exposure-lag-response was 

reduced into a uni-dimensional exposure-response relationship, the overall cumulative risk ∑𝛽𝑥𝑡 ,𝑙
 for a 

given exposure (𝑥𝑡) was calculated (Gasparrini and Leone 2014). The overall cumulative association was 

made up of the sum contributions (𝛽𝑥,𝑙
) from exposures (𝑥𝑡−𝑙0, …, 𝑥𝑡−L) experienced throughout the whole 

lag period (Gasparrini and Leone 2014). The sum of lag-specific contributions provides an overall 

cumulative association, which then offers an estimate of the net effect associated with a given exposure 

accumulated over the lag period (Gasparrini and Armstrong 2013). Based on the exposure-response curve 

for overall cumulative relative risks of each air pollutant, the P95 and P97.5 percentiles of air pollution 

against MTNCs were determined to calculate the risk estimations throughout lags of 18 months, in order 

to reflect the health effects of the exposure to air pollutants at high and extremely high concentrations.  

Lag-specific effects 
To determine the lag-specific effects of air pollution on the TB cases notified, the associations 

between air pollution and TB cases notified for various single-month lags were estimated by comparing 

the 95th and 97.5th percentiles of air pollution with the MTNCs. The lag-specific effects allows the effect 

of exposure to high level of air pollutants to be distributed over a maximum lag period, using percentage 

changes in the numbers of TB cases notified to explain the contributions at different lags of months 

(Gasparrini et al. 2010).The excess risks (ERs) were used to indicate the percentage changes in the 
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number of TB cases notified for increases in the pollutant concentrations versus the references. ERs were 

then converted from relative risks (RRs) using the following formula: 

ERs = (RRs-1) * 100%                                       (2) 

Attributable risks 
We have also performed a forward perspective strategy in order to quantify the burden of TB cases 

notified, which were attributed to air pollution exposure within the DLNM framework using the forward 

attributable number (f-AN ) and the attributable fraction (f-AF ), according to a previously described 

approach (Gasparrini et al. 2015; Gasparrini and Leone 2014). Interpretations of the forward attributable 

numbers ( f-AN ) and attributable fraction ( f-AF ) in the context of our study are provided in the 

supplementary methods. The f-AN  and f-AF  of TB cases notified for concentration ranges above 

MCTNs, 95th percentiles (high levels), and 97.5th percentiles (extremely high levels) of air pollutants 

were calculated. Their empirical confidence intervals (eCI) were derived through Monte Carlo simulation 

methods (Gasparrini and Leone 2014).  

Sensitivity analysis 

Sensitivity analyses were performed to check the robustness of our results. Considering the health 

effects caused by simultaneous exposure to several different air pollutants and their possible interactions, 

two-pollutant models were fitted to better elaborate the association of air pollution exposure with TB 

cases notified. To evaluate whether more flexible splines will have a substantial impact on the results, 

we changed the df of the time spline function in the model from 7 to 8, and changed the df of the natural 

cubic spline function of meteorological factors from 3 to 4.  

Results 

Descriptive analysis 

Table 1 provides summary statistics of monthly TB notifications, air pollution, and meteorological 

variables in Hong Kong from 1999 to 2018. During the study period, more than 40% observations of 

PM10, more than 40% observations of PM2.5, and more than 90% observations of NO2 exceeded air 

quality targets set by the local environmental protection bureau (Environmental et al. 2018a) (Table 1). 

Monthly mean concentrations of PM10, PM2.5, NO2, and CO were significantly negatively correlated with 

monthly mean temperature, mean relative humidity, mean air pressure, total rainfall, and mean wind 
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speed (P <0.05). Monthly mean temperature and mean relative humidity were significantly correlated 

with total sunshine duration (P < 0.001) (Table S1). During the study period, temporal variations in the 

monthly total number of TB cases notified, air pollutant concentrations, and meteorological indicators in 

Hong Kong exhibited strong seasonality (Fig S4 and S5). 

Overall cumulative effects 

The MTNCs of PM10, PM2.5, and CO in Hong Kong from 1999 to 2018 were 58.3 μg/m3, 41.7 μg/m3, 

and 0.1 mg/m3, respectively (Table 2). Fig 1 shows the overall cumulative exposure-response curves 

between pollutant concentrations and the number of TB cases notified during 18-month lags. The overall 

cumulative relative risks of TB cases notified exhibited increasing trends along with the increases in the 

concentrations of PM10 and PM2.5 above their respective MTNCs in Hong Kong (Fig 1). The overall 

cumulative numbers of TB cases notified increased by 76.93% (95% CI: 13.08%, 176.83%) and 88.81% 

(95% CI: 26.09%, 182.71%) for 95th percentiles of PM10 and PM2.5 against MTNCs in single-pollutant 

models throughout the full lagged 18 months. Similarly, the corresponding overall cumulative numbers 

of TB cases notified increased by 137.67% (95% CI: 24.19%, 354.86%), 145.07% (95% CI: 40.93%, 

326.18%), and 233.43% (95% CI: 13.56%, 879.03%) for 97.5th percentiles of PM10, PM2.5, and CO. No 

significant associations were noted between SO2, NO2, or NOX and the number of TB cases notified 

(Table 2). 

Lag-specific effects 

Fig 2 and Table S3 and S4 present lag-specific percentage changes in the numbers of TB cases 

notified for 95th and 97.5th percentiles of pollution concentrations in the single-pollutant models. The 

significant lag-specific effects of the 95th percentile of PM10 on the number of TB cases notified occurred 

at lags of 10–18 months (lag 10–18). The lag effects of the 97.5th percentile of PM10 were also observed 

at lag 0–1 months and lag 11–18 months. For PM2.5, significant lag-specific effects of the 95th percentile 

were observed over lag 7–18 months. Stronger lag effects of the 97.5th percentile of PM2.5 were noted at 

lag 0–1 months and lag 7–18 months. In addition, significant lag-specific effects of the 97.5th percentile 

of CO occurred at lag 3 month and lasted from lag 8 to lag 10 months. 

Attributable risks 

Table 3 shows the forward attributable number and attributable fractions (95% eCI) of TB cases 

notified due to exposure to air pollutants at concentration ranges above the MTNCs, 95th percentiles, 

and 97.5th percentiles in Hong Kong over lag 0–18 months. Overall, the total TB notification rates 
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attributed to exposure to ranges above the MTNCs of PM10 and PM2.5 during the study period were 9.05% 

(95% eCI: 2.18%, 15.45%) and 9.27% (95% eCI: 3.35%, 15.05%), respectively. The TB notification 

rates attributed to ranges above the 95th percentiles of PM10 and PM2.5 (at high levels) were determined 

to be 5.53% (95% eCI: 1.20%, 8.95%) and 6.68% (95% eCI: 2.71%, 10.16%). The TB notification rates 

attributed to exposure to high levels of PM10 and PM2.5 accounted for 61.10% and 72.06% of those 

attributed to exposure to ranges above their MTNCs, respectively. Meanwhile, the TB notification rates 

that attributed to ranges above the 97.5th percentiles of PM10, PM2.5, and CO (at extremely high levels) 

were 3.38% (95% eCI: 0.93%,5.61%), 4.73% (95% eCI: 1.87%,7.15%), and 3.34% (95% eCI: 

0.29%,5.83%), respectively. The TB notification rates attributed to exposure to extremely high levels of 

PM10 and PM2.5 accounted for 37.34% and 51.02% of those attributed to exposure to ranges above their 

MTNCs, respectively. 

Sensitivity analysis  

We checked the robustness of our results by fitting two-pollutant models and changing the dfs in the 

splines of time and meteorological factors. In the two-pollutant models, the overall cumulative exposure-

response curves (Fig S6), the overall cumulative excess risks (Table S4), and estimates of attributable 

risks (Table S5) for the three air pollutants were generally similar to the results in the single-pollutant 

models. But in the two-pollutant models adjusting for CO, all these estimates in the association of PM10 

and PM2.5 with TB cases notified became stronger. In additions, when changing the df in the time spline 

from 7 to 8 and changing the df in the spline of meteorological factors from 3 to 4, the findings were 

similar to our main results (Fig S7-S8). Therefore, we consider that the models used in our study were 

able to assess the main assocaition between long-term exposure to air pollution and the risk of TB cases 

notified. 

Discussion 

Association and attributable risks of long-term exposure to air pollution for the 

number of TB cases notified 

In our findings, it was determined that the MTNCs of PM10, PM2.5, and CO were 58.3 μg/m3, 41.7 

μg/m3, and 0.1 mg/m3, respectively, in Hong Kong over lag 0–18 months. Compared with the MTNCs, 

the lag-specific associations between the 97.5th percentiles of PM10 and PM2.5 and the numbers of TB 
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cases notified were observed at lag 0–1 and lag 11–18 or lag 7–18 months, and the lag-specific 

associations between the 97.5th percentiles of CO and the numbers of TB cases notified were observed 

at lag 3 and lag 8–10 months. In addition, 3.38%, 4.73%, and 3.34% TB notification rates were attributed 

to long-term exposures to PM10, PM2.5, and CO, respectively, above their 97.5th percentiles of 

concentrations in Hong Kong during the study period. 

A number of recent studies have already notified the association between long-term exposure to air 

pollution and TB risks (Liu et al. 2018; Smith et al. 2014; You et al. 2016), but this study applied a 

relatively new and flexible statistical model to depict the association between air pollution and the 

number of TB cases notified, which reflected the exposure-response and lag-response relationships 

between long-term exposure to air pollution and the number of TB cases notified. The trends exhibited 

by the exposure-response curves indicated that the overall cumulative risks of TB cases notified increased 

as the concentrations of PM10 and PM2.5 increased above their respective MTNCs throughout lags of 0–

18 months (Fig 1). Although the biological mechanism related to these findings remains unclear, the 

finding of a toxicology study suggests that exposure to air pollutants above a certain level may reduce 

people’s immune resistance to M. tb, thus increasing their susceptibility to M. tb infection (Sarkar et al. 

2012). TNF-α, IL-6, and IL-10 are identified as potent immunomodulatory cytokines that play important 

roles during the chronic/latent stage of TB infection (Beamer et al. 2008).The toxicological cytology 

experiment found that cytokine productions of TNF-α, IL-6, and IL-10 in peripheral blood mononuclear 

cells in response to a certain volume of supernatant M. tb suspensions significantly decreased when the 

exposure level of diesel exhaust particle (DEP) was ≥50 mg/ml, while there were no significant declines 

of these cytokines at DEP concentrations of <50 mg/ml, compared with unstimulated peripheral blood 

mononuclear cells (Sarkar et al. 2012).  

We found that the 95th and 97.5th percentiles of PM10 and PM2.5 were associated with increased 

numbers of TB cases notified. Few studies have observed significant associations between long-term 

exposure to PM10 and the risk of TB in previous studies (Alvaro-Meca et al. 2016; Lai et al. 2016; Smith 

et al. 2016). One study conducted by Lianyungang found a significant association between PM10 and the 

risk of active TB using weekly data (Li et al. 2019). Another study in North Carolina revealed a 

significant association between PM10 with TB progression only in a univariate analysis (Smith et al. 

2014). These studies indicated a potential link between long-term exposure to PM10 and TB risk. 

However, the relationship between long-term exposure to PM10 and the number of TB cases notified 
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requires further examination. For PM2.5, a number of ecological studies revealed significant associations 

between long-term exposure to PM2.5 and TB risk (Liu et al. 2018; You et al. 2016). For example, a study 

in Hong Kong and Beijing found that each 10 μg/m3 increase in PM2.5 during winter months was 

significantly associated with a 3% increase in the number of TB cases notified over the next 3–6 months 

(You et al. 2016). The finding in this study may add to the evidence that long-term exposure to higher 

concentrations PM2.5 may increase the risk for TB cases. 

We also found that the overall cumulative numbers of TB cases notified increased by more than 

twice for the 97.5th percentiles of CO (1.2 mg/m3) compared with 0.1 mg/m3, and lag-specific association 

between the 97.5th percentile of CO and the numbers of TB cases notified occurred at lag 3 and lag 8–

10 months. Other studies have also indicated associations between exposure to CO and TB-related 

outcomes. For example, a nested case-control study in Northern California revealed an increased odds 

ratio of pulmonary TB for the highest quintile (vs. lowest) of ambient CO in a single-pollutant model 

(Smith et al. 2016). A study in Jinan revealed an association of CO exposure at a moderate level (1.2–1.6 

mg/m3) within a 3-month exposure window and at a high level (>1.6 mg/m3) within a 9-month exposure 

window, with an increased risk of newly diagnosed TB, compared with an exposure level of CO <1.2 

mg/m3 (Liu et al. 2018). At present, the underlying mechanism of the association between long-term 

exposure to CO and TB risk is yet to be determined. But a mouse experiment revealed that mRNA 

expression levels of proinflammatory cytokines (such as IL-1β and IFN-γ) and cell signaling enzymes 

associated with M. tb infection control had gradually decreased, after exposure to diesel exhaust 

(including CO) for 6 months, which indicated that long-term exposure of diesel exhaust gas might 

weaken the immunity of the body against M.tb (Hiramatsu et al. 2005). 

Importantly, for PM10 and PM2.5, most of the TB cases notified (>60%) during the study period 

were attributed to exposure to pollutant concentrations above their 95th percentiles. In addition, the 

exposure-response curve indicated that TB notification rates attributed to ranges above the 97.5th 

percentiles of CO accounted for most of its TB notification rates. The findings indicated that the impacts 

of long-term exposure to air pollution on the number of TB cases notified may be contributed by exposure 

to air pollution at a high level, especially at an extra high level, which means that for people living in 

heavily polluted areas, exposure to air pollution at high levels may increase the TB burden there. For the 

attributable risk of TB by air pollution, only one study conducted in Taiwan using a Bayesian-based 

probabilistic risk-assessment model revealed an 80% probability that exposure to CO contributed to 

1.6%–12.2% of incident TB cases (Lin et al. 2019). However, our findings were not comparable to theirs 

due to differences in the study design and analytical method. Therefore, more studies on the risk of TB 
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attributed to air pollution are warranted in the future. 

For TB patients, there is often some delayed time intervals from the point of infection with M. tb 

and the initial visit for TB diagnosis. On one hand, it takes time for TB patients to develop clinical 

symptoms due to M. tb infection, which is referred to as the incubation period of TB. And the TB 

incubation period may vary from several weeks to many years (Rangaka et al. 2015). On the other hand, 

there are often delays in the diagnosis of TB. A population survey in Hong Kong found that the median 

of intervals between initial symptoms and initial treatment of TB patients was 49 days (Leung et al. 2007). 

Considering the two time intervals above, the lag-specific associations between the 97.5th percentiles of 

PM10, PM2.5, and CO and the number of TB cases notified during lags of 0–1 months or at lag 3 month 

may indicate that exposure to high concentrations of air pollutants during a period of time before 

diagnosis may reduce host resistance to M. tb and aggravate the symptoms for those who have been 

infected with TB for some time, thus increasing the likelihood of their visits. The lag-specific associations 

between the 97.5th percentiles of three air pollutants and the number of TB cases notified also appeared 

at lag 11–18, lag 7–18, or lag 8–10 months, which may indicate that exposure to high concentrations of 

air pollutants may reduce the immunology of the human respiratory system, increasing host susceptibility 

to developing TB, even when considering the lag error due to the delayed diagnosis of TB; this could 

mean that long-term exposure to air pollution at higher levels in Hong Kong may be a risk factor for the 

development of TB. 

Furthermore, there were some biological plausibility underlying the association between air pollution 

and TB cases notified. In terms of the source and route of transmission, air pollutants may indirectly 

affect TB transmission and disease development through other factors. M. tb droplet nuclei can be easily 

transmitted through cough (Turner and Bothamley 2015). Previous epidemiological studies and 

experimental exposure research indicated that exposure to nitrogen dioxide, particulate matter, and other 

air pollutants had deleterious effects on the progression of respiratory diseases and were correlated with 

cough (Zhang et al. 2015). Therefore, exposure to air pollution at a higher level may induce cough in 

patients with active TB, which may generate a greater amount of M. tb droplet nuclei in the surrounding 

air, thus increasing the possibility of infecting susceptible people in the surrounding area. From the 

perspective of host factors, air pollutants may increase host susceptibility to M. tb infection by reducing 

host resistance to M. tb. A series of toxicological experiments revealed that exposure to atmospheric 

pollutants, especially particulate matter, can promote the growth of M. tb by altering the levels of host 
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systemic and local proinflammatory cytokines or reducing host immune response against M. tb (D'Amato 

et al. 2010; Rivas-Santiago et al. 2015). 

Strengths and limitations 

The major advancements achieved by this study was determining the MTNCs of PM10, PM2.5, and 

CO in Hong Kong based on the DLNM, helping separating the attributable components that are related 

to different concentration ranges and identifying specific concentration ranges with significant impacts 

on the number of TB cases notified. From a forward perspective (Gasparrini and Leone 2014) , the burden 

of TB cases notified may increase in the following 0.5 year to 1.5 years when monthly PM10, PM2.5, and 

CO concentrations exceeded their 95th or 97.5th percentiles. Second, by considering the median 

incubation period of TB, this study extended the maximum lag to 18 months, thereby reflecting the 

exposure-lag-response relationship between long-term exposure to air pollution and the number of TB 

cases notified. Nevertheless, this study had some limitations. First, by using the monthly aggregate-level, 

but not the individual-level, pollution exposure, there is a possibility of introducing exposure 

misclassification. As the actual individual exposure levels of air pollutants are related to many factors, 

such as season, meteorological factors, indoor ventilation conditions, individual time activity patterns, 

and so on (Chen et al. 2018), it is difficult to carry out direct measurements of the exposure levels of air 

pollutant for each individual at present. Therefore, more accurate individual exposure level can only be 

obtained using a more accurate individual-level exposure assessment method to further validate our 

conclusions. However, in a prospective cohort study in Hong Kong, the correlation between the annual 

PM2.5 concentrations obtained from the general monitoring stations and that predicted based on satellite 

data on dry days in the same 1×1 km grid from 1998 to 2010 was 0.625 (Qiu et al. 2018). The moderately 

correlation between air pollutant monitoring data obtained from air quality monitoring stations and the 

individual exposure level of air pollution obtained using more accurate individual exposure assessment 

method suggests that air quality monitoring data obtained from air quality monitoring stations, to some 

extent, can be used to evaluate the pollutant exposure characterization of subjects in this ecological study. 

Second, due to the inability to obtain the number of incident TB cases, we used the number of TB cases 

notified instead. Given that possible delays may exist between the occurrences and the reports of TB 

cases, this study cannot reveal the relationship between air pollution and the risk of TB incidence. Third, 

the number of observations in the time series of this study was small, which may limit statistical power 

to a certain extent. Last, since no individual-level demographic and sociological data, such as age, gender, 
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and smoking status, were obtained, the conclusions of this study may be affected by these potential 

confounding factors. In addition, according to the available data from the Hong Kong TB and Chest 

Services Health Facility (Department of Health, 2013),76.2% TB cases for presentation at chest clinics 

were due to TB symptom and only 4.5% TB cases for presentations were incidental to other illness, 

except for 14.9% TB cases with unknown causes. So we cannot exclude a small proportion of 

coincidental diagnoses of TB due to other respiratory conditions. However, as the ecological study is 

often used to explore an etiological clue from many factors, and it can only provide an etiological clue 

and generate a hypotheses about etiological factors, our ecological study can to a large extent provide an 

etiological clue about the association between exposure to air pollution and the number of TB cases 

notified. 

Conclusions 

In summary, monthly PM10, PM2.5, and CO at concentrations higher than their respective MTNCs 

were associated with increases in the number of TB cases notified in Hong Kong during the 18-month 

lags. Therefore, reducing the concentrations of air pollutants to certain levels may help reduce the TB 

notification rates in this region. 
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Table 1  Summary statistics of monthly TB notifications, air pollution and 

meteorological variables in Hong Kong, 1999-2018 

Variable Mean ± SD Min P5 P25 P50 P75 P95 Max 

The number of TB notifications  461.7 ± 101.0 274.0 335.0 384.0 437.5 527.8 665.2 735.0 

Air pollutants           

PM10 (μg/m3) 47.4 ± 17.5 17.0 22.0 33.0 46.0 60.0 77.0 97.0 

PM2.5 (μg/m3) 32.5 ± 13.8 9.0 13.0 22.0 30.0 42.3 58.0 71.0 

SO2 (μg/m3) 15.5 ± 6.3 6.0   7.0 11.0 14.5 20.0 26.0 46.0 

NO2 (μg/m3) 54.7 ± 11.9 28.0 37.0 46.0 54.0 64.0 76.0 86.0 

NOX (μg/m3) 103.6 ± 25.9 48.0 65.0 84.0 102.5 120.0 146.3 200.0 

CO (mg/m3) 0.7 ± 0.2 0.1  0.4  0.6 0.7  0.9  1.1  1.9 

Meteorological factors           

Mean temperature (°C) 23.5 ± 4.7 13.3 16.1 19.0 24.7 28.0 29.2 29.8 

Mean relative humidity (%) 78.3 ± 5.6 64.5 66.0 75.0 80.0 82.0 85.1 89.0 

Mean air pressure (hPa) 1012.8 ± 5.6 1003.0 1004.4 1007.5 1013.2 1017.7 1020.9 1022.0 

Mean wind speed (m/s) 22.9 ± 3.9 12.8 17.1 20.1 22.7 25.6 29.1 32.9 

Total rainfall (mm/month) 205.2 ± 227.4 0.0 2.8 31.2 116.9 321.4 584.0 1346.1 

Total sunshine duration (hr/month) 151.7 ± 48.3 31.8 77.2 119.6 150.3 189.6 226.5 293.6 

Note: SD, standard deviation; Min, minimum; Max, maximum. P5, P25, P50, P75, and 

P95 are the 5th, 25th, 50th, 75th and 95th percentiles of variables, respectively. 
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Table 2  Percent changes in the number of TB notifications at the 95th and 97.5th 

percentiles of air pollutant concentrations in the single-pollutant model (ER and 95% 

CI) 

Air pollutants 
MTNCs P95 

(μg/m3) 

P97.5 

(μg/m3) 

Excess risk (95% CI) 

Percentile Concentrations (μg/m3) P95 VS the MTNCs P97.5 VS the MTNCs 

PM10 71.3 58.3 (17.0,64.9) 77.0 81.1 76.93(13.08,176.83) 137.67(24.19,354.86) 

PM2.5 73.7 41.7 (9.0,45.3) 58.0 61.0 88.81(26.09,182.71) 145.07(40.93,326.18) 

CO 0.1 0.1(0.1,1.0) 1.1 1.2 84.49(-22.66,340.07) 233.43(13.56,879.03) 

Note: MTNCs, minimum TB notification concentrations. 
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Table 3 The number and attributable fractions of TB notified attributed to concentration 

ranges above the MTNCs and the 95th and 97.5th percentiles of air pollutants in the 

single-pollutant model  

Air Pollutants Indicators Above P97.5 Above P95 Above MTNCs 

PM10 Number 2437 4238 8131 

 
f-AF(95% eCI) 3.38(0.93,5.61) 5.53(1.2,8.95) 9.05(2.18,15.45) 

PM2.5 Number    2652 4270 6931 

 
f-AF(95% eCI) 4.73(1.87,7.15) 6.68(2.71,10.16) 9.27(3.35,15.05) 

CO Numbers 3495 5685 54638 

 
f-AF(95% eCI) 3.34 (0.29,5.83) 5.80(-0.17,10.86) 49.66(-20.51,79.93) 

Note: MTNCs, minimum TB notification concentrations. 
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Fig 1 Overall cumulative exposure-response relationship between (a) PM10, (b) PM2.5, (c) SO2, (d) NO2, 

(e) NOX ,and (f) CO and the number of TB cases notified and distributions of air pollutants. Histograms 

represent the distributions of air pollutant concentrations, and three dashed lines represent the minimum 

TB notification concentrations,the 95th and 97.5th percentiles of air pollutantion, respectively. Blue solid 

line of the bar graph represents the relative risk (RR), and gray shaded area represents 95% CI. 
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Fig 2 Lag-specific percentage changes in the number of TB cases notified for high levels and extremely 

high levels of air pollutants. (a) The 95th percentiles and (b) the 97.5th percentiles of air pollutants. Solid 

points represent excess risk and vertical line length represents 95% CI. 
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Supplementary methods 

 
Fig S1 ArcGIS map of distributions of air quality and weather monitoring 

stations and population density in Hong Kong.Green circle and red triangle 
indicate the general and roadside air quality monitoring stations, respectively. 

Blue plus indicates the weather monitoring station. 
 
Distributed lag nonlinear model (DLNM) 

The association between air pollution and TB cases notified was initially examined 
by fitting a standard time-series regression model using a general Poisson generalized 
linear model (GLM)(Peng and Dominici 2008). Several previous studies have revealed 
that nonlinear lag association between exposure to air pollution and TB cases (Wang et 
al. 2019; Xu et al. 2019; You et al. 2016); therefore, a DLNM (Gasparrini et al. 2010) 
was incorporated into the Poisson GLM to explore the bi-dimensional exposure-lag-
response relationship. As overdispersion was detected in the model, a quasi-Poisson 
regression model was adopted to allow for overdispersion. Hence, a standard quasi-
Poisson GLM combined with DLNM was applied using monthly average of each 
pollutant concentration and monthly number of TB cases notified in Hong Kong from 
1999 to 2018. Suppose that Yt represents the number of TB cases notified in Hong Kong 
during each calendar month t ∈ (1,2, …, 12) and follows a Poisson distribution by Yt 
| μt ~ POI(μt), where μt is the expected value of Yt, and the formula used to estimate the 
relationship between air pollution and the number of TB cases notified at each single-
month lag in the single-pollutant model was as follows:  

Yt ~ Poisson (μt), 
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Log (μt) = α + βAPt,ℓ + γTPt,,ℓ + ns (humidity, 3) + ns (wind, 3) + ns (sunshine, 3) 
+ ns (time, 7) + δyear + ε Spring-Festival + autoregressive term + offset 

= α+βAPt,ℓ+COVs                                              (1) 
where α is the intercept; APt,ℓ is a matrix obtained by applying the DLNM to each air 
pollutant (AP), and ℓ is the maximum lag.  

The modeling framework of DLNM was based upon the definition of a cross-basis 
obtained by a combination of two functions to flexibly model the nonlinear or linear 
exposure-response and lag structure of the relationship (Gasparrini 2014). The standard 
exposure-response function f(x) was then defined to describe the risk, which, in turn, 
determined the potentially nonlinear exposure-response relationship along the 
dimension of air pollutant concentrations, while the function w(ℓ) was used to specify 
the lag-response relationship, which was related to the weights given to the exposure 
of air pollution at different lags. Their combination into a bi-dimensional exposure-lag-
response function f⋅w(x,ℓ) through a cross-basis was defined to flexibly model both the 
intensity and timing of past exposures. In this study, natural cubic spline functions were 
used to model both the nonlinear air pollution-TB notification relationship and the lag-
response relationship (Guo et al. 2011). In order to build the best combination of the 
cross-basis function of pollution and the lags in the two natural cubic splines of APt ,ℓ, 
the number of knots for each dimension was chosen on the basis of the smallest quasi-
Akaike’s information criterion (QAIC) (Gasparrini et al. 2010; Peng et al. 2005).We 
placed spline knots at equally spaced percentiles of pollution concentrations to allow 
sufficient flexibility at both ends of pollution concentration distributions. Similarly, we 
laid spline knots at equally spaced lags on log10 scales in order that enough lag effects 
were allowed at shorter lags (Guo et al. 2014). As for the max lag of the model, the 
median incubation period for TB was 15.38 months according to a molecular 
epidemiological study (Borgdorff et al. 2011) and the median of intervals between 
initial symptoms and initial treatments of TB patients was 49 days (25th to 75th 
percentile: 20–80 days) shown in a population survey in Hong Kong (Leung et al. 2007), 
so the maximum lag of the model can last as long as 18 months. Referring to a previous 
study in which the delayed effects of some air pollutants on TB cases could be as long 
as 18 months (Yao et al. 2019), the maximum lag of 18 months was finally determined 
via exploratory analyses. In addition, the median air pollution concentrations were set 
as references to calculate the relative risks, and this initial selection was based on the 
following two considerations. First, median is an appropriate index that reflects the 
average level of air pollutants due to the asymmetrical distributions of some air 
pollutants. Referring to the medians of air pollutants can help us easily examine risk of 
TB cases notified under high or extremely high levels of air pollutants, which can 
provide evidence for guiding residents’ activities against TB under extreme pollution 
conditions, as well as improving air quality management. Second, choosing medians as 
reference levels is a widely-used analytical technique appeared in numerous studies 
(Guo et al. 2011; Xiao et al. 2017). 

Several covariates were incorporated into the main model: (a) A categorical variable 
“year” with a natural cubic spline of the calendar month with 7 degrees of freedom (df) 
based on the minimum Akaike information criterion (AIC) (Peng et al. 2005) to control 
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for long-term and seasonal trends of the number of TB cases notified. (b) A factor 
variable “Spring festival” was utilized to exclude the confounding effects caused by 
delayed initial outpatient visits or TB diagnosis during the months of the Spring Festival 
in China (Luo et al. 2014). c) A cross-basis function of mean temperature (TPt,l) was fit 
using the double natural cubic spline DLNM to control for its potential nonlinear and 
lagged confounding effects, and its cross-basis types and numbers and placements of 
knots in the cross-basis function were determined using the same method as used to 
determine the air pollutant (APt,ℓ). (d) A natural cubic spline function was implemented 
with a priori 3 df to control for the effects of monthly mean relative humidity, mean 
wind speed, and total sunshine duration. The priori 3 df is a widely-used parameter 
setting to control for potential confounding effects by meteorological factors in the 
previous studies (Di et al. 2017; Zhao et al. 2018). (e) To account for autocorrelations 
in residuals, we included autoregressive terms of monthly TB cases at lag 1-3 into the 
model based on partial autocorrelation function plots (Fig S2). Autoregressive terms 
were then incorporated into the model in a logarithm scale to better match the 
mechanism of infectious disease transmissions (Imai et al. 2015). f) A logarithm of the 
average total population based on data obtained from the annual census data from 1999 
to 2018 (Census and Statistics Department, 2018) was included in the model to control 
for changes in the size of the population. As strong correlations between monthly mean 
temperature and mean air pressure (r = - 0.92) and between monthly mean temperature 
and total rainfall (r = 0.61) were observed in the initial analysis (Table S1), monthly 
mean air pressure and total rainfall were finally excluded from the final models to avoid 
collinearity. Finally, the parameters of the knots in the double natural cubic splines of 
each combination of air pollutant and mean temperature with best fitting were 
determined and were shown in Table S2.  
  

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/autocorrelation
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Fig S2. Partial autocorrelation function (PACF) of the initial DLNM of each air 
pollutant 

Unlike non-infectious diseases, strong autocorrelations in the residuals can be 
observed in the time series models of infectious diseases even after long-term 

trends and seasonality have been controlled in the models due to their 
transmissibility (Cameron and Trivedi 2013; Imai et al. 2015). As shown in Fig 
S2, after long-term trends and seasonality have been adjucted for by the time 
splines, the autocorrelation plot of residuals based on the overall time series of 

the number of TB cases notified in Hong Kong still shows strong 
autocorrelations at lag 1-3. The autocorrelation plots suggest that the 

autoregressive terms of lag 1-3 should be incorporated in the model to adjust for 
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most part of the autocorrelations (Imai et al. 2015). 
Table S1. Spearman correlation coefficients between the number of TB cases notified, 
air pollutants and meteorological indicators  

Variable TB PM10 PM2.5 SO2 NO2 NOX CO Temp Humi Press Wind Rain Sun 

TB cases  1.00 a 0.10 0.13 0.63 a 0.08 0.46 a 0.02 0.24 b 0.10  -0.31 a -0.13 0.21 0.08 

PM10  1.00 a 0.98 a 0.42 a 0.91 a 0.60 a 0.72 a -0.70 a -0.61 a 0.72 a 0.38 a -0.73 a 0.04 

PM2.5   1.00 a 0.50 a 0.91 a 0.62 a 0.73 a -0.66 a -0.58 a 0.68 a 0.33 a -0.68 a 0.05 

SO2    1.00 a 0.41 a 0.69 a 0.25 b -0.04 -0.10 -0.04 -0.19 -0.03 0.15 

NO2     1.00 a 0.74 a 0.76 a -0.71 a -0.52 a 0.69 a 0.26 b -0.66 a -0.05 

NOX      1.00 a 0.60 a -0.49 a -0.13 0.36 a -0.02 -0.32 a -0.18 

CO       1.00 a -0.76 a -0.39 a 0.73 a 0.43 a -0.67 a -0.20 

Temperature        1.00 0.32 a -0.92 a -0.53 a 0.74 a 0.42 a 

Humidity        1.00 a -0.53 a -0.41 a 0.61 a -0.55 a 

Pressure         1.00 0.56 a -0.82 a -0.19 

Wind           1.00 a -0.43 a -0.10 

Rainfall             1.00 -0.04 

Sunshine                       1.00 a 

Note: a P < 0.001； b P < 0.05. 
Note: The correlation analysis suggested a strong negative correlation between monthly 
mean temperature and mean air pressure (average coefficient: −0.92) and a strong 
positive correlation between monthly mean relative humidity and total rainfall (average 
coefficient: 0.61) in Hong Kong. To avoid collinearity, monthly mean air pressure and 
total rainfall were excluded from the final model. 
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Table S2. Knots of temperature and air pollutants in the spline functions in the double 
natural cubic spline DLNM with the best fitting goodness 

Major 
exposure 

Maximum lag 
(months) 

Number of knots 
Air 
pollutants  

Lags of 
pollutants Temperatures 

Lags of 
temperature 

PM10 18 2 2 3 6 
PM2.5 18 2 2 3 2 
SO2 18 2 2 3 6 
NO2 18 2 2 3 6 
NOX 18 2 2 2 2 
CO 18 2 6 2 2 

Note: Natural cubic spline functions were used to model both the nonlinear air 
pollution-TB notification relationship and the lag-response relationship in the cross-
basis function of DLNM for each air pollutant. The numbers of knots in this model for 
each air pollutant was determined based on the smallest AIC. Take the model of PM10 
as an example, spline knots were placed at equal spaces in the temperature range to 
allow enough flexibility in the two ends of temperature distribution, and 6 spline knots 
were laid at equal intervals in the log scale of its lags to allow for more flexible lag 
effects at shorter delays. Meanwhile, 2 spline knots were placed at equal spaces in the 
temperature range to allow enough flexibility in the two ends of temperature 
distribution, and 6 spline knots were laid at equal intervals in the log scale of lags to 
allow for more flexible lag effects at shorter delays.  
 
Attributable risks  

We conducted a forward perspective strategy to quantify the burden of TB cases 
notified attributed to air pollution exposure within the DLNM framework according to 
a previously described approach (Gasparrini et al. 2015; Gasparrini and Leone 2014). 
This approach assumes that the future risk at time t can be attributed to a series of 
current exposure events. The risk attributable to the exposure xt for a given time t in the 
series is defined as the number AN𝑥,𝑡 and fraction AF𝑥,𝑡 of cases experienced in the 
next L days, with L as the maximum lag. The forward fraction f-AF𝑥,𝑡 and attributable 
number  f-AN𝑥,𝑡 at time t can be expressed as: 

                          f-𝐀𝐅𝒙,𝒕= 1-exp (- ∑ β
𝒙𝒕,𝓵 

𝑳
𝓵=𝓵𝟎

)                                                              (𝟐)  

                 f-AN𝑥,𝑡 = f-AF𝑥,𝑡 ∑
𝑛𝑡+ℓ

𝐿 − ℓ0 + 1

𝐿

ℓ=ℓ0

                                                             (3) 

Here, 𝑛𝑡+ℓ is the number of cases at time 𝑡 + ℓ, and βx are the contributions from the 
exposure xt occurring at time t to the risk at times t+ℓ0, ... , t+L (Gasparrini and Leone 
2014). f-AN𝑥,𝑡  and f-AF𝑥,𝑡  are interpreted as the number of cases and the related 

fractions attributed to the exposures. Then the risk estimate ∑𝛽𝑥𝑡, 𝑙
is obtained by the 

best linear unbiased prediction of the overall cumulative exposure-response association, 
re-centered on the minimum TB notification concentrations (MTNCs). 

javascript:;
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The forward attributable numbers and attributable fraction of TB cases notified 
throughout lags of 18 months were calculated using this approach. We obtained the total 
number of TB cases notified attributed to concentration ranges above the MCTNs by 
summing the contributions from all the months in the time series and gained the total 
attributable fraction by dividing the total number of TB cases notified by the total 
number of attributable TB cases notified. We then empirically calculated the 
attributable fractions associated with high levels (the 95th percentiles) and extremely 
high levels (the 97.5th percentiles) of air pollution with references to the MTNCs by 
summing the subsets of months with relevant concentration ranges (that is, the MTNCs 
up to the 95th percentiles and the MTNCs up to the 97.5th percentiles), according to 
specific percentiles of concentration distributions. Finally, the empirical confidence 
intervals (eCI) were derived through the Monte Carlo simulation method (Gasparrini 
and Leone 2014). 
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Supplementary results  

 
Fig S3  Overall cumulative exposure-response relationship between a) PM10, b) PM2.5, 
c) SO2, d) NO2, e) NOX, and f) CO and the numbers of TB cases notified. The solid blue 
line indicates the relative risk (RR) and the gray shaded area indicates 95% CI. 
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Fig S4 Trends of monthly TB cases notified and air pollution concentrations in Hong 
Kong in 1999-2018. 
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Fig S5 Trends of monthly climate measures in Hong Kong in 1999-2018. 
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Table S3 Lag-specific percentage changes (excess risk with 95% confidence interval) in 
the number of TB cases notified for the 95th percentile of air pollutants over 18 months 
lags  

Lag(month) PM10 PM2.5 CO 
0 3.38(-0.07,6.95) 4.89(1.14,8.78) 9.26(-5.96,26.96) 
1 2.38(-0.64,5.48) 2.16(-0.20,4.58) 10.0(-5.35,27.85) 
2 1.73(-2.10,5.70) 0.44(-2.46,3.43) 12.98(-3.04,31.64) 
3 1.67(-2.51,6.03) 0.37(-2.97,3.82) 8.39(-5.04,23.71) 
4 1.99(-2.09,6.24) 1.31(-2.10,4.83) -0.91(-9.47,8.46) 
5 2.36(-1.61,6.50) 2.35(-1.13,5.96) -3.28(-11.95,6.25) 
6 2.68(-1.24,6.76) 3.20(-0.41,6.94) 0.08(-6.70,7.36) 
7 2.95(-0.92,6.96) 3.86(0.17,7.69) 3.06(-5.21,12.06) 
8 3.16(-0.61,7.07) 4.34(0.64,8.18) 4.51(-3.32,12.97) 
9 3.33(-0.28,7.07) 4.66(1.04,8.41) 5.03(-2.01,12.59) 

10 3.46(0.07,6.96) 4.83(1.39,8.39) 5.10(-1.97,12.69) 
11 3.55(0.46,6.74) 4.87(1.68,8.15) 4.80(-2.45,12.60) 
12 3.61(0.86,6.44) 4.79(1.92,7.74) 4.19(-3.01,11.92) 
13 3.64(1.26,6.09) 4.61(2.09,7.20) 3.31(-3.51,10.60) 
14 3.65(1.60,5.75) 4.36(2.14,6.62) 2.21(-4.02,8.84) 
15 3.65(1.83,5.49) 4.03(2.02,6.09) 0.95(-4.70,6.93) 
16 3.63(1.85,5.43) 3.66(1.65,5.71) -0.43(-5.84,5.28) 
17 3.60(1.61,5.62) 3.26(1.02,5.55) -1.88(-7.63,4.24) 
18 3.56(1.17,6.01) 2.84(0.19,5.56) -3.34(-10.0,3.80) 



 

Table S4 Lag-specific percentage changes (excess risk with 95% confidence interval) 
in the number of TB cases notified for the 97.5th percentile of air pollutants over 18 
months lags 
Lag(month) PM10 PM2.5 CO 

0 4.73(0.10,9.58) 6.96(2.09,12.06) 12.21(-5.46,33.18) 
1 4.49(0.16,9.01) 3.85(0.57,7.25) 16.66(-1.58,38.27) 
2 4.35(-1.30,10.32) 1.90(-2.11,6.08) 14.92(-3.19,36.43) 
3 4.36(-1.78,10.89) 1.79(-2.76,6.55) 16.77(0.60,35.53) 
4 4.48(-1.46,10.77) 2.82(-1.80,7.66) 1.90(-9.02,14.13) 
5 4.59(-1.16,10.68) 3.96(-0.77,8.92) -2.47(-13.26,9.66) 
6 4.69(-1.00,10.70) 4.87(-0.03,10.01) 4.80(-4.79,15.35) 
7 4.76(-0.87,10.71) 5.56(0.54,10.82) 10.06(-0.89,22.22) 
8 4.81(-0.71,10.63) 6.04(1.01,11.32) 11.03(1.11,21.93) 
9 4.83(-0.48,10.44) 6.33(1.42,11.48) 10.06(1.39,19.47) 
10 4.84(-0.17,10.11) 6.45(1.77,11.34) 8.84(0.29,18.13) 
11 4.84(0.22,9.67) 6.41(2.08,10.92) 7.58(-1.11,17.03) 
12 4.82(0.67,9.14) 6.24(2.34,10.29) 6.26(-2.27,15.54) 
13 4.79(1.15,8.55) 5.95(2.53,9.50) 4.92(-3.06,13.55) 
14 4.75(1.60,7.99) 5.57(2.58,8.65) 3.55(-3.57,11.18) 
15 4.70(1.91,7.56) 5.12(2.42,7.88) 2.16(-4.04,8.76) 
16 4.64(1.96,7.40) 4.61(1.96,7.33) 0.77(-4.89,6.76) 
17 4.59(1.65,7.60) 4.06(1.14,7.06) -0.62(-6.54,5.66) 
18 4.52(1.06,8.11) 3.50(0.07,7.05) -2.00(-8.97,5.51) 

 
 



 

Fig S6 The overall cumulative exposure-response relationship between a) PM10, b) 
PM2.5, or c) CO and the number of TB cases notified in two-pollutant models. The solid 
blue line indicates relative risk (RR) and the gray shaded area indicates 95% CI.
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Table S5 Percentage changes in the number of TB cases notified at 

95th and 97.5th percentiles of air pollutant concentrations in the 

two-pollutant models (ER and 95% CI) 

Main pollutants Model 
Excess risks (95% CI) 

P95 VS the MTNCs P97.5 VS the MTNCs 
PM10 + SO2 66.53(6.94,159.31) 121.51(15.4,325.22) 

 + NO2 72.96(11.15,169.15) 133.02(21.25,347.82) 
 + NOX 74.00(11.83,170.71) 136.13(23.23,352.45) 
 + CO 114.66(30.61,252.79) 207.02(52.26,519.11) 

PM2.5 + SO2 73.37(16.15,158.78) 118.17(25.58,279.04) 
 + NO2 88.33(25.08,183.56) 142.95(38.92,324.90) 
 + NOX 80.38(20.84,169.26) 129.70(32.49,298.22) 
 + CO 103.34(29.65,218.91) 167.27(46.93,386.18) 

CO + PM10 79.20(-25.7,332.20) 226.92(9.350,877.36) 
 + PM2.5 82.01(-24.57,339.22) 236.73(13.01,903.36) 
 + SO2 89.69(-21.75,359.84) 243.74(10.97,964.72) 
 + NO2 82.51(-24.03,338.45) 236.28(13.49,896.42) 
 + NOX 86.58(-22.33,348.21) 214.30(5.66,834.95) 

Note: MTNCs, minimum TB notification concentrations. 
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Table S6 Numbers and attributable fractions of TB cases notified 

attributed to concentration ranges above the MTNCs, the 95th and 

97.5th percentiles of air pollutant concentrations in the two-

pollutant models. 

Main pollutants Model Indicators Above P97.5 Above P95 Above the MTNCs 
PM10 + SO2 Number 2368 4052 7315 
  f-AF(95%CI) 3.20(0.53,5.56) 5.17(1.26,8.85) 8.07(0.73,13.90) 
 + NO2 Number 2427 4190 7753 
  f-AF(95%CI) 3.36(0.85,5.60) 5.45(1.47,9.16) 8.63(1.62,14.73) 
 + NOX Numbers 2447 4227 7784 
  f-AF(95%CI) 3.43(1.07,5.60) 5.54(1.45,9.19) 8.74(2.32,14.69) 
 + CO Number 2672 4820 10307 
  f-AF(95%CI) 4.15(1.69,6.50) 6.91(2.66,10.73) 11.99(3.89,18.69) 
PM2.5 + SO2 Number 2490 3955 6217 
  f-AF(95%CI) 4.18(1.11,6.90) 5.90(1.64,9.35) 8.12(2.22,13.12) 
 + NO2 Number 2635 4246 6984 
  f-AF(95%CI) 4.66(1.78,7.22) 6.61(2.53,10.28) 9.28(2.98,14.26) 
 + NOX Number 2562 4099 6590 
  f-AF(95%CI) 4.41(1.27,7.05) 6.25(2.43,9.98) 8.69(2.99,14.17) 
 + CO Numbers 2742 4476 7728 
  f-AF(95%CI) 5.05(2.01,7.80) 7.19(2.88,11.1) 10.37(3.06,16.76) 
CO + PM10 Number 3482 5619 52460 
  f-AF(95%CI) 3.29(0.23,6.04) 5.67(-0.89,10.82) 47.68(-29.79,77.78) 
 + PM2.5 Number 3510 5683 53930 
  f-AF(95%CI) 3.38(0.27,5.92) 5.80(-0.37,10.73) 49.07(-30.14,79.09) 
 + SO2 Number 3518 5763 55981 
  f-AF(95%CI) 3.41(0.13,6.13) 5.96(-0.89,11.36) 50.84(-13.13,79.91) 
 + NO2 Number 3508 5685 54213 

  f-AF(95%CI) 3.38(0.39,6.18) 5.83(-0.03,11.21) 49.31(-27.99,78.92) 
 + NOx Number 3425 5607 56945 
  f-AF(95%CI) 3.17(0.17,5.74) 5.63(-0.49,10.76) 51.69(-21.53,80.66) 

Note: MTNCs, minimum TB notification concentrations. 
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Fig S7 The overall cumulative exposure-response relationship between a) PM10, b) 
PM2.5, and c) CO and the number of TB cases notified with 7 df and 8 df of the time 
splines. The solid blue line indicates relative risk (RR) and the gray shaded area 
indicates 95% CI. 
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Fig S8 The overall cumulative exposure-response relationship between a) PM10, b) 
PM2.5, and c) CO and the number of TB cases notified with 3 df and 4 df of the splines 
for meteorological variables. The solid blue line indicates relative risk (RR) and the 
gray shaded area indicates 95% CI. 
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