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A B S T R A C T   

The current estimations of the burden of disease (BD) of PM2.5 exposure is still potentially biased by two factors: 
ignorance of heterogeneous vulnerabilities at diverse urbanization levels and reliance on the risk estimates from 
existing literature, usually from different locations. Our objectives are (1) to build up a data fusion framework to 
estimate the burden of PM2.5 exposure while evaluating local risks simultaneously and (2) to quantify their 
spatial heterogeneity, relationship to land-use characteristics, and derived uncertainties when calculating the 
disease burdens. The feature of this study is applying six local databases to extract PM2.5 exposure risk and the BD 
information, including the risks of death, cardiovascular disease (CVD), and respiratory disease (RD), and their 
spatial heterogeneities through our data fusion framework. We applied the developed framework to Tainan City 
in Taiwan as a use case estimated the risks by using 2006–2016 emergency department visit data, air quality 
monitoring data, and land-use characteristics and further estimated the BD caused by daily PM2.5 exposure in 
2013. Our results found that the risks of CVD and RD in highly urbanized areas and death in rural areas could 
reach 1.20–1.57 times higher than average. Furthermore, we performed a sensitivity analysis to assess the un-
certainty of BD estimations from utilizing different data sources, and the results showed that the uncertainty of 
the BD estimations could be contributed by different PM2.5 exposure data (20–32%) and risk values (0–86%), 
especially for highly urbanized areas. In conclusion, our approach for estimating BD based on local databases has 
the potential to be generalized to the developing and overpopulated countries and to support local air quality and 
health management plans.   

1. Introduction 

The associations between exposure to ambient fine particulate mat-
ter (PM2.5, particles with aerodynamic diameters under 2.5 μm) and 
increased risks of adverse health effects such as premature death, car-
diovascular disease (CVD), and respiratory disease (RD) has been 
intensively investigated for decades (Apte et al., 2018; Wang et al., 
2015a,b; Xing et al., 2016). The burden of disease (BD) is a commonly 
used assessment tool to quantify the impact of ambient PM2.5 exposure 
to human health and provide references for air quality and health 

management. For example, the Global Burden of Disease (GBD) esti-
mated that about 2.94 million deaths in 2017 could be attributed to 
particulate matter pollution (GBD, 2017 Risk Factor GBD 2017 Risk 
Factor Collaborators, 2018). 

Technically, the BD can be estimated by either concentration- 
response functions (CRFs) (Ding et al., 2015; Qiu et al., 2015; Wang 
et al., 2015a,b) or integrated exposure-response functions (IERs) (Apte 
et al., 2015; Burnett et al., 2014), both of which use similar algorithms 
and have been applied intensively in previous studies. While the applied 
risks in CRFs tend to be constant (Ding et al., 2016), IERs parameterize 
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the dependence of risks on PM2.5 concentration from a meta-analysis of 
epidemiological studies (Burnett et al., 2014). In general, although these 
algorithms can provide reasonable BD estimations based on 
literature-based relative risks (RRs) and modeled/monitored PM2.5 
concentrations, the BD estimations still remain biased due to the algo-
rithm assumptions. 

One potential concern is that most studies employed risk values from 
other literature or reports to estimate the burden without assessing the 
representativeness of the study subjects or sampling bias of the refer-
ence, which could limit the application of the risk values or cause bias if 
the risk values were inappropriately applied. Another concern is that the 
spatial heterogeneity of risks among urban and rural areas were over-
looked during the BD calculation. Most BD estimations at the country or 
regional level neglected the potential uncertainties derived from 
different vulnerabilities associated with living in diverse urbanization 
levels, for which differences in risk were related to neighboring land-use 
patterns and individual activity patterns (Barton, 2009; Ebisu et al., 
2011; Son et al., 2015; Wernham, 2011) and have been identified in 
previous studies (Garcia et al., 2016; McGuinn et al., 2017). Among 
areas with diverse urbanization levels, PM2.5 mass concentration and 
compositions adjacent to emission sources such as main roads and in-
dustrial complexes have higher PM2.5 toxicity contributed by diesel 
particles, heavy metals, and oxidative potentials (Hao et al., 2020; B. Liu 
et al., 2017; Targino et al., 2016). In other words, PM2.5 toxicity adjacent 
to different emission sources and land-use patterns may cause hetero-
geneous exposure risks to populations both near and far. Failure to 
consider the spatial heterogeneity of risks among urban and rural areas 
could lead to a potential bias of the BD estimations, and its uncertainty 
should be quantified. 

Moreover, the data sources of PM2.5 exposure concentration varied 
within studies and also contributed to the uncertainty of BD estimations. 
The straightforward method to estimate PM2.5 exposure is to use mea-
surements from the closest air quality monitoring sites, but using 
monitoring data alone to represent the whole region could bias short- 
term PM2.5 exposure for the distant areas (McGuinn et al., 2017). In 
addition, using more sophisticated methods such as satellite data or air 
quality modeling data, which need further processing before applica-
tion, can identify different PM2.5 concentration in urban and rural areas, 
but failing to validate modeled results with observations in most studies 
can mean overlooking important deviations from reality and increasing 
uncertainties of BD estimation. Even though the difference of PM2.5 
exposure estimations between monitoring data, air quality modeled 
data, and satellite data had been identified (Garcia et al., 2016; McGuinn 
et al., 2017), the derived uncertainty for the BD calculations among 
urban and rural areas was still not further investigated. Nonetheless, 
except for the heterogeneous risks in urban and rural areas, the un-
certainties between these PM2.5 exposure assessment methods for the BD 
calculations need to be quantified as well. 

This study applied the developed framework to Tainan City in 
Taiwan as a use case, estimated the risks of death, CVD, and RD by using 
2006–2016 emergency department (ED) visit data, air quality moni-
toring data, and land-use characteristics, and further estimated the BD 
caused by daily PM2.5 exposure in 2013. Our objectives are (1) to build 
up a data fusion framework to estimate the disease burden of daily PM2.5 
exposure while evaluating local risks and their spatial heterogeneities 
with hospital ED visit, land-use, emission, monitoring, modeling, and 
population data and (2) to quantify the spatial heterogeneity of risks and 
its relationship with land-use characteristics and derived uncertainty 
during BD calculation. This study systematically focused on the spatial 
heterogeneity of health risks at grid-level scale (1 km × 1 km) and 
quantified method uncertainties of the BD estimations. 

2. Material and methods 

2.1. Data collection 

2.1.1. Hospital emergency department (ED) visit data 
Study subjects were extracted from the hourly hospital ED visit 

database (2006–2016) maintained by Chi Mei Hospital, a regional 
medical center located in Tainan City (Figure. S1(a)). Patients with CVD 
(N = 12,524), RD (N = 18,891), and non-accidental death (N = 37,846) 
were selected based on the International Classification of Diseases, 9th 
edition (ICD-9) codes (CVD: heart failure (428), cardiac dysrhythmia 
(426–427), cerebrovascular disease (430–437), ischemic heart disease 
(410–414), peripheral vascular disease (440–449); RD: chronic 
obstructive pulmonary disease (490–492), respiratory tract infection 
(464–466, 480–487)). If the subject was admitted more than once dur-
ing the same month, the earlier record was used. This study was 
approved by the Institutional Review Board of Chi-Mei Medical Center 
(No. 10612–012) and was exempt from obtaining informed consent. 

2.1.2. Air quality and meteorological data 
Subject exposure data were collected from the nearest air quality 

monitoring stations (AQMS) maintained by Taiwan Environmental 
Protection Administration (EPA) (Figure. S1(a)). Hourly data of PM2.5, 
PM10 (particulate matter ≤ 10 μm in aerodynamic diameter), nitrogen 
dioxide (NO2), nitric oxide (NO), sulfur dioxide (SO2), carbon monoxide 
(CO), ozone (O3), ambient temperature, relative humidity, and wind 
speed were used for analysis. The arithmetical mean of the 24 hourly 
concentrations (n = 24, 1–24 h as an abbreviation) before the visit of 
each subject for each abovementioned pollutant and each above-
mentioned meteorological variable was calculated to represent the daily 
exposure of residents. Subjects with exposure to 1–24 h PM2.5 mean 
concentration ≤25 μg/m3 before visit were excluded based on the daily 
PM2.5 standard of the World Health Organization (WHO) (World Health 
Organization, 2005). 

2.1.3. Emission data 
Primary PM2.5 emission data from Taiwan Emission Data System 

(TEDS) version 9.0 including industrial, mobile, area, and natural 
sources were utilized to evaluate the potential exposure of subjects to 
neighboring PM2.5 emissions. PM2.5 emission within a 1-km radius of the 
center of each grid cell was further summed up for analysis (Figure S1 
(b)). 

2.1.4. Land-use data and population data 
Land-use data of 2011 were acquired from National Land Survey and 

Mapping Center. A total of 2406 grid cells with 1 km × 1 km horizontal 
resolution in Tainan City was created. Considering the daily living 
pattern of residents, nine (k = 9) land-use types were included to 
represent areas visited frequently by subjects. These land-use types 
included the high-density residential area (HDRA), low-density resi-
dential area (LDRA), agriculture (including livestock farming), indus-
trial areas, retailing sites, recreation sites (including parks, recreation 
centers, and gyms), schools and education institutes, road areas, and 
undeveloped areas (including bare lands, forests, and water bodies). 
Population data of 2013 were obtained from the Department of 
Household Registration within the Ministry of the Interior and further 
spatially distributed by total residential area (HDRA and LDRA) of each 
grid cell. 

2.1.5. Quantification of neighboring land-use characteristics 
Land-use characteristics of areas neighboring subjects’ typical living 
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activities were defined by neighboring PM2.5 emission and Heteroge-
neity of Land-Use Living (HLUL) patterns. The reason to use neighboring 
emission is that it can represent the level of primary PM2.5 to which 
subjects are potentially exposed, and it does not need complicated and 
time-consuming modeling procedure to simulate ambient PM2.5. In 
addition, HLUL patterns reflect the daily activities and exposure patterns 
which can enhance physical health by daily activities but also increase 
the frequency and duration of PM2.5 exposure. The levels of HLUL pat-
terns were quantified by Mean Entropy Index (MEI) for all grid cells. MEI 
adapted from the Entropy Index (EI) (Hess et al., 2001; Kockelman, 
1997; Song et al., 2013) can represent the potential mobility of residents 
in an area. MEI varies between 0 and 1, where a value of 1 represents the 
highest diversity and heterogeneity in land-use, and considers the 
land-use types of neighboring grid cells by using the following equation 
(Kockelman, 1997). 

MEI = −
∑n

x=1

∑k
y=1

[Axy ⋅Pxy ⋅ln(Pxy)]
ln(k)

n
(1)  

where n is the number of surrounding grid cells (n = 8) of the estimated 
grid cell. k is the number of the total used land-use types (k = 9). Axy is 
the ratio of selected or surrounding grid cell to the area within a 1-km 
radius of each selected grid cell. Pxy is the proportion of land-use type 
y in the selected and surrounding xth grid cell. 

2.2. Developed framework 

Our data fusion framework is illustrated in Fig. 1. The number of ED 
visits was used to evaluate the BD, and the ED visits were calculated 
from short-term PM2.5 exposure risk, daily PM2.5 concentration, and 
population data (Davidson et al., 2007). First, the hospital ED visit data, 
air quality monitoring data, emission data, and land-use data were fused 
by case-crossover study design and stratified analysis to retrieve 
short-term (1–24 h) PM2.5 exposure risk and its spatial heterogeneity 
(Section 2.2.1). Technically, the overall short-term PM2.5 exposure risk 
was first assessed by case-crossover study design which involved hos-
pital ED visit (Section 2.1.1) and air quality monitoring data (Section 
2.1.2), and then stratified analysis was executed to assess the hetero-
geneous risks for subjects living in different land-use characteristics 
(Section 2.1.5). 

Second, we used daily PM2.5 concentration data in 2013 as an 
example to illustrate the process to build up the BD map of CVD, RD, and 
death in 2013. The daily PM2.5 concentration data were extracted from 
the fused estimations of modeled results and monitoring data by 
Measurement-Model Fusion (MMF) approach (Zhang et al., 2019). The 
modeled results were firstly simulated by Community Multiscale Air 
Quality (CMAQ) (U.S. EPA Office of Research and Development, 2017) 
modeling and then fused with monitoring data from AQMS by applying 
the ratio of modeled PM2.5 to observed PM2.5 obtained from the nearest 
site (Section 2.2.2, equation (4)). 

Overall, all parameters (PM2.5 exposure risk, daily PM2.5 concen-
tration in 2013 and population) for calculating ED visits were resolved 
with 1 km × 1 km resolution and applied to build up the BD map in 2013 
through CRFs (Section 2.2.3, equation (5)). Also, a sensitivity analysis 
was conducted to quantify the uncertainties of the BD estimations under 
different scenarios (Section 2.3). 

2.2.1. Evaluating PM2.5 exposure risks and their spatial heterogeneity 
We employed a case-crossover study design to investigate the rela-

tionship between 1 and 24 h PM2.5 exposure before the ED visit and 
health outcomes (Li et al., 2016; Yorifuji et al., 2014a, 2014b). Detailed 
descriptions can be found in our previous publication (Wu et al., 2020). 
Briefly, for each case, exposure before the visit is compared with expo-
sure at the other control periods and the controls were selected from the 
same time of ED visits on the other days, on the same day of the week in 
the same month and year (Bhaskaran et al., 2013; Li et al., 2016; Yorifuji 
et al., 2014a, 2014b). Conditional logistic regressions were conducted to 
estimate adjusted odds ratios (ORs) and 95% confidence intervals (CIs) 
for the relationship between PM2.5 exposure and health outcomes. Our 
multi-pollutant model was described below: 

logitP(Yi)= ln
(

ÔRi

)

= β0 + β1PM2.5 i + β2Ti + β3RHi + β4WSi + β5Pi1

+ ⋯ + βpPip

(2)  

where P(Yi) is the natural logarithm of the OR for case subjects i 
compared with individual controls, and β0 is the intercept. All predicting 
variables use 1–24 h mean before the visit of subjects. For example, 
PM2.5 i is 1–24 h PM2.5 concentration before the visit of subjects i. PM2.5 i i, 

Fig. 1. Data structure of this study.  
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Ti (temperature), RHi (relative humidity), and WSi (wind speed) were 
included as fixed variables in the model. Linear correlation between 1 
and 24 h PM2.5 exposure and health outcomes were assumed based on 
previous findings (Linares and Díaz, 2010; Yorifuji et al., 2014a, 2014b). 
Natural cubic splines with three degrees of freedom (df) were used in all 
models to adjust the potential time-variant confounders including Ti, 
RHi, and WSi (Bhaskaran et al., 2013; Li et al., 2016; Rich et al., 2018). 
Pi1⋯Pip are the selected pollutants p which served as adjusting variables 
(covariates) and were chosen by stepwise selection. The significant level 
(p-value) for stepwise selection to keep or discard the variable was 0.05. 
For each health outcome, the final model was chosen to yield the min-
imum Akaike information criteria (AIC) statistic, and the collinearity of 
included variables was assessed by the variance inflation factor (VIF) 
(Table S1). 

In advance, we performed the stratified analysis (Weichenthal et al., 
2016) by applying the same model (equation (2)) to the subjects living in 
the different categories of land-use characteristics to assess the spatial 
heterogeneity of PM2.5 exposure risk. First, we equally categorized the 
subjects of death, CVD, and RD by their indices (MEI and neighboring 
PM2.5 emission, respectively) with low (<33rd percentile), medium 
(33rd - 66th percentile), and high (>66th percentile) level according to 
their residential address. Second, for each health outcome, 
multi-pollutant modeling (equation (2)) was first conducted to obtain 
the ORs for overall subjects, and the same model was then applied to the 
subjects of the low-, medium- and high-level groups for MEI and 
neighboring PM2.5 emission, respectively. Third, the subjects were next 
grouped by MEI and PM2.5 emission categories to assess the interaction 
of MEI and neighboring PM2.5 emission to the health outcomes, and a 
total of nine groups (three by three categories) were assessed. The same 
model (equation (2)) for overall subjects was also applied for each group 
again, and the group-specific risk could be obtained. For each group, the 
specific risk was calculated as: 

ÔR i,g=exp
(
β0+β1PM2.5 i,g+β2Ti,g+β3RHi,g+β4WSi,g+β5Pi1,g+⋯+βpPip,g

)

(3)  

where ÔRi,g was the risk of a group g from one to nine, and the other 
included parameters were the same as equation (2). By matching the 
group-specific risks with grid cells, the risk map can be built up. 

2.2.2. Simulating PM2.5 concentration 
The daily PM2.5 concentration data in 2013 were modeled by CMAQ 

with 3 km × 3 km resolution and adjusted by using the monitoring data. 
The CMAQ modeling system was developed by the U.S. EPA and the 
user’s community. CMAQ model can provide temporally and spatially 
varying air pollutant concentrations by calculating physical and chem-
ical interactions between pollutants and meteorological factors in the 
atmosphere (U.S. EPA Office of Research and Development, 2017). The 
modeled daily PM2.5 concentrations were further fused with monitoring 
data by the MMF method. For each grid cell at each day, the modeled 
daily PM2.5 means were adjusted by the ratio of modeled PM2.5 to 
observed PM2.5 obtained from the nearest site (Zhang et al., 2019), 
which was calculated as: 

Fused PM2.5d,g =
Obseved PM2.5d,s

Modeled PM2.5d,s
⋅Modeled PM2.5d,g (4)  

where Fused  PM2.5d,g and Modeled  PM2.5d,g is CMAQ-fused and CMAQ- 
modeled PM2.5 in grid cell g at the dth day, respectively, and 
Obseved  PM2.5d,s and Modeled  PM2.5d,s is observed and CMAQ- 
modeled PM2.5 at the dth day for the monitoring site s which is closest 
to the grid cell g. The 3 km × 3 km CMAQ-fused results were integrated 
with 1 km × 1 km population data and each 1 km × 1 km grid cell 
included the closest CMAQ-fused data to calculate the number of daily 
excess ED visits or deaths for each grid cell. Because illustrating the 
different vulnerabilities in urban and rural areas and derived 

uncertainties from different sources are our objective, we only applied 
the basic MMF to fuse modeled data and monitoring data. 

2.2.3. Estimating the BD of PM2.5 exposure 
The BD of PM2.5 exposure was calculated by CRFs, which can 

quantify the increased ED visits due to daily PM2.5 exposure in 2013 
(Davidson et al., 2007). The number of ED visits for each grid cell was 
calculated by the following equation: 

Y =E0 ⋅ P ⋅
(
1 − e− β⋅(C− C0)

)
⋅A (5)  

where Y is the number of daily excess ED visits or deaths caused by daily 
PM2.5 exposure. E0 is the actual morbidity or mortality rate. P is the 
population of each grid cell. The coefficient β is derived from RR, and RR 
is approximated by using OR obtained from equation (2) or (3) (Bhas-
karan et al., 2013). A is a scalar of 1/365 to convert the annual rate to 
daily rate. C0 is the threshold concentration set as the WHO PM2.5 daily 
standard of 25 μg/m3 C is the daily PM2.5 concentration in each grid cell. 

2.3. Uncertainty analysis 

We considered the uncertainty of the BD (the number of daily excess 
ED visits or deaths) estimations mostly originated from the value of risk 
coefficient (β) and daily PM2.5 concentration (C) in equation (5). Thus, 
we conducted a sensitivity analysis and compared the BD estimations 
from three nested scenarios, including (1) using non-local or local risk 
estimates to calculate the local BD. The non-local risk estimates were 
referred from the U.S. EPA recommended values in Environmental 
Benefits Mapping and Analysis Program - Community Edition (BenMAP- 
CE, version 1.1.3) software package (U.S. EPA, 2014), which can be 
treated as the literature-based risks from other countries and regions, 
because U.S. EPA recommended risks were also referred from multiple 
well-designed studies. The local risk estimates were obtained by the 
conditional logistic regression (equation (2)) among overall subjects; (2) 
using averaged risk or heterogeneously distributed risks to calculate the 
burdens. The heterogeneously distributed risks were obtained by strat-
ified analysis (equation (3)) for different land-use characteristics; (3) 
using monitoring data from the nearest AQMS or CMAQ-fused data to 
represent daily PM2.5 exposure. SAS statistical software (SAS 9.4; SAS 
Institute Inc., Cary, NC, USA) was used to perform all analytical 
procedures. 

3. Results 

3.1. Descriptive analysis 

Descriptive analysis of subjects (Table S2) showed that the number of 
females comprising the BD was higher than that of males. More elderly 
subjects visited the ED with CVD, while more young subjects visited due 
to RD or death. All subjects with air-quality related health conditions 
visited the ED more frequently during the nighttime as compared with 
daytime. During the study period, the PM2.5 mean concentration from 
four AQMSs in Tainan City was 25.12 ± 17.95 μg/m3 (Table S3). For 
HLUL patterns, MEI was normally distributed with a mean ± standard 
deviation of 0.350 ± 0.136 (unitless) (Figure S2 and Table S4). The 
spatial distribution of MEI in Fig. 2 showed that the most intensely 
heterogeneous areas (darker color) are located in the southern city, 
which consists of a mix of urban, suburban, and industrial-rural land-use 
types. Areas adjacent to the main roads also showed high heterogeneity. 
In contrast, the eastern areas of the city were less heterogeneous (lighter 
color) due to their mountainous terrain. 

3.2. Heterogeneous risks associated with HLUL patterns and PM2.5 
emission 

Estimated risks of 1–24 h PM2.5 exposure (per 10 μg/m3 increase) for 
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different levels of HLUL patterns are presented in Table S5 and Fig. 3(a). 
The average risk of CVD (OR = 1.27, 95% CI: 1.24–1.30) is the highest 
compared with RD (OR = 1.26, 95% CI: 1.23–1.29) and non-accidental 
death (OR = 1.25, 95% CI: 1.22–1.27) (Table S5). The risks of PM2.5 

exposure also varied with the levels of HLUL patterns. For CVD and RD, 
the risk increased with the increase in HLUL patterns, and high HLUL 
patterns increased risk up to 59% (OR = 1.59, 95% CI: 1.46–1.73) and 
36% (OR = 1.36, 95% CI: 1.29–1.45), respectively. On the contrary, 
low-level HLUL patterns were correlated with a higher risk of death (OR 
= 1.31, 95% CI: 1.25–1.37). 

Regarding neighboring PM2.5 emission (Table S5 and Fig. 3(b)), 
subjects in proximity to the medium level of PM2.5 emission had the 
highest risk for all selected BD outcomes. The highest risks for CVD, 
death, and RD were identified in subjects adjacent to the medium-level 
PM2.5 emission, for which ORs were 1.52 (95% CI: 1.40–1.66), 1.51 
(95% CI: 1.41–1.61), and 1.47 (95% CI: 1.38–1.57), respectively. 
Furthermore, the reduced risk of death was observed for subjects in 
proximity to high-level PM2.5 emission (OR = 0.95, 95% CI: 0.89–1.01), 
although results were not statistically significant. 

3.3. Risk mapping building 

The risk estimations from different combinations of HLUL pattern 
levels and PM2.5 emission categories by applying stratified analysis are 
shown in Table S6. Generally, higher risks are observed for subjects in 
high HLUL pattern areas and proximity to a medium-level PM2.5 emis-
sion, and the highest risk is observed for CVD (OR = 1.99, 95% CI: 
1.50–2.64), followed by death (OR = 1.74, 95% CI: 1.47–2.07), and RD 

Fig. 2. MEI map of Tainan City with 1 km × 1 km resolution.  

Fig. 3. Adjusted ORs and 95% CIs per 10 μg/m3 increase of PM2.5 for different levels of neighboring (a) HLUL patterns and (b) PM2.5 emission.  
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(OR = 1.52, 95% CI: 1.32–1.74). In addition, significantly reduced risks 
(OR<1) are also observed in death subjects with low emission/medium 
HLUL pattern, medium emission/low HLUL pattern, and high emission/ 
high HLUL pattern combinations. 

The risk map of death (Fig. 4(a)) illustrates that the risk of death in 
rural areas was 1.40 times higher than average, while the risks of CVD 
and RD (Fig. 4(b) and (c)) in the most urbanized areas were 1.57 and 
1.20 times higher than average. The spatial heterogeneity of risks im-
plies that even though the residents have similar PM2.5 exposure, those 
who lived in areas with diverse land-use characteristics would have 
different vulnerabilities to PM2.5 exposure. Based on the identified 
linkage between PM2.5 exposure risk and land-use characteristics, we 
considered this spatial heterogeneity of the vulnerability could be 
associated with land-use characteristics in our study region. Also, the 
separately quantified risks for each health outcome have similar spatial 
patterns, which indicates that the correlation between land-use patterns 
and vulnerability could exhibit a generalizable trend. Residents in the 
most urbanized areas have a higher vulnerability to PM2.5 exposure for 
CVD and RD; residents living along main roads and highways are also 
less vulnerable to death and RD. In addition, residents in rural areas are 
at higher risk of death due to PM2.5 exposure. While similar previous 
studies have ignored the land-use related heterogeneity of PM2.5 expo-
sure vulnerabilities and focused more on air pollutant concentrations, 
our results pointed out that subject vulnerability could potentially vary 
with the land-use characteristics of their activity spheres and those that 
neighbor them, and the spatial heterogeneity of those land-use charac-
teristics and vulnerability could affect BD estimations. 

4. Discussion 

4.1. Risk of short-term PM2.5 exposure 

The ORs of non-accidental death, CVD, and RD for 1–24 h PM2.5 
exposure before the visit in this study were 1.25, 1.27, and 1.26, 
respectively, which are higher than those of previous studies conducted 
in the other developed or developing countries/regions (Table S7-9). 
Since the developed framework utilized local databases, it is not sur-
prising that there is a potential difference between local risk estimations 
and risks from other regions or counties due to different environmental, 
demographic, and societal characteristics. This significant difference 
also implies the potential risk of using non-local risk values such as U.S. 
EPA recommended or literature-based risks for BD calculation. 

One explanation for our higher OR estimations could be that the 
composition of PM2.5 in the study region was more toxic than that of 
PM2.5 measured in other countries or regions. For example, long-range 
transboundary air pollution transported from mainland China, which 

contains a higher hazardous composition of PM2.5 and by-products of 
combustion (e.g. sulfate), exacerbates the health impact (S.T. Liu et al., 
2017; Tsai et al., 2012). The risk of exposure to PM2.5 could be also 
amplified by the coexistence of NO2 and O3 in urban areas (Weichenthal 
et al., 2016). In this study, the significant correlation between daily 
PM2.5 and daily NO2 (Pearson’s r = 0.57, p-value<0.01) and O3 (Pear-
son’s r = 0.30, p-value<0.01) magnified the health impact of PM2.5 
exposure. In addition, selection bias could also have contributed to the 
higher estimations. Because the subjects were selected from cases in the 
hospital and used as controls as well, the higher risk may have been due 
to subjects having been relatively more vulnerable to PM2.5 exposure 
compared with the general population. Furthermore, the full-coverage 
and complete national health insurance among all residents and lower 
medical expense in Taiwan may also increase the willingness of people 
to visit the ED even they have non-fatal diseases or symptoms. We also 
conducted extra sensitivity analyses to exclude the possible bias from 
modeling (Appendix A1), and the results proved the robustness of the 
model. 

4.2. Risk of high HLUL patterns and neighboring to a medium-level PM2.5 
emission 

The CVD and RD risks due to PM2.5 exposure increased for subjects 
living in high HLUL patterns and neighboring to a medium-level PM2.5 
emission. If both high HLUL patterns and a medium-level PM2.5 emission 
occurred simultaneously, the risk increased considerably. The increased 
risks of living in high HLUL patterns could be related to mixed land-use 
patterns. Residential areas neighboring high-emission areas like indus-
trial areas or roads have shown higher risks of health impacts from air 
quality (Cambra et al., 2011; Ebisu et al., 2011; Son et al., 2015). In 
addition, subjects close to a medium-level PM2.5 emission suffered 
comparable risks which are higher than proximity to a higher-level 
PM2.5 emission. One explanation could be that the majority of PM2.5 
mass concentration does not only originate from local regions. Second-
ary PM2.5 transported from other up-wind polluted regions may lead to 
subjects in these areas underestimating their exposure and reducing 
their awareness of air pollution. Previous studies in Taiwan found that 
secondary aerosol could contribute 25–60% of total PM2.5 mass, 
including 8–27% of total PM2.5 mass transported from mainland China 
and coastal cities in Taiwan (Hsu et al., 2017; Kuo et al., 2014; Liao 
et al., 2015; Lu et al., 2016). 

4.3. Heterogeneous vulnerability in urban, suburban, and rural areas 

Fig. 4 showed that the highest risks were 1.20–1.57 times higher than 
the average risks, especially in highly urbanized and rural areas. The 

Fig. 4. Risk map of PM2.5 (per 10 μg/m3 increase) for (a) death, (b) CVD and (c) RD in Tainan City.  
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disparate risks among rural and urban areas might be due to the factors 
including human-environment interactions, individual factors, and 
PM2.5 toxicity. First, concerning individual factors, one reason for the 
higher vulnerability in rural areas is lower accessibility of medical re-
sources, which is attributable to longer distances to hospitals; lower the 
abundance of medical professionals and reduced willingness to seek 
medical services (De-Miguel-Balsa et al., 2015; Simões and Almeida, 
2011). Garcia et al. (2016) and Kloog et al. (2014) attributed these 
disparities to a “non-metropolitan penalty”, which refers to the differ-
ence in individual-level behaviors, medical accessibility, and the level of 
knowledge of diseases and their prevention. Second, the interaction 
between humans and their environment such as daily living pattern and 
exposure intensity, duration, and frequency could affect the level of the 
risk. Subjects in rural areas could have higher exposure frequency and 
longer exposure duration due to daily commuting and other outdoor 
activities (Chuang et al., 2020). Third, the difference in chemical and 
physical compositions between rural and urban PM2.5 could contribute 
to the risk difference. Higher risks of CVD and RD in more urbanized 
areas could be related to higher emissions from mobile and commercial 
sources (e.g. restaurants, street vendors) at breathing level (Du et al., 
2016). Additionally, it should be noted that although residing in urban 
areas was found to enhance the risks of CVD and RD, the risk of death in 
rural areas was still higher than in urban areas, which suggests that the 
protective factors like high transportation and medical accessibility in 
the urban and suburban environments could lower the risk of death, and 
residents in rural areas could have a lower willingness and lack of 
medical resources to receive medical treatment in time to prevent death. 

In addition, reduced risk of PM2.5 exposure for death was observed in 
suburban areas (Fig. 4(a)), which could be associated with higher 
awareness of air pollution for residents in suburban areas. This finding is 
similar to that of Chan and Ng (2011), who speculated that vulnerable 
groups might be more aware of PM2.5 events and reduce their outdoor 
activities. Eberhardt and Pamuk (2004) also found that the health status 
of suburban area residents was superior to those living in both the most 
rural and the most urban areas. 

4.4. Uncertainty quantification 

Concerning estimation uncertainties, we considered that the bias 
could originate from the following scenarios: (1) using non-local esti-
mated risk for calculating the local BD, (2) using averaged risk to 
represent the whole study region without considering population dis-
tribution and heterogeneously distributed risks, and (3) using moni-
toring data to represent ambient PM2.5 concentration among large 
regions including areas far from the AQMS. Thus, we designed six sce-
narios using three sources of risk values and two sources of PM2.5 

exposure data as shown in Table 1, including the estimated ED visits and 
the uncertainties between scenarios. Descriptive analysis of observed 
and CMAQ-fused PM2.5 data are presented in Table S10. The validation 
of CMAQ-modeled results is shown in Table S11. The spatial distribution 
of the annual mean of CMAQ-fused PM2.5 is shown in Figure S3. CMAQ- 
modeled results for all sites in this study region meet both of the per-
formance criteria of Taiwan EPA and U.S. EPA (U.S. EPA, 2007). 

First, risks using estimated data, based on U.S. EPA recommended 
values, contributed the greatest uncertainty to the results as it under-
estimated the local ED visits by 16–86% compared with using gridded 
local risks. This high uncertainty also emphasized the potential bias 
when using U.S. EPA recommended values or literature-based risk es-
timates from other countries or regions to calculate the local BD. In this 
study, if local gridded risk estimates were used in our study region, the 
estimated ED visits increased substantially by 1.19–7.29 times. 

Moreover, when using monitoring data to calculate the BD, the re-
sults were lower than using CMAQ-fused data, primarily because using 
monitoring data could have a bias in distant areas far from the moni-
toring site. Therefore, using monitoring data to represent distant areas 
resulted in the underestimation of ED visits by 20–32% in our study 
region. Although uncertainties occasionally exhibited in the monitoring 
data, it was still useful in the study due to higher availability and shorter 
time to model execution. Additionally, while using CMAQ-fused data is a 
more appropriate method to represent exposure more accurately for 
subjects in distant areas where measurements are not directly available, 
the modeling results still need to be validated and require more time and 
resources to execute. Both techniques have advantages and disadvan-
tages, and for calculating the BD, we quantified the estimation un-
certainties between these two methods to be 20–32%. 

Additionally, concerning the spatial heterogeneity of risk, when 
using gridded risks other than averaged risks, the number of ED visits is 
decreased by 0–38%. This is because the disaggregated calculation 
considered the distribution of population and their specific risks in 
urban, suburban, and rural areas. Figure S4 shows the spatial difference 
between these two scenarios, where red and blue grid cells represent the 
overestimation and underestimation, respectively, of the averaged-risk 
method compared with the gridded-risk method. Using averaged risks 
underestimates the ED visits in urban areas for all outcomes, and over-
estimates risk in suburban areas for death, rural areas for CVD, and 
suburban and rural areas for RD. 

Overall, concerning uncertainty from risk values and daily PM2.5 
concentration, using non-local risk estimates has the largest uncertainty 
(16–86%), followed by using monitoring data (20–32%) and applying 
the same averaged risks to represent the vulnerability of the population 
in rural and urban areas (0–38%), especially in most urbanized areas. 
The most biased estimation using non-local risk estimates and 

Table 1 
Number of increased ED visits under different scenarios in Tainan City (2013  

Scenario Applied OR of daily PM2.5 concentration (per 10 μg/m3) N (%) a 

Monitoring data CMAQ-Fused data Difference b 

Death     
Gridded Local Risk 1.000 c - 1.742 1699 (100%) 2137 (100%) − 437 (− 20%) 
Averaged Local Risk 1.245 1698 (100%) 2266 (106%) − 568 (− 25%) 
U.S. EPA Recommended Risk 1.170 d 1309 (77%) 1790 (84%) − 481 (− 27%) 
CVD     
Gridded Local Risk 1.000 c - 1.992 1297 (100%) 1750 (100%) − 453 (− 26%) 
Averaged Local Risk 1.266 1790 (138%) 2375 (136%) − 585 (− 25%) 
U. S. EPA Recommended Risk 1.002 d 178 (14%) 262 (15%) − 85 (− 32%) 
RD     
Gridded Local Risk 1.000 c - 1.518 1339 (100%) 1782 (100%) − 443 (− 25%) 
Averaged Local Risk 1.260 1763 (132%) 2343 (132%) − 580 (− 25%) 
U.S. EPA Recommended Risk 1.002 d 241 (18%) 355 (20%) − 113 (− 32%)  

a The percentage present the portion of ED visits divided by ED visits of gridded local risk scenario. 
b Number of Monitoring data– Number of Fused data (% divided by fused estimation). 
c Grids with OR<1 were replaced by OR = 1 to assure non-negative number of ED visits. 
d For each health outcome, the highest risk was used from U.S. EPA recommended risk in BenMAP-CE (Version 1.1.3), http://www.epa.gov/air/benmap. 
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monitoring data underestimates the BD by 39–90% compared with using 
heterogeneously distributed local risks estimates and CMAQ-fused data. 
Thus, previous studies using nation-wide risk to estimate the BD or cost- 
benefit of air quality implementation could be potentially biased, 
because they overlooked the distribution of populations and their het-
erogeneous risks in areas with diverse levels of urbanization, and these 
risks could vary within a wide range (e.g. OR of death could be 39% 
higher than the average) (Burnett et al., 2014; Chen et al., 2017; GBD, 
2017 Risk Factor Collaborators, 2018). When ignoring the spatial het-
erogeneity of risk, the effectiveness of air quality control implementa-
tion could be limited and remain biased. 

4.5. The strengths of our framework 

Our framework to calculate the BD has several advantages over 
previous calculations. First, our framework can provide cities or coun-
tries with a framework to develop their own BD estimations by using 
local databases, since the uncertainties arising from lack of available 
administrative health data in smaller regions, cities, and communities 
have been gradually come to be recognized (GBD, 2017 Risk Factor 
Collaborators, 2018). For those regions or countries without local 
land-use or emission data, using satellite data can provide an alternative 
way to build up a local land-use database (Talukdar et al., 2020), while 
emission data could be obtained from local government or a global 
emission database such as ECLIPSE that has been widely used for many 
international studies (Stohl et al., 2015) and can be spatially distributed 
by population density, road lengths, or other anthropogenic indices. 
Once regions or countries have the required databases, our developed 
framework can be applied in any location. Second, the risk map can 
identify the spatial heterogeneity of risks and identify areas with higher 
risks. Combined with the BD map, the maps can facilitate the allocation 
of public and medical resources by local governments to affected areas 
and reduce potential health impacts more effectively. For example, in 
this study, we identified lower risks of CVD and RD but a higher risk of 
death in rural areas, and we suggested that one of the explanations for 
this tendency is the lower accessibility of residents in these areas to 
medical medical treatment and/or the lower willingness of residents to 
accept treatment. Third, with prior information about the spatial dis-
tribution of PM2.5 exposure risk, the health officials can more accurately 
estimate the number of potential ED visits based on timely air pollution 
forecasts, so that medical and emergency care systems can be better 
prepared for surges in emergency department care demand. 

4.6. Limitations 

Our study still has some limitations. First, our framework only 
partially captures individual-level exposure patterns. For instance, 
although we located subjects by their residential address, it is possible 
that these subjects travel to another area for school or work. During 
working or staying indoors, the variation in the intensity of individual- 
level exposure could also confound the impact of ambient PM2.5. One 
potential strategy for solving this problem is collecting time-activity 
data, which would allow the duration of outdoor and indoor activities 
for individuals or groups to be used to classify exposure level, but this 
method is time-consuming, costly, and its representativeness is easily 
limited by sample size and sampling methods. Second, we only applied 
the basic MMF techniques to fuse modeled data and monitoring data. 
Advanced MMF techniques like machine learning techniques should be 
developed and tested in future work. Third, although we only applied 
the framework in one city, the impact of land-use characteristics on 
PM2.5 exposure risk could still generally exist in the developing coun-
tries. The identified relationship between land-use characteristics and 
PM2.5 exposure risk in this study region may be different from that in 
other regions or countries. Thus, more cities and regions need to be 
considered in future works when the hospital data become available. 

5. Conclusion 

The finer spatial resolution of risk and BD estimations are increas-
ingly required for regional air quality and public health management. 
This study built up a data fusion framework that facilitates individual 
development of risk and BD estimates for cities or countries based on 
spatial heterogeneity among different land-use characteristics and ur-
banization levels to enhance the accuracy of the BD estimations. In this 
study, we discovered that living in areas with high HLUL patterns in-
creases the risk of CVD and RD by 59% and 35%, and that living in areas 
with low HLUL patterns increases the risk of death by 31%. Residents in 
rural areas had 1.40 times higher death risk compared with the average 
risk, and residents in the most urbanized areas had 1.57 and 1.20 times 
higher risk of CVD and RD than average. Our developed framework 
provides the exposure risk maps and BD map at the grid-level resolution, 
that visualize these risks and the BD. Such illustrations facilitate re- 
assessment of the potential risk of present urban planning strategies 
and provide a quantified reference for air quality implementation plans 
and emergency episode-response plans. 
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