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Does residential address‑based exposure 
assessment for outdoor air pollution lead to bias 
in epidemiological studies?
Gerard Hoek1*, Danielle Vienneau2,3 and Kees de Hoogh2,3 

Abstract 

Background  Epidemiological studies of long-term exposure to outdoor air pollution have consistently documented 
associations with morbidity and mortality. Air pollution exposure in these epidemiological studies is generally 
assessed at the residential address, because individual time-activity patterns are seldom known in large epidemiologi-
cal studies. Ignoring time-activity patterns may result in bias in epidemiological studies. The aims of this paper are 
to assess the agreement between exposure assessed at the residential address and exposures estimated with time-
activity integrated and the potential bias in epidemiological studies when exposure is estimated at the residential 
address.

Main body  We reviewed exposure studies that have compared residential and time-activity integrated exposures, 
with a focus on the correlation. We further discuss epidemiological studies that have compared health effect esti-
mates between the residential and time-activity integrated exposure and studies that have indirectly estimated 
the potential bias in health effect estimates in epidemiological studies related to ignoring time-activity patterns.

A large number of studies compared residential and time-activity integrated exposure, especially in Europe and North 
America, mostly focusing on differences in level. Eleven of these studies reported correlations, showing that the corre-
lation between residential address-based and time-activity integrated long-term air pollution exposure was generally 
high to very high (R > 0.8). For individual subjects large differences were found between residential and time-activity 
integrated exposures. Consistent with the high correlation, five of six identified epidemiological studies found nearly 
identical health effects using residential and time-activity integrated exposure. Six additional studies in Europe 
and North America showed only small to moderate potential bias (9 to 30% potential underestimation) in estimated 
exposure response functions using residence-based exposures. Differences of average exposure level were generally 
small and in both directions. Exposure contrasts were smaller for time-activity integrated exposures in nearly all stud-
ies. The difference in exposure was not equally distributed across the population including between different socio-
economic groups.

Conclusions  Overall, the bias in epidemiological studies related to assessing long-term exposure at the residential 
address only is likely small in populations comparable to those evaluated in the comparison studies. Further improve-
ments in exposure assessment especially for large populations remain useful.
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Background
Air pollution has been associated with a range of 
adverse health effects [59]. Outdoor air pollution is the 
most important environmental exposure in the Global 
Burden of Disease assessments [8]. The evidence for 
these burden of disease assessments derives primarily 
from epidemiological studies, especially on long-term 
air pollution exposure that is particularly important 
in terms of health. A Panel appointed by the Health 
Effects Institute (HEI) has recently reviewed epidemio-
logical studies of traffic-related air pollution, address-
ing exposure assessment issues in detail [4, 18]. The 
Panel primarily assessed how well specific methods 
assessed the outdoor concentration and how well out-
door exposure was assigned to the residential address, 
e.g. by assessing the spatial resolution of the exposure 
surfaces and addresses. Virtually all studies assigned 
outdoor concentrations to the residential address only 
[18], a few studies in children incorporated exposures 
at the school address. Even fewer studies in adults have 
incorporated work address in the exposure assessment.

Environmental health researchers have understood 
for decades that the true personal exposure to air pol-
lution is experienced in multiple so-called micro-envi-
ronments [15, 41]. Personal exposure can be assessed 
by direct personal exposure monitoring or indirectly 
by assessing concentrations in key micro-environments 
and obtaining time-activity data [15]. There is a large 
exposure science literature on both approaches. How-
ever, in large epidemiological studies neither direct nor 
indirect personal exposure have often been assessed. 
The main reason for this is that personal exposure 
monitoring is too costly to perform in a large num-
ber of subjects and that assessing long-term exposure 
requires a fair number of repeated samples per sub-
ject. Indirect exposure assessment is also not applied 
often, because most epidemiological studies do not 
have information on where people spend time other 
than the home location. Post-hoc time-activity diaries 
are also prohibitive in large cohort studies and not fea-
sible in retrospective cohort studies. The lack of time-
activity data beyond the residential address is related to 
the fact that very few cohort studies, which have been 
used in air pollution epidemiology, have been primarily 
designed to investigate health effects of air pollution. In 
the recent large studies based on administrative data-
bases, information on residential address is also typi-
cally the only location data available [13, 55]. The few 
studies that were designed to investigate outdoor air 
pollution and did obtain more detailed data on work or 
school address, include the SAPALDIA study in Swit-
zerland and the PIAMA birth cohort study in the Neth-
erlands [32, 61].

Epidemiological studies on air pollution and other 
environmental exposures have been criticized for not 
taking time-activity patterns into account [24, 42, 56]. 
Residence-based exposure assessment is generally criti-
cized because of the fact that air pollution differs in space 
and people spend a sizable amount of time outside their 
home. This is occasionally documented with anecdotal 
figures of individual subject’s exposure data along specific 
tracks, showing large variability depending on location 
and time [58]. We note that this alone is insufficient to 
make strong statements about potential bias in epidemio-
logical studies as the documented exposure contrasts are 
not the contrasts used in epidemiological studies: what 
is used is the contrast in long-term average (e.g., annual 
average) concentrations across individuals. Furthermore, 
major air pollutants including fine particles have been 
shown to infiltrate efficiently into homes [20]. While it is 
understandable that epidemiological studies have relied 
on the residential address, the questions remain as to 
how poorly exposure is assessed and how much bias is 
potentially introduced in health effect estimates by focus-
ing on the residential address only.

The objective of this paper is to review studies that 
have evaluated how air pollution exposures assessed at 
the residence only compare with exposures that integrate 
time-activity patterns. Our second objective is to review 
studies that have evaluated the potential bias of using res-
idential exposure assessment in epidemiological studies 
of long-term air pollution exposure.

Main text
Methods
Review methods
We built on a previous review discussing methods for 
long-term air pollution exposure assessment in which the 
issue of residential exposure assessment was addressed 
[19]. We added more recent studies by searching in the 
database Pubmed with the search terms “mobility”, “static 
exposure”, “dynamic exposure”, “personal exposure”, “resi-
dential exposure” AND “air pollution” OR “air pollut-
ants”. We limited the search to studies in humans and in 
the English language. The search was conducted Febru-
ary 15, 2024. In addition, we reviewed the reference lists 
of identified papers. We treat the following exposure-
related terms used by researchers in the identified papers 
as synonymous: a) dynamic, mobility enhanced, inte-
grated, time-activity integrated and personal exposure, 
and b) static, home-based and residential exposure.

Methods to assess time‑activity patterns and dynamic 
exposures
We can compare residential exposure with directly meas-
ured personal exposure or indirectly assessed personal 
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exposure based on validation studies. The literature 
using directly measured personal exposure as a valida-
tion metric is small and difficult to interpret [35, 38]. In 
these studies, statistically significant but weak associa-
tions between long-term outdoor and personal exposure 
were found. The main problem for the interpretation is 
the difficulty in obtaining a sufficiently large number of 
measurements per person for a large group of subjects to 
credibly assess long-term personal exposure. A second 
reason is that measured personal exposure of e.g., PM2.5 
and NO2  includes both outdoor and indoor sources, 
which are difficult to separate. This is in sharp contrast 
to personal exposure validation studies of short-term air 
pollution, which have convincingly documented that the 
temporal variation at a single outdoor site correlates well 
with temporal variations in personal exposure [5]. The 
spatial comparison is much more complicated, see the 
IARC monograph on outdoor air pollution for a discus-
sion [20]. In the remainder of this review, we focus on 
studies comparing residential exposure with indirectly 
assessed personal exposure.

Obtaining information on time-activity patterns of 
individuals to calculate personal exposure as a weighted 
sum of time spent in different micro-environments, and 
the concentration in that micro-environment, is also 
challenging. Key micro-environments for air pollution 
exposure are the residence, work or school location and 
commuting route [10]. We identified three approaches 
to assess time-activity patterns that have been applied in 
the framework of exposure assessment and epidemiologi-
cal studies. First, agent-based modelling has been applied 
to simulate individual time-activity, typically based upon 
existing survey data [29, 37]. In most applications, the 
actual individual work or school address is not known. 
This approach can be applied to large populations. Sec-
ond, tracking studies have been performed in which 
volunteers carried a GPS tracker or smartphone App to 
empirically determine time-activity patterns [30, 31, 60]. 
Tracking studies are typically studies in small popula-
tion groups (several hundred at most) and cover a lim-
ited amount of time, often one to two weeks because of 
the demand on the participants’ time. Third, a few epi-
demiological studies, designed to assess environmental 
exposures such as air pollution and noise, have collected 
information on the school or work address, including a 
large Canadian cohort using census data [7] and a study 
in Southern-Californian children [33]. While these stud-
ies did not formally obtain full time-activity patterns, 
notably not capturing mobility between these locations 
and leisure time activities, we included these studies as 
school and work cover major micro-environments for 
children and working-age adults.

Studies have compared residence-based exposure and 
indirectly assessed personal exposure in different ways. 
Some studies compared the level and contrast of expo-
sure [29, 31]. One of the first empirical tracking studies 
compared the contribution of the residential environ-
ment to the time-integrated exposure with that of other 
micro-environments [10]. As the primary focus of our 
review is application in epidemiological studies, an 
important comparison metric is the correlation between 
residence-based exposure and indirectly assessed per-
sonal exposure. The correlation is a very important met-
ric because in epidemiological studies we compare the 
health status of individuals with high and low exposures, 
typically on a continuous scale. If the correlation is low, 
we may anticipate different associations with health 
depending on whether exposure is assessed at the resi-
dence only or with time-activity integrated. In the case of 
classical exposure measurement error, we typically expect 
a downward bias of effect estimates in epidemiological 
studies [49]. We included studies if they reported correla-
tions or directly assessed the possible bias in epidemio-
logical studies. We additionally evaluated the difference 
in contrasts and absolute levels between residence-based 
and indirect personal exposure. In the case of a high 
correlation between the two exposure estimates, higher 
health effect estimates may be obtained when using an 
exposure metric with a smaller contrast. Finally, we eval-
uated the epidemiological studies that directly compared 
health effect estimates using residential and time-activity 
integrated exposures.

Time‑activity surveys
Time-activity surveys have shown that people spend 
about 60–70% of their time in their own home environ-
ment, with differences between population groups and 
individuals [20, 26]. In two large North American surveys 
(Canada and USA), people (including adults and chil-
dren) spent 65–66% in the home, 10% at work/school and 
6% outdoors [26]. Children spent about 6–8% more time 
at home in both cohorts [26]. In a large German survey 
of children, children spent 15.5 h per day at home, 4.75 in 
other indoor locations and 3.6 h outdoors [9]. In a large 
survey of 100,000 people in Los Angeles county, USA, the 
population spent 66% of their time in their home (work-
ers 60% and non-workers 72%) [28].

Results
Figure  1 shows the selection of studies. The search 
resulted in 2139 abstracts to be screened, of which the 
full text of 107 were assessed for eligibility. In total, 29 
studies were included in the review for quantitative com-
parisons. Exclusions were related to No comparison of 
residence-based and dynamic exposure (n = 45), Papers 
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addressing residential moving in typically birth cohort 
studies (n = 14) and papers on short-term personal expo-
sure (n = 19). Of the 45 excluded studies, some were used 
in the supporting text.

Comparison between residential and time‑activity 
integrated exposure level and contrast
Table  1 shows the identified studies that analyzed the 
relationship between residential address-based expo-
sure and time-activity integrated exposure assessment. 
Studies were primarily conducted in North America and 
Europe, with three studies from China.

Exposure levels were generally only modestly different 
between residential and dynamic exposure assessment 
methods on a population average level, with residen-
tial exposure being higher in some studies and lower in 
other studies (Table 1). Exposure was on average higher 
in Canada when the work address was incorporated in 
the exposure assessment compared to the residential 
address alone, as work addresses were within locations 
that on average had higher PM2.5 concentrations [7]. A 
study in the New York City region, USA, showed signifi-
cantly different population weighted PM2.5 exposures in 

71 districts between active and home scenarios, although 
differences were small in absolute terms (-0.26 to 0.73 μg/
m3), [39]. In studies in Boston, USA and the Netherlands, 
mean levels were similar for static and dynamic expo-
sures [36, 40]. In a study in Montreal, Canada, almost 
90% of the population had a higher integrated NO2 
exposure compared to the residential exposure [52]. In 
another study in Montreal, NO2 and UFP exposures were 
lower for dynamic exposures of UFP and NO2 and nearly 
identical for PM2.5  [16]. Substantially larger mobility-
integrated exposures compared to residential exposures 
were found for UFP and BC in Toronto, Canada related 
to commuting exposures [53]. Residential exposures of 
106 participants in a study in Beijing were higher com-
pared to mobility-based exposures, both on low and high 
pollution days [30]. All subjects lived in a highly polluted 
neighborhood and therefore mobility resulted in lower 
mobility-integrated exposures [30]. A study in Hong-
Kong found lower dynamic exposures for PM2.5 and BC 
and higher dynamic exposures for NO2  [58]. A study in 
the UK found a small increase in population weighted 
NO2 and PM2.5 exposures when including exposure at the 
work address (2 and 0.3% respectively) [46].

Fig. 1  Flowchart of selection of studies for quantitative comparison of residence-based and dynamic air pollution exposure
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Almost none of the studies incorporated differences 
between indoor and outdoor concentrations, related 
to infiltration into homes, schools or offices. A study in 
Hong-Kong found that if infiltration indoors was taken 
into account, dynamic exposures were on average about 
20% lower than residential exposures because infiltration 
of outdoor air pollution was more efficient in residences 
than in commercial buildings [58]. A study in London 
found that dynamic exposure accounting for infiltration 
and commuting was lower than residential outdoor con-
centrations [54]. The mean dynamic exposure to outdoor 
sources was estimated to be 37% lower for PM2.5 and 
63% lower for NO2 than at the residential address. These 
decreased estimates reflect the effects of reduced expo-
sure indoors (with mean infiltration assumed to be 0.31 
for NO2 and 0.56 for PM2.5), the large amount of time 
spent indoors (95–98%) and the mode and duration of 
travel in London [54]. A study in schoolchildren in five 
European cities, found that after taking into account 
time-activity patterns, exposures at school and in traf-
fic and infiltration, residential outdoor PM2.5 concen-
trations were on average 26% higher than the integrated 
exposure [23]. In the models, infiltration factors were 0.66 
and 0.82 for residences and schools in the four South-
European cities and 0.55 for residences for the Finish 
city. Children spent 87% and 91% indoors in the South-
European cities and Kuopio, Finland respectively [23]. A 
study in Beijing, reported an annual mean outdoor PM2.5 
concentration of 87.6 μg/m3 versus a 47.5 μg/m3 average 
personal exposure, calculated based on an assumed mean 
infiltration factor of 0.47 (Shi, 2017). Studies furthermore 
did not take indoor sources into account, which is rea-
sonable if the interest is in outdoor-generated pollution.

Overall, differences between studies are related to dif-
ferences in locations where people live and work. Com-
muting exposures are, in general, especially higher for 
traffic-related pollutants such as NO2 and UFP, but most 
people spend only a small amount of time in traffic. A 
study in Israel found that the contribution of high NO2 
concentration during commute to the overall, integrated 
exposure, was small [51].

Variability in dynamic exposure levels was lower com-
pared to residential based exposure in almost all stud-
ies (Table 1). In most studies the difference in exposure 
contrast was small to moderate. The explanation for the 
smaller dynamic exposure contrast is probably related 
to the phenomenon that subjects living at the highest 
exposed locations likely work at less exposed locations 
and vice versa. Kim and Park (2021) argued that this pat-
tern is common and use the term neighborhood effect 
averaging, distinguishing upward and downward aver-
aging [22]. Subjects living in the suburbs or towns near 
the city are more likely to work in higher polluted urban 

centers. The reverse pattern is less likely, however sub-
jects living in local hotspots such as major roads may 
work in more urban background conditions. In the Mon-
treal study, plots of the difference between the dynamic 
and residential exposure show that dynamic exposure 
was higher for those with low residential exposure levels 
and lower for those with high residential concentrations 
[16]. In the NYC study, boxplots comparing residen-
tial and integrated exposures by district reveal that the 
majority of districts have a lower integrated exposure 
compared to residential exposure, except for one district 
with a very low residential exposure and the highest inte-
grated exposure [39].

Several studies have investigated determinants of the 
difference between dynamic and residential exposures. In 
a study in Paris, France, the difference between dynamic 
and static exposure was larger for deprived neighbor-
hoods [3]. The locations where people work likely dif-
fer by socio-economic group, e.g., because offices and 
industrial facilities are located in different places. Expo-
sure contrasts between urban and rural areas were differ-
ent for residential exposure and time-weighted average 
exposure including the work address [7]. The exposure 
contrast between major streets and urban background 
in the city of Utrecht was smaller for dynamic exposure 
than for residential exposure [29]. In a detailed analysis 
of residential and mobility-enhanced exposures of UFP, 
NO2 and PM2.5 in Montreal, Canada, various built-envi-
ronment characteristics (e.g. income, unemployment 
rate, major road length, walkability) at the neighborhood 
level and smaller predicted differences for individuals, 
though with only small differences in the overall aver-
age between residential and mobility exposures [16]. In a 
study in Los Angeles, USA, the overall average static and 
dynamic PM2.5 exposure was identical, but for individual 
subjects larger differences occurred e.g. for those living 
in a low pollution neighborhood and working in a high 
pollution area and vice versa, related to socio-economic 
factors [28]. The difference was larger for those travelling 
more than 20 miles between home and work, if these two 
locations differed in exposure [28]. In a large study in US 
workers, disparities between different population groups 
by race, income, age and urbanicity were larger when the 
work address was taken into account [11].

Several studies have found differences in population 
exposure distributions across neighborhoods or districts 
depending on using residential or dynamic exposures, 
related to where people predominantly work and live 
[39]. In studies in Belgium and the UK, researchers found 
that NO2 exposure differed when considering the work-
ing-hour and night-time population distribution [2, 14, 
46]. In the UK study, population-weighted NO2, PM2.5 
and O3 exposures were on average 2%, 0.3% and -0.3% 
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higher when the workday-population distribution was 
taken into account [46]. Population exposures differed 
between daytime and nighttime, partly because many 
areas are predominantly residential or areas where a large 
number of people work.

These observations may be very useful for overall popu-
lation exposure assessment and subsequent risk or health 
impact assessment. However, in epidemiological studies 
we need to know the exposure of individuals, and espe-
cially the correlation between the residential and more 
refined exposure estimates incorporating time-activity 
patterns.

Correlation between residential and time‑activity 
integrated exposures
Eleven studies reported on the correlation between resi-
dential and time-activity integrated exposure. The cor-
relation between residential address-based and dynamic 
long-term air pollution exposure was generally high to 
very high (Table 1). This holds both for studies that sim-
ulated the time spent in locations other than the home 
based on agent-based modelling and for studies that had 
access to the actual individual time-activity patterns. 
Studies have been performed in adults and children and 
in different settings (Netherlands, France, Canada, Swit-
zerland, USA, United Kingdom and China). While the 
overall correlation is high for the full population, large 
differences may occur for individual subjects as illus-
trated in the Montreal study [16]. The agreement between 
residential and mobility-enhanced exposure was less for 
UFP than for NO2 and PM2.5 in the Montreal study (cor-
relation coefficient not reported). In a study in Israel, the 
correlation was high for working-age adults (R2 = 0.64) 
and very high for school children (R2 = 0.89) [50]. In the 
Israel study, the correlation was lower for commuters 
than for non-commuters: R2 = 0.56 vs R2 = 0.68 for the 
adults and R2 = 0.86 vs R2 = 0.94 for the children [50].

In London, correlations differed between commut-
ing mode, despite the small percentage of time spent in 
travel (1–4%) and the large percentage of time indoors 
(95–98% across populations) [54]. Across the population, 
high correlations were found between dynamic exposure 
including infiltration into homes and offices and residen-
tial exposure for non-commuters and those using active 
travel (R = 0.91 and 0.77 for NO2), while only moderate 
correlations were reported for those using inactive travel 
(R = 0.57 for NO2, affected by the high concentrations 
assumed in the London underground) [54].

The generally high correlations between residence-
based exposure and time-activity integrated exposure is 
probably due to the relatively large time fraction spent at 

home and the correlation between exposure at home and 
other micro-environments.

One of the first empirical tracking studies compared 
the contribution of the residential, work and commuting 
environment to overall exposure [10]. In 36 subjects in 
Barcelona, Spain the tracking-based study documented 
that subjects spent about 70% of their time in their resi-
dence, and the residence contributed 54% to the personal 
exposure to NO2. In a large study in Southern California, 
USA, people spent 66% of their time in their own home, 
which contributed 61% of the overall PM2.5 exposure [28].

Several studies reported that the exposure at the resi-
dence correlated with the exposure at school or work, 
the two other major micro-environments where people 
spend time [36, 45]. In the Swiss study including 680 
adults and children in the cantons of Basel-Stadt (i.e. 
“Basel city”) and Baselland (i.e. “Basel country” with 
towns, villages and rural areas), the correlation between 
residential and work and commuting exposure were 0.48 
and 0.69 respectively. In the Dutch study of school-age 
children, correlations for NO2 between residential and 
estimated school and travelling exposures were 0.92 
and 0.92 (0.90 and 0.88 for PM2.5) [36]. The correlation 
between residential and actual school exposures was 
nearly identical (0.89). Therefore, the residential exposure 
estimate also contains some information on the exposure 
in other locations, because children tend to go to a school 
near their home. Adults also on average tend to work 
relatively close to their home. Given the moderate corre-
lation, the residential exposure clearly does not perfectly 
predict exposure elsewhere, but it does add information 
in addition to the time actually spent at home.

In the PIAMA cohort study, information about the 
actual school address was available. The estimated 
and actual exposure at school were highly correlated 
(R = 0.93) [36], providing support for the estimation 
methods. The 24-h integrated exposure incorporating 
the actual and the integrated exposure using the assumed 
school was very highly correlated (R = 0.995).

Comparison of health effect estimates in epidemiological 
studies
Table 2 shows epidemiological studies comparing health 
effect estimates of residential and time- activity inte-
grated exposures. Consistent with the high correlation 
between residential and time-activity integrated expo-
sures, health effects estimated from both approaches 
were nearly identical in five of the six studies. The sixth 
study used a difficult to interpret exposure metric (expo-
sure in a 1600 m buffer) to represent residential exposure.

In a large Canadian administrative cohort with over 
ten million person-years of follow-up, significant asso-
ciations of long-term PM2.5 exposure with natural 
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mortality were found with both residential and time-
weighted average exposure of residential and work 
address [7]. The actual work address was reported in 
the census questionnaire. Hazard ratios (HRs) were 
almost the same for the two exposure metrics, both in 
the full cohort and the cohort of people reporting that 
they commuted to work. Furthermore, no association 
with mortality was found when only the exposure at the 
work address was used. This observation agreed with 
a study in the Health Professionals cohort in the USA, 
in which no association with mortality was found for 
work address PM2.5  [44]. The lack of association with 
air pollution at the work address in two studies could 
be related to a combination of the reduced time spent 
at work or less infiltration of ambient particles into 
the occupational environment. A study in Hong-Kong 
indeed reported lower infiltration ratios for commer-
cial buildings than for residences and schools [58]. For 
PM2.5, infiltration ratios were 0.82, 0.40 and 0.92 for 
residences, commercial buildings and schools, respec-
tively. For NO2 differences in infiltration were much 
smaller [58]. More work is needed to assess how gen-
eral this finding is.

In a study in 700 Dutch primary school children aged 
8  years, associations between long-term exposure to 
PM2.5, NO2 and PM2.5 absorbance with lung function 
were similar for residential and time-activity integrated 
exposure, based on agent-based modelling [36]. Health 
effect estimates were nearly identical when the estimated 
and the actual school location were used in the exposure 
assessment.

In a study of 500 adults in San Diego, USA, PM2.5 and 
NO2 were associated with some cardio-metabolic mark-
ers for dynamic exposures only [27]. For the residential 
exposure, no associations were found. However, exposure 
was characterized as the average exposure in a 1600  m 
buffer around the address, thus neglecting fine-spatial 
resolution variations in outdoor concentrations. As the 
actual exposure to outdoor generated air pollution largely 
occurs indoors, the focus on characterizing residential 

outdoor air pollution in the immediate vicinity to the 
home, instead of a large buffer around it, in virtually all 
epidemiological studies seems more appropriate.

In a study in 140 adults living near a major interstate 
in the Greater Boston area (USA) or in a control neigh-
borhood farther away from the interstate, associations of 
long-term exposure to UFP with the inflammation mark-
ers C-Reactive Protein and Interleukin-6 were weak with 
both home-based and mobility-integrated exposures 

derived from a detailed (15-min resolution) time-activity 
diary [25].

In a cohort study of 2,497 kindergarten and first-grade 
children of the Southern California Children’s Health Study 
(USA), incident asthma was associated with both home and 
school exposure to traffic-related air pollution obtained 
from a line source dispersion model [33]. A time-weighted 
average exposure at home and school gave almost identical 
relative risks compared to the residential exposure.

In a tracking study of 392 Dutch adults (18–65 years), 
sampled from a large representative survey by Statistics 
Netherlands, depressive symptoms from a standard ques-
tionnaire were not significantly associated with PM2.5 
exposure estimated at the residential address and with 
mobility integrated [47]. The authors did find a signifi-
cant negative association with green space, both for resi-
dential and mobility-integrated exposure [47].

Two further studies combined school and residential 
exposure, but did not report a comparison with residen-
tial only exposure [17, 34]. Both studies did not find an 
association with asthma.

Bias in epidemiological studies calculated from exposure 
validation studies
Table  3 shows the six studies that estimated the poten-
tial bias related to assessing exposure at the residential 
address only. Consistent with the high correlation and the 
small differences in effect estimates found in epidemio-
logical studies, these six studies generally showed small to 
moderate bias in estimated exposure response functions, 
assuming classical error [11, 28, 40, 49] (Ragettli, 2015; Yu, 
2020). The specific formula used in these studies was:

where

The bias factor expresses the degree to which a health 
effect is underestimated, e.g., a bias factor of 0.7 implies 
that the theoretical true risk is underestimated by 30%.

The Setton [49] study evaluated potential bias by 
comparing residential address only NO2 exposure 
and an indirect personal exposure integrating work 
and commuting exposures using simulations in Van-
couver based on a Canadian time-activity survey and 
actual individual-level time-activity data in a Southern 

BIAS factor = (σ 2
+ ρ)/(σ 2

+ 2ρ+ ω2)

σ 2
= variance of the true (time− activity integrated) exposure

ρ = covariance of residential and time− activity integrated exposure

ω2
= variance of the error (difference between residential and time−activity integrated)
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California time survey of 25,000 adults [49]. In the Van-
couver analysis, 10,000 random draws of single loca-
tions from each of 382 census tracts were performed. 
In both settings, subjects who did not travel, or trav-
elled within the same census tract, were not included 
in the analysis. This implies that the estimated bias 
overestimates the actual bias in a mixed population 
of commuters and non-commuters. Overall, the bias 
in Vancouver was moderate. However, the bias factor 
was larger when a more spatially varying surface was 
included in the analysis (0.70 for LUR compared to 
0.84 for interpolated surface). The bias factor in South-
ern California was small (mean 0.93) but increased for 
those travelling longer distances from home to work 
and working more hours (Table  3). For those working 
6–8 h and more than 40 km away from home, the bias 
factor was 0.70 and higher.

The study in Basel-Stadt and Baselland extracted infor-
mation on commute routes, home, work and school loca-
tions from geo-coded 24-h time-activity diaries from the 
2010 Swiss Mobility and Transport Microcensus [45]. 
This national telephone-based survey includes coordi-
nates of origin and destination locations and geo-coded 
travel, including travel modes, duration and hour of the 
day. In the sample population, 76% of time was spent at 
home and 22% at work/school. The mean commute dura-
tion and distance of the study participants was 49  min 
and 14  km per day. The bias factor for assessing expo-
sure at the residential address only was 0.87 when com-
pared with the integrated home, work and commuting 
exposures. The largest contribution was from the work 
address exposure, as the bias factor was 0.88 when com-
muting was excluded.

A study in the greater Boston area, estimated work and 
home address location from mobile phone data for over 
400,000 individuals [40]. A comparison of home-based 
and home-work time weighted exposures of PM2.5, linked 
from a fine resolution spatio-temporal LUR model, 
showed nearly identical mean exposures with moderately 
lower contrast in home-work exposure. The bias factor 
calculated assuming classical error was 0.91.

A study in Los Angeles County used agent-based mod-
elling combined with PM2.5 concentrations estimated at 
500 × 500 m resolution for a group of about 100,000 indi-
viduals [28]. A modest bias factor of 0.87 was found [28]. 
The bias factor indicated more bias for commuters (0.78) 
than for non-working people (0.95).

A study in Shenzhen using cell-phone data combined 
with exposure modelled at 3*3  km resolution, found 
that bias factor for NO2 and PM2.5 varied between 0.70 
and 1 dependent on mobility across grids [62]. Bias fac-
tors below 0.8 were calculated for less than 5% of the 
population.

The six studies document small to moderate potential 
bias in epidemiological studies. We note that the impact 
of measurement error on effect estimates in reality is 
more complex and depends, for example, on the contri-
bution of classical and Berkson error to the total error 
[48]. We thus view these calculations as an illustration 
of the potential bias. For the interpretation of these find-
ings, the following observations are important.

First, the modelling and epidemiological studies that 
have integrated work or school address and commuting 
in the assessment of personal exposure have not consid-
ered all activity patterns, e.g. leisure time activities. These 
activities are more difficult to model. However, work 
and school are likely to be the key micro-environments 
beyond the home for a large part of the population (chil-
dren and non-retired adults), based on time survey data. 
A study in Israel documented the largest discrepancy 
between residential and time-activity integrated exposure 
related to exposure during work time [51]. Furthermore, 
the studies based upon actual tracking and agent-based 
modelling including leisure time have found similar high 
correlations and effect estimates.

Second, in the current assessment, we have devoted 
little attention to indoor exposures. If the findings in the 
Hong Kong study of less infiltration of outdoor parti-
cles in the indoor environment of workplaces are more 
widely applicable [58], the residential environment would 
be even more important than the work environment for 
most (indoor) occupations.

Third, the potential bias may be outcome or age-group 
dependent, for example on whether we study childhood 
disease or adult morbidity or mortality. For the large 
body of literature on mortality effects of air pollution, 
the agreement for the elderly needs to be assessed. Resi-
dential exposure may be more closely related to personal 
exposure for this age group, though we lack the data to 
support this hypothesis.

Implications, generalizability and future work
The main implication of the high correlation between 
residence-based and estimated personal exposure is 
that epidemiological studies on long-term outdoor air 
pollution exposure are unlikely to have substantial bias 
related to exposure assessment. In particular, studies are 
unlikely to miss true associations. Consistently, six stud-
ies showed only moderate bias in effect estimates related 
to assumed classical exposure measurement error 
(Table  3). More directly, in five epidemiological studies 
the differences in effect estimates were small between 
residential and time-activity integrated personal expo-
sure [7, 25, 33, 36, 47].

Effect estimates may differ if there is a sizable dif-
ference in exposure contrast between residential and 
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dynamic exposure assessments, even if the correlation 
between the two metrics is high. However, most studies 
showed only a moderately smaller contrast in exposure 
for time-activity integrated exposure compared to resi-
dential exposure.

Because of the observation that differences between 
residential and personal exposure may differ between 
subgroups of the population, it is possible that subgroup 
analysis in epidemiological studies may be more affected 
than the overall effect estimate. No studies have empiri-
cally evaluated this. The same applies to health impact 
assessment based upon epidemiological evidence.

High correlations between residential and dynamic 
exposure have been found in a diversity of populations, in 
children and adults and in different countries. However, 
as illustrated for a Californian and Canadian population, 
the potential bias depends on specific characteristics of 
the population studied, including time spent out of the 
home, distance between home and work and the spa-
tial variability of outdoor air pollution [49]. In the large 
Canadian cohort study, a distinction was made between 
commuting and non-commuting subjects (Christidis, 
2019). Bias may be larger in settings with longer times 
spent out of the home and larger distances between home 
and work than in the studies evaluated in this review. For 
example, in specific populations such as truck drivers 
or aircraft personnel, the bias may be more substantial. 
For children with a long commute in previously pollut-
ing diesel-powered school busses, bias may also be more 
substantial than has been reported for the Dutch studies 
of children visiting schools in their own neighborhood. 
Hence, in cohort studies it is worthwhile to collect infor-
mation on work / school address, commuting times and 
mode of transport. Tracking studies in smaller popula-
tions also remain useful for validation. It remains difficult 
to imagine the application of dynamic exposure assess-
ment in the mega-cohorts based on administrative data 
[13, 55].

Despite the consistency across different study designs 
(exposure, epidemiology), further work on the compari-
son of health effect estimates in epidemiological studies 
is useful, particularly in different populations than those 
studied to date. In the studies calculating bias based on 
exposure comparisons, more sophisticated analyses, 
accounting for both classical and Berkson error would be 
useful.

The observed usefulness of the residential exposure 
furthermore does not imply that we should not address 
air pollution exposures elsewhere. Several studies in chil-
dren have reported health effects related to outdoor air 
pollution exposure at school, including studies in the 
Netherlands [6, 21], Barcelona [1, 43, 57] and California 
[33]. These studies specifically measured air pollution 

exposures at and in the schools. In one study in children 
[43], inflammation markers and blood pressure were 
associated both with home and school-based exposure in 
the week prior to the health evaluation.

In population exposure assessment, it is likely useful to 
account for more than just the residential address. Stud-
ies showed that differences in exposure between differ-
ent socio-economic groups were more pronounced for 
personal compared to residential exposure [3]. Hence 
in evaluating environmental injustice there is benefit in 
a broader exposure assessment approach. The level of 
exposure also generally differs between residential and 
personal exposure. It is not obvious that this in itself is of 
great interest as the judgement of health risks can only be 
based on residential outdoor levels, as this is the method 
used in the epidemiological studies forming the evidence 
base to assess health risks. When comparing different 
populations, time-integrated exposure may show a dif-
ferent pattern if people predominantly work in differently 
exposed locations e.g. people living in suburbs / rural 
towns working either in a major city center versus more 
rural places. Finally, in studies on the impact of interven-
tions on commuting exposures will be less reflected at 
the residential address.

Conclusions
We found that the correlation between residential 
address-based and dynamic time-activity integrated 
long-term air pollution exposure was generally high to 
very high in diverse populations. Consistent with the 
high correlation, epidemiological studies found gener-
ally similar health effects using residential and dynamic 
exposure. Six additional studies showed only small to 
moderate bias in estimated exposure response functions 
using residence-based exposures, assuming classical 
error. Overall, the bias in epidemiological studies related 
to assessing long-term exposure at the residential address 
only is likely small in populations comparable to those 
evaluated in the reviewed studies.

Exposure studies did show generally modest differ-
ences in exposure level and exposure contrast, potentially 
affecting the magnitude of estimated health effects. The 
difference in exposure, however, is not equally distrib-
uted across the population including between different 
socio-economic groups, urban and rural populations and 
different neighborhoods. Further improvements in expo-
sure assessment for epidemiological and health impact 
assessment studies, especially for large populations, 
remain highly useful. A limitation of the studies is that 
few considered indoor – outdoor relationships. Incorpo-
ration of infiltration of outdoor air pollutants may further 
improve exposure assessment.
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