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Abstract 14 

Background: On December 30th, 2013, the Hong Kong government implemented the Air 15 

Quality Health Index (AQHI) to reduce short-term impacts of air pollution on the population. 16 

However, whether air quality alert programs, such as the AQHI, reduce morbidity is still 17 

questionable. Using a quasi-experimental design, we conducted the first evaluation of the AQHI 18 

in Hong Kong focusing on respiratory morbidity. 19 

Method: Interrupted time series with Poisson segmented regression from 2010 to 2016 were 20 

used to detect any sudden or gradual changes in emergency respiratory hospital admissions, 21 

adjusted for air pollutants (NO2, SO2, PM10, O3), temperature and humidity, when the AQHI 22 

policy was implemented. Findings were validated using three false policy periods. We also 23 

assessed changes by specific respiratory diseases (respiratory tract infections (RTI), asthma, 24 

chronic obstructive pulmonary disease and pneumonia) and by age.  25 

Results: From January 1st, 2010- December 31st, 2016, 10576.98 deseasonalized, age- and sex-26 

standardized hospital admissions for respiratory diseases occurred in Hong Kong. On 27 

implementation of the AQHI, RTI admissions immediately dropped by 14% (relative risk (RR) 28 

0.86 95% confidence interval (CI) 0.76-0.98). In age specific analysis, immediate reductions in 29 

hospital admissions, were only apparent in children for RTI (RR 0.84, 95% CI 0.74-0.96) and 30 

pneumonia (RR 0.88, 95% CI 0.60-0.96).   31 

Conclusion: Hong Kong’s AQHI helped reduced hospital admissions in children, particularly 32 

for RTI and pneumonia. To maximize the health benefits of the policy, at risk groups need to be 33 

able to follow the behavioral changes recommended by the AQHI index. 34 

 Keywords: AQHI; Respiratory diseases; Interrupted time series;Segmented regression  35 
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1. Introduction  37 

Air pollution is a major risk factor for chronic respiratory diseases (World Health Organization 38 

2017a) affecting hundreds of millions of people on a daily basis (World Health Organization 39 

2017b). In 2016 the World Health Organization (WHO) reported air pollution to be responsible 40 

for 4.6 million premature deaths with 18% being from respiratory diseases(World Health 41 

Organization 2016). Numerous observation studies in both developing and developed countries 42 

have shown air pollution associated with hospital admissions for respiratory diseases (Wong et 43 

al. 1999; Medina-Ramón, Zanobetti, and Schwartz 2006; Wang et al. 2012; Tao et al. 2014a). 44 

Air pollution exacerbates respiratory conditions in “at risk” populations, such as seniors ≥ 65, 45 

young children and persons with preexisting respiratory conditions. For example, based on a 46 

study conducted in eight European cities, hospital admissions for chronic obstructive pulmonary 47 

disease (COPD) plus asthma and total respiratory disease for the elderly (65+), increased by 48 

1.0% and 0.9% for every 10μg /m3 increase in particulate matter with aerodynamic diameter ≥10 49 

(PM10) (ATKINSON et al. 2001). In addition, hospital admissions for asthma were slightly 50 

higher in younger children (0-14) (1.2% change in hospital admission per 10 μg /m3 increase in 51 

PM10) (ATKINSON et al. 2001). 52 

 53 

Due to rapid industrialization and economic growth, air pollution has become a major public 54 

health issue in China (Xu et al. 2016), with levels of some pollutants well above those generally 55 

seen in Western settings(Wong, Tam, and Yu 2002). With an increasing number of vehicles on 56 

the road and emissions from industrial activities, Chinese cities are now experiencing very poor 57 

air quality, to the point where it reduces visibility(Zhang and Samet 2015).  Numerous studies 58 

have shown air pollution in major cities, such as Beijing and Hong Kong, is so severe— it has 59 

now become a major threat to the human health and well-being.  (Wong et al. 1999; Xiong et al. 60 

2015) (Wong et al. 2002; Tao et al. 2014b). 61 

Clearly the long-term solution is inter-governmental action to improve air quality, meanwhile in 62 

the short-term, to mitigate public health issues arising from poor air quality, globally, 63 

governments have implemented air quality alert programs. These programs advise the public to 64 

take precautions when air quality is poor. Despite their popularity, how successful air quality 65 

alert programs are at reducing morbidity and mortality is still questionable. Previous evaluations 66 

of air quality alert systems have been conducted with some studies finding them to be effective 67 

(Neidell 2010; Mullins and Bharadwaj 2014) while others found they have a limited effect on 68 

public health(Chen et al. 2018). Moreover, public response to these programs may be culturally 69 

or setting specific. Here, we took advantage of the introduction of Hong Kong’s air quality health 70 

index (AQHI) alerts ( December 30th
, 2013), aimed at the “at risk” population (seniors ≥65 years, 71 

young children, persons with preexisting respiratory and cardiovascular diseases) (EPD 2013a), 72 

to assess the effect of such a policy on respiratory diseases. The AQHI advises the public, 73 

including “at risk” populations, of the protective measures to take to reduce exposure to poor air 74 

quality (CHP 2014)(Table1.). The advice is regularly communicated via local newspapers, radio 75 

and television channels on an hourly basis (Environmental Protection Department. The 76 

Government of the Hong Kong Special Administrative Region. 2013). AQHI forecasts can also 77 

be sent to smartphones and desktop computers by through use of the AQHI “app” 78 

(Environmental Protection Department. The Government of the Hong Kong Special 79 
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Administrative Region. 2013). The majority of the Hong Kong population have access to these 80 

services. The AQHI has a 5-point scale low risk, moderate risk, high risk, very high risk and 81 

serious (CHP 2014; EPD 2013b) based on a 3 hour-moving average of a combination of air 82 

pollutants (nitrogen dioxide (NO2), sulfur dioxide (SO2), ozone (O3) and particulate matter (PM10 83 

or PM2.5))(EPD 2013b). Here, using a quasi-experimental design, we conducted the first 84 

evaluation of the AQHI to assess the effect on respiratory diseases, overall, by subtype and by 85 

age in the highly polluted mega-city of Hong Kong.  86 

 87 

2. Materials and Methods 88 

2.1 Study population 89 

The study population was the whole population of Hong Kong. Hospital admissions from 2010-90 

16 for all publicly funded hospitals in Hong Kong, accounting for 90% of hospital beds in Hong 91 

Kong (Tian et al. 2015; Wong et al. 1999), were obtained from the Hospital Authority for all 92 

respiratory diseases. Discharges are routinely coded based on International Classification of 93 

Diseases Ninth Revision (ICD9). The population was considered overall, and by age, as children 94 

(<20 years), adult (20-<65 years) and elderly (65+years) because of the different vulnerabilities 95 

of these age-groups. 96 

2.2 Outcomes 97 

Outcomes considered were hospital admissions for respiratory diseases (RDs), including all 98 

respiratory diseases (ICD9 460–519), respiratory tract infections (RTIs) (ICD9 460–478), asthma 99 

(ICD9 493), chronic obstructive pulmonary disease (COPD) (ICD9 491, 492, 496) and 100 

pneumonia (ICD9 480:486). Admissions were classified only on the principal discharge code. As 101 

a control outcome, we also considered mortality rates for injuries, poisonings and other external 102 

causes (S00-T98), because these would not be expected to respond to the AQHI. These mortality 103 

rates were obtained from the Hong Kong Census and Statistics Department from 2010-2015. 104 

 105 

2.2 Air pollutants and meteorological data 106 

Levels of air pollution (NO2, SO2, O3, PM10) were obtained from Hong Kong Environmental 107 

Protection Department (HKEPD) from January 2010-December 2016. Hong Kong has 16 fixed 108 

air pollution monitoring stations: 3 are roadside stations and the other 13 are general stations. 109 

Three of the general stations were excluded due to extensive missing data. The 10 monitoring 110 

stations are representative of Hong Kong’s population exposure because the majority of Hong 111 

Kong’s population lives within 5 kilometers of these stations (Huang, Leung, and Schooling 112 

2017). We obtained monthly mean pollution concentrations by averaging each pollution 113 

concentration across the 10-monitoring station. Monthly mean temperature and relative humidity 114 

were obtained from the Hong Kong Observatory from 2010-2016.  115 

 116 
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2.4 Study Design and Statistical Analyses 117 

To evaluate the effectiveness of the introduction of the AQHI in December 2015, we used an 118 

interrupted time series study with a Poisson segmented regression analysis from January 2010-119 

December 2016 to identify sudden and gradual changes in age-standardized hospital admissions 120 

for respiratory diseases (Nistal-Nuño 2017). Hospital admissions were age-and sex-standardized 121 

based on the WHO standard population. The seasonal trend was adjusted for by using the 122 

seasonal trend decomposition loess (STL) procedure, to retrieve the deseasonalized data prior to 123 

carrying out the segmented regression models (Cleveland et al. 1990; Jassim, Coskuner, and 124 

Munir 2018) .  125 

Deseasonalized, age-and sex-standardized respiratory hospitalizations (Yt) were regressed on 126 

time (see equation below). The mean number of hospitalizations at the beginning of the study 127 

period, baseline period, are represented as (β0). Trends over time are captured by (β1). The AQHI 128 

intervention is represented as (β2), it takes the value of 0 for the pre-intervention period, and 1 129 

for post intervention. Gradual changes were detected by including an interaction term between 130 

the policy and time (β3).  All other covariates adjusted for, i.e., air pollutants, temperature and 131 

humidity, are captured by β4.   132 

Yt = β0 + β1× timet +β2 × interventiont + β3 × time after interventiont   + β4 + εt (1) 133 

Residuals were plotted to check for over dispersion.  134 

Model validity was tested by implemented three false policy periods 6 months, 12 months and 24 135 

months before the intervention (Stallings-Smith et al. 2013).   136 

All statistical analysis were conducted using the software package R 3.4.2. 137 

Ethics 138 

For this entire study aggregated data were used, thus ethical approval is not required.  139 

3. Results 140 

The monthly mean respiratory hospital admissions overall and by disease are displayed in Table 141 

2. Monthly mean hospital admissions for all respiratory diseases were 125.9 with a standard 142 

deviation (SD) of 23.83. For individual respiratory diseases, pneumonia had the highest hospital 143 

admission (mean: 48.12; SD: 8.28) followed by RTIs (mean: 26.18; SD: 5.42).  On average, 144 

there were 23.70 (SD: 4.83) and 7.85 (SD: 1.37) hospital admissions per month, for COPD and 145 

asthma. Influenza had mean monthly hospital admissions of 23.45(SD: 4.95). NO2, SO2, PM10 146 

and O3 had monthly mean concentrations of 49.12 (SD:10.15), 11.27 (SD: 2.64), 41.88 (SD: 147 

16.84), 42.04 (SD: 12.73), respectively. Overall from January 2010 to December 2016 10576.98 148 

hospital admission for respiratory diseases occurred. 149 

Table 3 summarizes the immediate and gradual effects of the AQHI policy on respiratory 150 

diseases, illustrated in figure 1. Following the policy an immediate decrease was observed for 151 

RTIs, which fell 14% (relative risk (RR) 0.86 95% confidence interval (CI) 0.76-0.98), followed 152 

by a static trend (RR 1.00 95% CI 0.99-1.00). In contrast, no immediate or gradual decreases 153 
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were observed in hospital admissions for all respiratory diseases, COPD, asthma or pneumonia 154 

after implementation of the policy, although the estimate for overall respiratory admissions was 155 

RR 0.92, 95% CI 0.81-1.04, and for and pneumonia was RR 0.88, 95% CI 0.88-1.20. No gradual 156 

post policy change was evident for any disease considered. 157 

Age stratified estimates are displayed in table 4.  Post policy the only significant immediate 158 

decrease was detected in children (<20 years) for RTI and pneumonia hospital admissions.  In 159 

children RTI dropped by 16% (RR 0.84, 95% CI 0.74-0.96) and pneumonia by 24% (RR 0.88, 160 

95% CI 0.60-0.96) respectively (see supplementary Figures 3 & 4). An increasing annual trend 161 

was observed after the policy for both diseases.  In contrast, for all other diseases and age-groups 162 

considered no immediate decrease or changes in annual trend were observed after the AQHI 163 

policy was implemented. A non-significant reduction in respiratory diseases was only observed 164 

in children (<20 years) immediately after the policy implementation (RR 0.86, 95% CI 0.74-165 

1.00) (Figure 2). 166 

Using the false policy implementation dates of 6, 12 and 24 months before the policy, revealed 167 

no significant immediate or gradual decreases in hospital admissions for most diseases 168 

considered, except for COPD at a false period of 12 months (see supplementary Table 3) . 169 

Repeating the analysis for the control outcome of deaths from injuries and external causes gave 170 

no immediate changes when the AQHI policy was implemented (see supplementary Figure 5).  171 

 172 

4. Discussion 173 

Hong Kong’s AQHI policy implementation was associated with an immediate reduction in RTI 174 

hospitalizations, in particular for children but did not clearly affect respiratory disease 175 

hospitalizations overall, or hospitalizations for COPD, asthma and pneumonia. Our findings are 176 

somewhat consistent with other intervention studies evaluating air quality alert impacts in 177 

Canada (Chen et al. 2018) and the United States (US) (Neidell 2010).  Like our study, the study 178 

conducted in Canada did not observe any significant immediate or gradual declining changes for 179 

asthma or COPD hospital admissions after the implementation of the AQHI.  The US study 180 

(Neidell 2010) focused on the effect air quality alerts pertaining to ozone on outdoor activities 181 

but not health effects. They found children more responsive to air quality warnings (25% 182 

decrease in zoo attendance).   183 

Our findings add to the literature concerning the impact air quality alerts on respiratory diseases, 184 

particularly for RTI where published evidence is limited.  Air pollution is strongly associated 185 

with RTIs, particularly in children (Li et al. 2018; Darrow et al. 2014; Bono et al. 2016; Ghosh et 186 

al. 2012). Prior work done by researchers in Rome has demonstrated an association between NO2 187 

and O3 and hospital admissions for respiratory tract infections in children(Fusco et al. 2001). Out 188 

of all respiratory diseases, NO2 had a stronger effect on respiratory tract infections on same day 189 

lag period (lag0,4.0%increase) (Fusco et al. 2001). As such, any decline in RTI with the 190 

implementation of AQHI warnings is likely to be the result of caretakers —likely women, 191 

keeping children indoors in response to the AQHI warnings. Woman have a greater concern for 192 

the effects of air pollution on health, than men (Flynn, Slovic, and Mertz 1994; Lu 2015). The 193 

.CC-BY-NC-ND 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted January 26, 2019. ; https://doi.org/10.1101/529313doi: bioRxiv preprint 

https://doi.org/10.1101/529313
http://creativecommons.org/licenses/by-nc-nd/4.0/


sudden drop in pneumonia hospital admissions for children is consistent with the fall in RTI 194 

admissions. Air pollution is known to be associated with pneumonia hospital admissions in 195 

children (Negrisoli and Nascimento 2013; Souza and Nascimento 2016; Lv et al. 2017) 196 

Similar to other cities in the world (UK, Canada, U.S.A); Hong Kong’s AQHI policy alerts the 197 

public to risk and thereby promotes behavioral changes for “at risk populations” (Radisic and 198 

Newbold 2016). As such, health effects of the policy only occur if the population at risk changes 199 

its behavior in response to the information as well as the associated lower exposure reducing 200 

disease. A qualitative study done by Radisic and Newbold in 2016 concluded that proper 201 

adaption to the AQHI depended on knowledge about the AQHI and characteristics of the policy; 202 

and perception about air quality and health. People less educated about the AQHI were less 203 

likely to adopt the behavioral changes suggested by the policy, which may include the elderly 204 

(Radisic and Newbold 2016). Older people are most vulnerable to COPD and pneumonia but 205 

they may not respond immediately to new information (Radisic and Newbold 2016). This 206 

consideration may be particularly relevant in Hong Kong where a substantial proportion of older 207 

people are illiterate, and so may find it harder to access the AQHI. As for hospital admissions for 208 

asthma, these are less clearly linked to air pollution, given the mixed findings from previous 209 

studies (Schwartz 1996; Dab et al. 1996; Katsouyanni et al. 1997). Past studies have shown a 210 

stronger association of grass pollen (released before and during thunderstorms) with asthma 211 

hospital admissions than air pollution(Celenza et al. 1996; Davidson et al. 1996) (Gouveia and 212 

Fletcher 2000).  Furthermore, emergency hospital admission in Hong Kong consists of severe 213 

cases of asthma attacks.  The less severe cases are usually advised to be treated at private or 214 

public clinics and never recorded under hospital admissions dataset  because more likely the 215 

patient leaves immediately after medical care (Hospital Authority 2018). Asthma results for our 216 

study aligns with a recent air quality intervention study done in Canada that reported a 217 

significant drop in emergency admissions for asthma but none for hospital admissions (Chen et 218 

al. 2018).  Recently, in Hong Kong air pollution is not clearly linked to hospital admissions for 219 

asthma. 220 

To the best of our knowledge, this study is the first study to document the AQHI effect on 221 

respiratory diseases in Hong Kong. Another major key strength of our study, is the study design.   222 

The use of the interrupted time series analysis is known to be a very powerful evaluative design 223 

when randomized control studies are not feasible (Lopez Bernal, Cummins, and Gasparrini 224 

2016). The design allowed us to account for secular trends (Penfold and Zhang 2013). The use of 225 

a negative control outcome is also a strength of the study because it can be used to detect 226 

unknown time varying confounders, and thereby strengthens the validity of our findings. Our 227 

study also sheds some light on the potential effects AQHI may have on other respiratory diseases 228 

such as RTIs for which there is limited published evidence. Like all studies, we also have some 229 

weaknesses.  Firstly, ITS cannot be used to make causal inferences on an individual level due to 230 

the fact that we used aggregated data (hospital admissions) instead of individual data. However, 231 

the target of policy is population health, is assessed here. Secondly, our study included only 232 

hospital admissions and lacked numbers from other outpatient settings such as physician visits. 233 

However, in these circumstances it is particularly notable that we found an effect on RTIs. 234 

Thirdly, our study did not include a sex specific analysis, which may clarify whether there are 235 

sex-specific responses to health information. Future studies should assess sex-specific effects of 236 
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the policy. Lastly, response to an AQHI depends on the public both accessing the relevant 237 

information and being able to act on it. We do not have information about the level of awareness 238 

of the AQHI in the general population, nor do we know whether everybody was able to respond 239 

to the AQHI warnings. For example, people working in outdoor jobs might not be able to take 240 

the recommended action. Given, the effectiveness of the AQHI in our setting further research on 241 

awareness might inform the implementation of similar policies. Consideration should also be 242 

given to the feasibility of the population responding to AQHI warnings  243 

 244 

 245 

5. Conclusion 246 

The implementation of Hong Kong’s AQHI policy resulted in health benefits specifically a 247 

reduction in RTI and pneumonia hospital admissions amongst children. To maximize the health 248 

benefits of the policy, at risk populations need to be aware on the information, free to take the 249 

suggested actions and willing to do so. This study provides valuable information about the 250 

effectiveness of the AQHI to policy makers and may inform the decision to take further action if 251 

needed.  252 

 253 
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Fig. 1. Time series plot of monthly mean, age- and sex-standardised emergency hospital 
admissions: adjusted for; seasonality, air pollutants and time trend, for all and specific 
respiratory diseases in Hong Kong, 2010-2016. 
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Fig. 2. Time series plot of monthly mean, age- and sex-standardised hospital admissions, 
adjusted for; seasonality, air pollutants and time trend, for RTI, Pneumonia and respiratory 
disease, in Hong Kong, 2010-2016. 
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Table 1. Hong Kong Air Quality Health Index (AQHI) health risk categories(Environmental 
Protection Department The Government of Hong Kong SAR 2013) 
 
Health Risk 
Category 

AQHI  Health advice   

  Sensitive Population* Outdoor Workers General Public 

Low 1-3 Outdoor activities permitted Outdoor activities permitted Ideal for outdoor activities 
Moderate 4-6 Outdoor activities permitted Outdoor activities permitted Outdoor activities permitted 
High 7 Reduce outdoor activities and time 

spent outdoors, especially in areas 
with heavy traffic 

Outdoor activities permitted Outdoor activities permitted 

Very High 8-10 Reduce outdoor activities and time 
spent outdoors to a minimum, 
especially in areas with heavy 
traffic 

Employers should evaluate the 
risk of keeping their workers 
outdoor and implement 
preventive measures that would 
protect the health of their 
employees. 

Reduce outdoor activities 
and time spent outdoors, 
especially in areas with 
heavy traffic 

Serious 10+ Avoid all outdoor activities and 
time spent outdoors, particularly in 
areas with heavy traffic. 

Employers should evaluate the 
risk of keeping their workers 
outdoor and implement 
preventive measures that would 
protect the health of their 
employees. 

Reduce outdoor activities 
and time spent outdoors to a
minimum, especially in areas
with heavy traffic 

*Children and the elderly with existing respiratory conditions 
 
 
 
 
 
 
 
Table 2. Summary statistics for hospital admissions (counts per day) for respiratory diseases and 
covariates for the entire study period (2010-2016). 
 

 Mean SD Min 25th Med 75th Max 

Predicted variables        

Respiratory diseases 125.92 23.83 90.37 106.92 121.22 137.21 191.50 
RTI 26.18 5.42 17.75 22.55 24.94 28.60 41.65 

COPD 23.70 4.83 15.53 19.51 23.01 27.14 36.65 

Asthma 7.85 1.37 5.01 6.93 7.71 8.48 11.26 

Pneumonia 48.12 8.28 35.84 42.34 47.15 51.73 70.93 

Covariates†        
NO2(ug/m3) 49.12 10.15 28.61 41.70 48.90 55.23 71.53 
SO2(ug/m3) 11.27 2.64 6.68 9.54 10.79 12.69 19.82 

PM10(ug/m3) 41.88 16.84 16.5 27.66 39.84 53.84 84.21 
O3(ug/m3) 42.04 12.73 18.54 32.48 41.58 49.38 84.12 
RTI = Respiratory tract infection, COPD= Chronic obstructive pulmonary disease. 
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Table 3.  Approximation of immediate and gradual changes of respiratory diseases after implementation 
of the AQHI policy in a multivariate analysis†. 

 Diseases Immediate Effects Gradual Effects 

 RR (95% CI) RR (95% CI) 
All Respiratory diseases 0.92 (0.81-1.04) 1.00 (1.00-1.01) 
Respiratory tract infection 0.86 (0.76-0.98) 1.00 (0.99-1.01) 
COPD 0.97 (0.90-1.05) 1.00 (1.00-1.01) 
Asthma 1.03 (0.91-1.17) 1.00 (1.00-1.01) 
Pneumonia 0.88 (0.77-1.00) 1.01 (1.00-1.01) 
Injuries and External causes 1.36 (0.92-2.02)  0.96 (0.94-0.99)  
†Adjusted for seasonality, time trend, SO2, NO2, PM10, O3. 
‡Age standardized based on the World Standard Population. 
RTI = Respiratory tract infection, COPD= Chronic obstructive pulmonary disease. 
 

Table 4. Approximation of immediate and gradual changes for respiratory diseases by age category‡ post 
AQHI policy in a multivariate analysis†. 

 >20 Years  20-65 Years  < 65 Years  

Diseases  Immediate 
Effects 

Gradual Effects Immediate 
Effects 

Gradual Effects Immediate 
Effects 

Gradual Effects 

 RR (95% CI) RR (95% CI) RR (95% CI) RR (95% CI) RR (95% CI) RR (95% CI) 

All Respiratory  0.86 (0.74-1.00) 1.00 (1.00-1.01) 0.99 (0.88-1.11) 1.01 (1.00-1.01) 1.01 (0.91-1.13) 1.00(1.00-1.01) 
RTI 0.84 (0.74-0.96) 1.00 (0.99-1.01) 1.01 (0.86-1.19) 1.00 (0.99-1.01) 0.98 (0.80-1.21) 1.00 (0.99-1.00) 
COPD 0.46 (0.15-1.37) 0.97 (0.92-1.03) 1.04 (0.95-1.13) 1.00 (1.00-1.01) 0.96 (0.88-1.04) 1.00 (1.00-1.01) 
Asthma 1.07 (0.90-1.29) 1.00 (0.99-1.01) 0.94 (0.85-1.03) 1.00 (1.00-1.01) 0.99 (0.88-1.12) 1.00 (0.99-1.00) 
Pneumonia 0.76 (0.60-0.96) 1.01 (1.00-1.02) 0.90 (0.79-1.04) 1.01 (1.01-1.02) 1.00 (0.92-1.09) 1.00 (1.00-1.01) 

†Adjusted for seasonality, time trend, SO2, NO2, PM10, O3. 
‡Age standardized based on the World Standard Population. 
RTI = Respiratory tract infection, COPD= Chronic obstructive pulmonary disease. 
 

 

 

 

 

 

 

 

 

 

 

 

.CC-BY-NC-ND 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted January 26, 2019. ; https://doi.org/10.1101/529313doi: bioRxiv preprint 

https://doi.org/10.1101/529313
http://creativecommons.org/licenses/by-nc-nd/4.0/

