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The authors used data obtained from clinic records and environmental monitoring stations in Taiwan during
1998 to estimate the association between air pollution and daily numbers of clinic visits for lower respiratory tract
illness. A small-area design and hierarchical modeling were used for the analysis. Rates of daily clinic visits were
associated with current-day concentrations of nitrogen dioxide, carbon monoxide, sulfur dioxide, and particulate
matter less than or equal to 10 µm in aerometric diameter. People over age 65 years were the most susceptible,
and estimated pollution effects decreased as the exposure time lag increased. The analysis also suggested that
several community-specific variables, such as a community’s population density and yearly air pollution levels,
modified the effects of air pollution. In this paper, the authors demonstrate the use of a small-area design to
assess acute health effects of air pollution. Am J Epidemiol 2002;155:1–10.
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Many epidemiologic studies have applied time-domain
methods to demonstrate significant associations between air
pollution and various health effects, including mortality,
hospital admissions, emergency room visits, and general-
practice consultations for respiratory symptoms, in single
geographic areas (1–3). All of these types of studies share
two common features in their data collection methods. First,
the studies are mainly carried out in places with large popu-
lations so that sufficient numbers of daily events can be 

collected for time-series analysis. Second, population expo-
sures are usually represented by aggregating air pollution
data obtained from several monitoring stations in geo-
graphic areas as large as 100 km2. Misclassification is often
compounded in these studies, because spatial variation of
individual exposure is typically not considered.

One solution to this problem is to create less heterogeneous
exposures by clustering hospitals around a monitoring station
as suggested by Burnett et al. (4) and Zidek et al. (5).
Unfortunately, exposure attribution based on clustered hospi-
tals remains a serious challenge, because some hospitals are
located up to 200 km away from any monitoring stations.

Although known census clusters can provide us with
exposure populations in smaller and more homogeneous
regions that have well-defined boundaries, we may
encounter another statistical modeling problem in the use of
census clusters, because data on many important explana-
tory factors are either unmeasured or not available in all
clusters. This leads to the necessity of more complicated
methods of data analysis in order to compensate for the
uncertainty associated with modeled values for explanatory
variables (6). The other shortcoming of using census clus-
ters is that census areas are not equivalent to clinic catch-
ment areas. Furthermore, the census subdivision as a cluster
becomes less than ideal when daily outcomes are sparse,
which is often the case for serious illness in a small area (7).

Editor’s note: An invited commentary on this article
appears on page 11, and the authors’ response appears on
page 16.
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FIGURE 1. Map of 50 townships and city districts used in a study
of air pollution effects on clinic visits for lower respiratory tract illness,
Taiwan, 1998. The map shows the monitoring station numbers of the
Taiwan Air Quality Monitoring Network.The dimensions of the circles
are proportional to the population at risk in each community.

In this study, we used a new design for clustering data and
a Bayesian hierarchical modeling strategy to estimate
effects of air pollution on daily clinic visits for lower respi-
ratory tract illness across small study areas in Taiwan. Data
on clinic visits were obtained from a database of the
National Health Insurance Program of Taiwan. We used a
classical method to estimate the population at risk so that the
counts of daily clinic visits could be converted to daily rates
of lower respiratory tract illness for each area. The temporal
and spatial patterns of these multiple time series of rates
were modeled in two phases (8). In the first phase, we used
general regression models to model temporal patterns in
order to obtain the relative change in clinic visit rates
according to changes in levels of nitrogen dioxide, carbon
monoxide, sulfur dioxide, ozone, and particulate matter 
≤10 µm in aerometric diameter (PM10) for 50 individual
small communities. In the second phase, we combined the
pollution-health relative rates across the 50 communities by
using a Bayesian hierarchical model to improve the esti-
mates of air pollution effects for each community and to
obtain an overall estimate of air pollution effects in Taiwan.

MATERIALS AND METHODS

Study communities and environmental data

Our study communities included 50 townships and city
districts in Taiwan where ambient air monitoring stations of
the Taiwan Air Quality Monitoring Network are situated (fig-
ure 1). The air pollutants measured at the monitoring stations
include hourly levels of sulfur dioxide, nitrogen dioxide, car-
bon monoxide, PM10, and ozone, which are presumed to rep-
resent the spatial distribution of air pollution levels in a study
community with an area less than 15 km2 (9). Meteorologic
measurements, such as wind direction, wind speed, tempera-
ture, dew point, and precipitation, are also taken at these sta-
tions. As population exposures in our statistical models, we
used the 24-hour average for nitrogen dioxide, sulfur diox-
ide, and PM10, the hourly maximum for ozone, and the max-
imum 8-hour running average for carbon monoxide. Daily
maximum temperature and average dew point temperature
were also used to adjust for meteorologic effects.

Population at risk

For our clinic-based data set, we defined the population at
risk for a selected study community as all persons who
would go to a clinic in the study community if they needed
to make a medical visit. This is actually the service coverage
of all of the clinics in the community. Therefore, an unbi-
ased estimate of the population at risk would include some
nonresident daytime workers who might visit a clinic in the
community but would exclude residents who preferred to
use medical resources outside the community.

Clinic visits

Since its inauguration in 1995, the Taiwanese National
Health Insurance Program has covered medical services for
approximately 96 percent of a population of 23 million

through a network of 16,122 contracted medical institutions.
Computerized records of daily clinic visits are available for
each contracted medical institution. The records contain
data on clinics, townships, dates of visits, patient identifica-
tion, gender, and birthday and the cause of each visit accord-
ing to the International Classification of Diseases, Ninth
Revision. In this study, we used 1-year records from 1998
from the 50 study communities for further data analysis. We
included clinic visits due to lower respiratory tract illness
(International Classification of Diseases, Ninth Revision,
codes 466 and 480–486), such as acute bronchitis, acute
bronchiolitis, and pneumonia, as outcomes in the models to
estimate pollution effects. In contrast, we used the records of
clinic visits due to all diseases to estimate the population at
risk for the study communities in 1998. Clinic records avail-
able for 45 communities in 1997 were used to empirically
verify our approach to population estimation. We further
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classified the estimated population into three age groups—
children (ages 0–14 years), adults (ages 15–64 years), and
the elderly (ages ≥65 years)—in order to estimate age-
specific pollution effects.

Population estimation

The service coverage of all of the clinics in one commu-
nity, i.e., the population at risk, can be estimated by adding
the number of people who visited a clinic in 1998 to the
expected number of people who were not in the clinic
records for 1998 but might visit a clinic in the community in
the future. Here the problem is similar to that of estimating
the number of unseen species in ecologic studies, using only
the number of individuals captured during a fixed time inter-
val. Under the assumption of stability across time and inde-
pendent captures, the estimator developed for unseen
species can be directly applied to estimate the population at
risk (10, 11). An individual’s number of clinic visits in a
community during 1 year, x, is analogous to a species’ hav-
ing x members captured during one unit of time. For the
species problem, the x members are assumed to be unre-
lated, while one person’s x clinic visits are generally corre-
lated. However, this equivalence assumption may still be
approximately satisfied if we count only the first visit when
there are consecutive visits with the same diagnosis cate-
gory in a short time period.

Let n
x
be the number of people having exactly x clinic vis-

its in a community during 1998. Then

is the total number of different people who have made at
least one clinic visit in that community in 1998. We need to
estimate the number of people who made no clinic visits in
1998 but would do so if they were later sick, n0, in order to
complete the estimation of population at risk in 1998. We
assume that all n0 people will eventually get sick and visit
one of the clinics in the coming t years. Then the expected
number of these people who were not recorded in the 1998
database but might visit a clinic in the subsequent t years,
denoted ∆(t), is very close to n0. A combination of available
data from observed n

x
with x ≥ 1 is used to estimate ∆(t). In

this study, we adopted the approach proposed by Efron and
Thisted (11) to estimate ∆(t), which is

with

where B is a binomially distributed random variable with
number x0 and probability 1/(1 � t). Efron and Thisted also
showed in their paper (11) that the choice of x0 � 9 could
achieve reasonable estimation with a variance of

hx � 1�12x�1t xPr1B ≥ x2,

∆̂1t2 � a x0

x�1hxnx

a x�1nx

Ideally, one should choose an appropriate t value to obtain a
less biased population estimate without excess uncertainty.
Our choice of t � 5 to estimate the population at risk was
based on the observation that patients’ medical-care-seeking
behavior was stable under the National Health Insurance
Program and that limited changes had taken place in the
demographic profile of the study communities in the previ-
ous 6 years.

The validity of this population estimator was evaluated
empirically using the database for 1997. We estimated the
number of people not recorded in the 1997 database who
appeared in the database in 1998. We found that our popula-
tion estimator was quite accurate, because the mean absolute
value of the relative difference between estimated additional
subjects, (t � 1), and actually observed new patients in
1998 was less than 2 percent across study communities.

Phase I modeling

The reason we converted daily visit counts to rates in this
study is that it is relatively easier to implement a linear
regression model with time-series error on continuous rates
as compared with a Poisson regression model for time series
of counts (12). In the first phase, time series of daily clinic
visit rates for each subpopulation were modeled separately.
The rates of clinic visits, on a logarithmic scale, were mod-
eled as a linear function of time-varying potentially con-
founding variables and pollution levels on the current day
and on the immediately preceding days. Our models were
general linear regressions with seasonal autoregressive
moving-average residual processes (13). The regression
terms were chosen through extensive exploratory data
analyses. Dummy variables were used to account for day-of-
the-week (SUN, MON, and SAT) and special-holiday (SH)
fluctuations in the series. Average temperature and dew
point temperature for the previous 3 days were considered
as confounding variables in the models. We added another
two temperature variables in the models to allow changes in
the slope for temperature effects when the temperature was
above 32˚C. Two more dummy variables were used to indi-
cate the extremely high rates of clinic visits during the win-
ter season between January and February (WIN) and the
extremely low rates of clinic visits during the summer season
between July and August (SUM). With all of these variables
being adjusted, we added individual air pollutants separately
to the models in order to estimate individual air pollutants’
effects on daily clinic visits.

In particular, for the ath age group in the ith community, we
fitted the following linear regression model in order to obtain
the estimated pollution coefficient, denoted , and its stan-
dard error :

� γiah8TL32it � γiah9TP3it � γiah10DEWit � γiah11DP3it

� γiah4SH � γiah5WIN � γiah6SUM � γiah7TG32it

log 1yiat2 � γiah0 � γiah1SUN � γiah2MON � γiah3SAT

σ̂iah

β̂iah

∆̂

Var1∆̂1t2 2 � a x0

x�1h
2
x nx.
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where yiat is the observed clinic visit rate of the ath age
group in the ith community on the tth day; TG32it is the
value of the maximum temperature on day t if the maximum
temperature is greater than or equal to 32˚C, and 0 other-
wise; TL32it is the value of the maximum temperature on
day t if the maximum temperature is less than 32˚C, and 0
otherwise; TP3it and DP3it are the average temperature and
dew point temperature, respectively, for the 3 days prior to
day t; and DEWit is the dew point temperature on day t.
POLLi,t – h is the level of pollutant on day t – h, where t is the
current day and h ranges from 0 to 2. A first-order autore-
gressive process models the error term Wiaht. Since the error
series contained a periodic component, we further modeled
the difference Wiaht – Wiah,t–7 with another first-order autore-
gressive process.

The proposed model was first examined in several com-
munities representing typical urban and rural regions in
Taiwan. We also obtained a reasonably good fit with a mean
R2 � 0.53 in fitting the data of all subpopulations to the
regression model with these same covariates. Ideally, we
could explore the data to find the best models for each set-
ting of the combination of five air pollutants, three time
lags, and four age categories (including one with all ages
combined) in all 50 locations, respectively. However,
because of efficiency considerations and limited statistical
gains in reducing estimation errors, we applied this single
regression model to all subpopulations at all 50 locations in
this phase.

We fitted 600 regression models to the time series of
clinic visits in phase I: one for each choice of three time lags
and four age categories in 50 study communities for each air
pollutant separately. The health impact of each air pollutant
is reported as the percentage increase in clinic visit rates that
corresponded to a 10 percent increase in local air pollution
levels. That is, the percentage change is expressed by

, 

where is the estimated pollution coefficient from the
phase I model for community i, age group a, and lag h and

is the corresponding average pollution level. The 95 per-
cent confidence interval for the percentage change was con-

structed by replacing with

where is the standard error.

Phase II modeling

The second phase of the modeling strategy was to borrow
information from neighboring communities to improve esti-
mates of the pollution coefficients in individual locations
and to obtain an overall pollution coefficient across multiple
locations. The hierarchical modeling approach has been
widely applied to the analysis of multilevel data (14–17). In
this study, we used the same hierarchical modeling approach
as that proposed by Dominici et al. (8) to estimate the rela-

σ̂iah

β̂iah � 2σ̂iah,

β̂iah

Xih

β̂iah

1005exp10.1Xihβ̂iah2 � 16

� βiahPOLLi,t�h � Wiaht, tion between air pollution and daily clinic visits across 50
small study areas.

The modeling approach can be described in the following
three stages. First, the 50 pollution coefficients for a fixed
age group and time lag are estimated by the phase I regres-
sion model, denoted . These are assumed to
be normally distributed multivariate random variables with
true pollution coefficients as the mean vec-

tor and a covariance matrix , where 
is the estimate of the standard error of . Secondly, spa-
tial variation among the 50 true pollution coefficients must
be addressed. Treating the βi’s as random, we model the
degree of similarity of the true pollution coefficients
between community i and community j, ,
as a function of a Euclidean distance between the air moni-
toring stations for communities, denoted dij. We define

, where R is a positive parameter. Note
that hij goes to 0 as the distance dij grows large. The spatial
distribution of the vector of true pollution coefficients β is
assumed to be normal with mean Zα and covariance matrix
Ω, where is a vector of random coefficients
corresponding to covariate matrix Z50xp and nonsingular

where and τ2 is a common variance
that applies to each βi. For the current study, we construct

where I is a vector of 1 for the overall mean and the seven
covariates include the standardized score vectors of popu-
lation densities (sPD), annual average temperatures (sT),
and annual average concentrations of five air pollutants
(nitrogen dioxide (sNO2), sulfur dioxide (sSO2), PM10

(sPM10), ozone (sO3), and carbon monoxide (sCO)) in
these 50 communities. The standardized score for each
covariate was computed by first subtracting the mean
value across the 50 locations and then dividing by the
standard deviation based on the 50 mean values. Since all
predictors are centered about their respective means, the
intercept α1 can be interpreted as an overall pollution
coefficient for any location with mean predictors. The
other coefficients, α2, , and αp, reflect the effects of each
location’s population density, average temperature, and
pollution levels on its local pollution coefficient. Based on
empirical correlograms for the 50 estimated pollution
coefficients, the range parameter R in hij of H is fixed at 5
km (18).

Thirdly, we must complete the hierarchical structure with
a proper prior model for α and τ2 in order to perform a
Bayesian analysis. For mathematical convenience, we use
conjugate priors, normal prior and inverse
gamma prior , in our model (8, 19). The hyper-
parameters in our model, η, C, a, and b, are chosen to reflect
no information on α and τ2. The Bayesian inference is based
on the posterior distribution of β, α, and τ2 given the phase
I estimates , , and the specified hyperparameters.
Samples from these posteriors can be obtained from the
Markov chain Monte Carlo algorithm (8).

�̂β̂

τ2 � IG1a,b2
α � N1η,C2

Κ

Z � 3 I, sPD, sT, sNO2, sSO2, sPM10, sO3, sCO 4 ,

H � 1hij250x50Ω � τ2H,

α � 1α1 p αp2 ¿

hij � exp5�dij>R6

hij � Corr1βi, βj2

β̂i

σ̂i�̂ � diag1σ̂ 2
1 p σ̂2

502

β � 1β1 p β502 ¿

β̂ � 1β̂1 p β̂502 ¿
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RESULTS

As table 1 shows, we found significant heterogeneity for
environmental data and outcomes among the 50 study com-
munities. Population density ranged from 250 persons per
km2 to 28,000 persons per km2 for the study communities,
and the population at risk ranged from 19,000 to 278,000.
The averages of daily average nitrogen dioxide, sulfur diox-
ide, PM10, and carbon monoxide levels and daily maximum
ozone levels measured from the 50 monitoring stations in
1998 were 23.6 ppb (standard deviation (SD) 5.4), 5.4 ppb
(SD 3.0), 58.9 µg/m3 (SD 14.0), 1.0 ppm (SD 0.3), and 54.2
ppb (SD 10.2), respectively. Yearly average temperature

ranged from 24.6˚C to 30.6˚C. The average of daily rates of
clinic visits due to lower respiratory tract illness among the
50 communities was 1.34 per 1,000 (SD 0.5). The daily rates
of clinic visits also varied among the three age groups, with
the highest rates being seen for children (2.39/1,000) and the
lowest rates for adults (0.88/1,000).

The results of phase I showed that the variation in clinic
visits was statistically significantly related to variation in
nitrogen dioxide, carbon monoxide, sulfur dioxide, and PM10
exposures. By contrast, there was no significant pollution
effect for ozone exposures. For illustration and simplicity, in
this paper we present only the results of nitrogen dioxide with
0- to 1-day lags for all ages combined. As figure 2 shows, the

FIGURE 2. Effects of a 10% increase in nitrogen dioxide (NO
2
) exposure with a 0- to 1-day lag on percentage change in rates of clinic visits

for lower respiratory tract illness in 50 Taiwanese communities, as estimated by linear regression models (phase I; see text), 1998. For area,
see figure 1. Mean values (–) and 95% confidence intervals (vertical bars) are indicated for each location.

TABLE 1. Population densities, air pollution levels, weather data, and age-stratified rates of clinic visits for lower respiratory tract
illness in 50 study communities in Taiwan, 1998

Population
density

(persons/
km2)

Pollutant level Weather Daily clinic visit rates (visits/1,000)

Nitrogen
dioxide
(ppb*)

Sulfur
dioxide
(ppb)

PM
10

*
(mg/m3)

Ozone
(ppb)

Carbon
monoxide

(ppm*)

Temperature
(˚C)

Dew point
(˚C)

Children
(ages
0–14
years)

Adults
(ages
15–64
years)

Elderly
(ages 
≥65 

years)

All 
ages

Mean
Standard 

deviation
Minimum
Maximum

7,123

8,024
252

28,203

23.6

5.4
13.0
34.1

5.4

3.0
1.5

16.9

58.9

14.0
33.3
83.1

54.2

10.2
38.9
78.3

1.00

0.30
0.51
1.71

28.1

1.4
24.6
30.6

19.6

1.1
17.3
22.4

2.39

0.77
1.24
5.59

0.88

0.38
0.30
2.15

1.02

0.57
0.26
3.11

1.34

0.50
0.58
3.31

* ppb, parts per billion; PM
10

, particulate matter with a diameter ≤ 10 mm; ppm, parts per million.
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percentage changes in clinic visits were significantly associ-
ated with nitrogen dioxide exposures at the current day (lag 0)
but less significantly associated at the 1-day lag among these
50 communities. The plots shown in figure 2 also indicate sig-
nificant intracommunity and intercommunity variability in
the estimated percentage changes in clinic visit rates across
the 50 communities.

The results of five single-pollutant models in phase II
analysis for an all-ages population with current-day expo-
sure are shown in table 2. The 95 percent posterior support
intervals of the estimated overall pollution coefficient (α1)
showed that overall clinic visits were significantly related to
nitrogen dioxide, carbon monoxide, sulfur dioxide, and
PM10 exposures but not to ozone. The coefficient of α1 can
be used to calculate the percentage increase in clinic visits.
For example, there was a ,
i.e., 1.4 percent, increase for an α1 of 5.93 × 10–3 and a 2.4
ppb increase in nitrogen dioxide levels. Furthermore, an
individual community’s pollution coefficient for nitrogen
dioxide was adjusted by –1.34 × 10–3 (α6) times the PM10
difference (in standard deviation units) between its mean
and the overall mean. The effects of sulfur dioxide and
carbon monoxide exposures were also negatively adjusted
by the community’s annual PM10 concentrations. The
effects of sulfur dioxide exposures were positively
affected by the community’s annual carbon monoxide con-
centrations. The effects of carbon monoxide exposures
were negatively affected by the community’s annual aver-
ages of maximum 1-hour ozone concentrations. The com-
munity’s population density slightly affected the effects of
carbon monoxide and sulfur dioxide exposures. However,

1005exp12.4 � 0.005932 � 16

yearly averages of the community’s temperature, nitrogen
dioxide levels, and sulfur dioxide levels had no significant
influence on the acute effects of the five pollutants in the
phase II models.

Comparing the same settings in figures 3 and 2, we found
that phase II hierarchical models showed smaller intracom-
munity and intercommunity variations than the regression
models of phase I after spatial correlation and community
covariates were considered in the models. As a result, the
estimates of percentage changes in phase I models were also
pulled toward the overall mean in phase II models. As fig-
ure 4 illustrates, smaller percentage changes in clinic visits
were also significantly associated with current-day sulfur
dioxide, PM10, and carbon monoxide exposures for most
study communities.

The overall effects of pollution on clinic visits due to
lower respiratory tract illness were calculated by using
national average concentrations as baseline exposures and
percentages above the national average level as contrast
exposures in the hierarchical models. Table 3 shows the esti-
mated percentage change in the clinic visit rate for every 10
percent increase in pollution levels, with 0- to 2-day lags for
four age categories and five pollutants. Nitrogen dioxide had
the greatest estimated percentage increases in daily clinic
visit rates for a 10 percent increase in pollution levels. The
pollution effects were always greatest for current-day expo-
sures and decreased significantly as exposure time lags
increased for nitrogen dioxide, carbon monoxide, sulfur
dioxide, and PM10. The magnitudes of pollution effects
appeared to increase with age, with the elderly being the
most susceptible.

TABLE 2. Posterior mean values for overall true pollution coefficients and coefficients of community covariates obtained using
Bayesian hierarchical models for an all-ages population with current-day exposures to air pollution, Taiwan, 1998

Pollutant* considered in the model
Variable

Nitrogen dioxide Sulfur dioxide PM
10

† Ozone Carbon monoxide

Overall pollution coefficient‡

Community covariate¶
Population density

Temperature

Nitrogen dioxide

Sulfur dioxide

PM
10

Ozone

Carbon monoxide

5.93
(4.98, 6.87)§

�0.93
(�2.9, 0.96)

0.96
(�1.32, 3.26)

0.11
(�3.03, 3.23)

0.35
(�0.97, 1.65)

�1.34
(�2.66, �0.01)

�0.80
(�1.76, 0.15)

�0.15
(�1.12, 0.82)

10.01
(7.41, 12.58)

�4.37
(�9.19, 0.62)

�0.15
(�5.41, 5.07)

�1.40
(�8.03, 5.14)

�1.84
(�4.47, 0.76)

�3.14
(�5.93, �0.3)

1.42
(�0.39, 3.21)

6.36
(4.24, 8.5)

0.84
(0.35, 1.31)

�0.24
(�1.09, 0.62)

0.07
(�0.74, 0.89)

0.03
(�1.32, 1.42)

0.14
(�0.47, 0.77)

�0.28
(�0.83, 0.28)

0.00
(�0.43, 0.43)

0.23
(�0.21, 0.68)

0.08
(�0.42, 0.57)

�0.12
(�1.02, 0.78)

0.06
(�0.82, 0.93)

�0.24
(�1.74, 1.24)

0.05
(�0.55, 0.64)

�0.16
(�0.75, 0.41)

0.09
(�0.37, 0.56)

0.13
(�0.33, 0.61)

78.83
(59.55, 98.26)

�26.09
(�55.73, 3.9)

28.92
(�13.5, 71.08)

�5.32
(�60.24, 49.51)

0.43
(�21.01, 21.36)

�23.54
(�47.63, 0.83)

�21.36
(�39.41, �3.04)

10.83
(�4.82, 26.6)

* Estimated coefficient multiplied by 103.
† PM

10
, particulate matter with a diameter ≤ 10 mm.

‡ Estimated overall pollution coefficient across the 50 communities.
§ Numbers in parentheses, 95% posterior support interval.
¶ The standardized score for each covariate was obtained by first subtracting the mean across the 50 locations and then dividing by

the standard deviation.
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FIGURE 3. Effects of a 10% increase in nitrogen dioxide (NO
2
) exposure with a 0- to 1-day lag on percentage change in rates of clinic visits

for lower respiratory tract illness in 50 Taiwanese communities, as estimated by Bayesian hierarchical models including community-specific
covariates (phase II; see text), 1998. For area, see figure 1. Posterior mean values (–) and 95% posterior support intervals (vertical bars) from
phase II are indicated for each location. The × symbol indicates estimated mean percentage change from phase I.

DISCUSSION

Few epidemiologic studies have related numbers of
clinic visits to ambient air pollution levels. The informa-
tion obtained from this study can improve our understand-
ing of health effects associated with air pollution. Our
study found that nitrogen dioxide, carbon monoxide, sulfur
dioxide, and PM10 all had significant estimated effects on
daily clinic visits due to lower respiratory tract illness in
Taiwan. In contrast, daily clinic visit rates were not associ-
ated with maximum hourly ozone levels. These findings
are similar to those of Hajat et al. (3), who reported that
daily general-practice consultations for respiratory condi-
tions were related to similar air pollutants and unrelated to
ozone in London, United Kingdom. The estimated effects
of nitrogen dioxide identified in this study are also consis-
tent with our previous findings. In a previous study (20),
we reported that nitrogen dioxide exposure was related to
increased schoolchildren’s absences due to respiratory ill-
ness in the subsequent 3 days. Our current analysis also
suggests that people aged 65 years or more are more sus-
ceptible than other age groups to the effects of nitrogen
dioxide, carbon monoxide, sulfur dioxide, and PM10. In
addition, the estimated effects of these air pollutants

decreased as exposure time lags increased. Accordingly,
we recommend that more studies be conducted in order to
explore the biologic plausibility of respiratory illnesses’
being caused or exacerbated by specific air pollutants or by
air pollution in general.

Although high collinearity among air pollutants pre-
vented us from using multipollutant models directly, we did
obtain better estimates of acute exposure effects by adjust-
ing for chronic exposures. We did this by adding yearly
averages of the five major pollutants to our Bayesian hierar-
chical models. For example, chronic PM10 exposures
slightly modified the estimated acute exposure effects of
nitrogen dioxide and sulfur dioxide, even after each com-
munity’s population density and temperature were adjusted
for in the models. These findings indicate that in the future
we must consider multiple pollutants and interactions
between acute and chronic exposures simultaneously in
order to estimate individual air pollutants’ concentration-
response relations.

A major strength of this study was the innovation of esti-
mating the population at risk from the medical claims data
of small private clinics and medium-sized medical institu-
tions in Taiwan’s National Health Insurance Program. The
estimates of populations at risk allowed us to calculate rates



8 Hwang and Chan

Am J Epidemiol Vol. 155, No. 1, 2002

FIGURE 4. Effects of 10% increases in sulfur dioxide (SO
2
), particulate matter ≤10 µm in aerometric diameter (PM

10
), and carbon monoxide

(CO) exposures at the current day on percentage change in rates of clinic visits for lower respiratory tract illness in 50 Taiwanese communities,
as estimated by Bayesian hierarchical models including community-specific covariates (phase II; see text), 1998. For area, see figure 1. Posterior
mean values (–) and 95% posterior support intervals (vertical bars) from phase II are indicated for each location. The × symbol indicates esti-
mated mean percentage change from phase I.

of daily clinic visits across 50 small study areas. We believe
that the accuracy of this method of estimating population at
risk can be explained by the provision of comprehensive
medical coverage to a majority of people in the National

Health Insurance Program; this allows residents to have
easy access to widely available medical clinics with mini-
mal surcharges for clinic visits in their communities. We
also found no significant difference in the estimation of pol-
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lution effects when we estimated the population at risk using
t values from 1 to 10, although the estimated populations did
change.

We could have estimated air pollution effects by model-
ing the original daily counts of clinic visits as a Poisson
process instead of using Gaussian linear processes. Because
linear predictors of these two models are the same except for
one constant term of population-at-risk on the log scale, we
can expect almost identical estimated pollution coefficients
by either approach. A minor difference between these two
models is the assumed variance structure. The choice of the
time-series approach in this study provided us with flexible
model selection and diagnostic checking and simplified
computation in comparison with the Poisson approach.
Modeling rates would also allow one to interpret the effects
of community-level variables on the intercepts as chronic
effects on clinic visits. It is worthwhile to explore various
risk factors associated with such chronic effects, including
long-term air pollution exposures.

Normally a joint temporospatial model can fit the multiple
time series of clinic visit rates simultaneously with relatively
complicated calculations. In this paper, we fitted a linear
regression model first for the time domain and then Bayesian
hierarchical models for the space domain. Instead of using a
best-fitted linear regression model for each of 3,000 settings
in the first phase, we used only one single model for all set-
tings in order to simplify our calculation. We suspect that the
use of Bayesian hierarchical models in phase II with con-
founding adjustment and cross-community information input
could actually offset loss of statistical power due to subopti-
mal linear regression models in phase I.

Furthermore, we found that the estimates of pollution
effects were relatively robust, both to the choice of range
parameter, R, for spatial correlation and to the choice of pri-

ors of α and τ2 in Bayesian hierarchical models. By using R
and alternative noninformative priors, we found similar
effect estimates in a sensitivity analysis of our models.

Bayesian hierarchical models with community-specific
covariates can smooth out heterogeneous estimates but still
retain meaningful information on variations in pollution
effects among communities. Accordingly, through a small-
area design and Bayesian hierarchical models, one can effi-
ciently obtain national risk estimates for air pollution effects
and improve community-specific estimates for individual
communities. We believe that such a design and modeling
approach could be used more widely in environmental epi-
demiologic studies.
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