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Abstract

Background: Objective tracking of asthma medication use and exposure in real-time and
space has not been feasible previously. Exposure assessments have typically been tied
to residential locations, which ignore exposure within patterns of daily activities.
Methods: We investigated the associations of exposure to multiple air pollutants, de-
rived from nearest air quality monitors, with space-time asthma rescue inhaler use cap-
tured by digital sensors, in Jefferson County, Kentucky. A generalized linear mixed
model, capable of accounting for repeated measures, over-dispersion and excessive
zeros, was used in our analysis. A secondary analysis was done through the random for-
est machine learning technique.

Results: The 1039 participants enrolled were 63.4% female, 77.3% adult (>18) and 46.8%
White. Digital sensors monitored the time and location of over 286 980 asthma rescue
medication uses and associated air pollution exposures over 193 697 patient-days,
creating a rich spatiotemporal dataset of over 10 905 240 data elements. In the general-
ized linear mixed model, an interquartile range (IQR) increase in pollutant exposure
was associated with a mean rescue medication use increase per person per day of 0.201
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[95% confidence interval (Cl): 0.189-0.214], 0.153 (95% CI: 0.136-0.171), 0.131 (95% CI:
0.115-0.147) and 0.113 (95% CI: 0.097-0.129), for sulphur dioxide (SO,), nitrogen dioxide
(NO,), fine particulate matter (PM, ) and ozone (Os), respectively. Similar effect sizes
were identified with the random forest model. Time-lagged exposure effects of 0-3 days

were observed.

Conclusions: Daily exposure to multiple pollutants was associated with increases in daily
asthma rescue medication use for same day and lagged exposures up to 3days.
Associations were consistent when evaluated with the random forest modelling

approach.

Key words: Asthma, short-acting beta agonist, mobile health, digital sensor, environmental trigger

Key Messages

10 905 240 data elements.

pollutant exposures with rescue medication use.

associations demonstrated non-linear relationships.

hospitalizations as the health outcome.

studies.

* Digital sensors monitored the time and location of over 286 980 asthma rescue medication uses and associated air
pollution exposure from 1039 participants over 193 697 patient-days, creating a rich spatiotemporal dataset of over

* Both linear mixed model and secondary analysis using a random forest model identified associations of multiple air

Pollutants NO,, O3, SO, and PM,s were associated with increases in daily rescue medication use and their

* The effect sizes identified in this study are 2-3-fold those identified using emergency department visits and

* Positive associations of time-lagged exposures of up to 3 days were identified and were consistent with previous

Introduction

Asthma affects 1 in 13 individuals in the USA," accounts for
$82 billion in direct and indirect cost annually,” impairs
quality of life and leads to increased morbidity and mortal-
ity.> Air pollution may lead to increased asthma medica-
tion use® and has been shown to exacerbate asthma
morbidity” and global mortality.*'" Previous studies have,
however, relied on aggregated, infrequent or self-reported
health outcome data. Furthermore, previous studies were
limited to the residential locations of study participants in
assessing daily air pollution exposure, which could mischar-
acterize variable exposure during daily activities outside the
home.” Additionally, few studies have used a multipollutant
approach.'*'? Instead, many studies used single pollutant
modelling approaches, despite the fact that people can be
exposed to multiple pollutants simultaneously."*

Digital sensors may offer data to address these gaps.'’
Fitted onto inhalers, sensors can capture the date, time and
location of medication use, thereby offering an objective
signal of rescue inhaler use, a proxy for asthma symptoms
in real-time and space. Although spatiotemporally rich,

these data present some methodological challenges. The
medication use outcome data tend to be over-dispersed
and have frequent days without use (i.e. zero inflation),
and the associations can be non-linear. To address these
issues, a recent advance in biostatistics, the generalized lin-
ear mixed model using Template Model Builder
(glmmTMB), can handle repeated measures from individu-
als and seasons, model both Poisson and negative binomial
distributions and process data with excessive zeros with
balanced speed and flexibility.'®~'®

In this analysis, we aimed to identify the associations of
asthma rescue inhaler medication use with exposures to
multiple air pollutants, derived from the nearest air quality
monitoring stations to space-time rescue inhaler use, in-
cluding nitrogen dioxide (NO,), ozone (O3), sulphur diox-
ide (SO,) and particulate matter with aerodynamic
diameter <2.5 microns (PM, s), for both same-day and
lagged exposures up to 5days. We collected data from a
cohort in Louisville, Kentucky'” (Figure 1), a city that
ranks among the top 25 ‘most challenging places to live
with asthma’ in the USA,?® as part of a public-private
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Figure 1 The City of Louisville in Jefferson County, Kentucky, USA

collaboration to address respiratory disease that was called
AIR Louisville."”

Methods

Study population and medication use data
collection

All participants signed the Propeller Health Terms of
Service, which states that data collected by sensors may be
used for public health analyses. The protocol was reviewed
and approved by the Copernicus Independent Review
Board (PRH1-17-508).

Eligible participants enrolled in AIR Louisville through
a number of channels, including employer partner wellness
programmes, clinics, community events and social media
campaigns. The programme is described in detail else-
where." Inclusion criteria consisted of a self-reported di-
agnosis of asthma, a current prescription for a sensor-
compatible inhaled medication for asthma and living or
working in Jefferson County, Kentucky.

All participants received digital sensors to attach to
their inhaled medications for asthma, including both daily

controller medications and short-acting beta agonist
(SABA) or rescue medications (Propeller Health, Madison,
WI) (Figure 2). The sensors regularly transmit medication
use data back to the server (‘sync’) through a smartphone
or wireless hub, along with the ‘heartbeat’ signal. Rescue
actuations occurring within 2 min were considered a single
medication use ‘event’. Events within a day were summed
for each participant to achieve an outcome of rescue medi-
cation events per person per day. To limit the influence of
outliers in our analysis, we capped the maximum number
of rescue medication events per person per day at 20.
Global Positioning System (GPS) locations of rescue medi-
cation use and heartbeats were assigned from paired smart-
phones or through a sequential back-filling process
(Supplementary Data, available as Supplementary data at
IJE online).

Environmental and adjustment variable
assignments

Each rescue medication use or heartbeat event was
assigned concentrations of the five critical pollutants. We
included critical pollutants known to be relevant for
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Figure 2 Digital medication sensors fit onto inhaled respiratory medications and record the date and time of use. Data are transmitted wirelessly via a

paired smartphone

asthma, including: nitrogen dioxide (NO,), ozone (O3),
sulphur dioxide (SO,) and particulate matter of <2.5
microns (PM;5) and <10 microns (PMjg). Air pollutant
data were acquired from the USA Environment Protection
Agency (EPA)’s Air Quality System (AQS) for the entire
Ohio River Valley Climate region, including the states of
Illinois, Missouri, Ohio, West Virginia, Indiana, Kentucky
and Tennessee. The concentrations of the criterical pollu-
tants were measured to match the frequency of the EPA’s
monitoring, which includes an 8-h maximum for O3 and
24-h mean for PM, s and PM;y. Although concentration
data are available on an hourly basis for NO, and SO,, we
averaged them to mean daily concentrations to keep the
time scale consistent across all pollutants. The air pollutant
data assignment process occurred in this order, depending
on data availability: (i) assigned from the closest air quality
monitoring station, bounded within Kentucky, within the
same day; (ii) pollutant data assigned from the closest air
quality monitoring station, bounded within the Ohio River
Valley climate region, within the same day; (iii) pollutant
data assigned from the closest air quality monitoring sta-
tion, bounded within Kentucky, within 24 h of the event;
(iv) pollutant data assigned from the closest air quality
monitoring station, bounded within the Ohio River Valley
Climate Region, within 24 h. If no data were matched after
the fourth step, the events were removed from analysis
(NO, and O3: 0%; SO»: 8%; PM, s and PM: 0.2%). The
climate region was used to bound assignments because cli-
matic conditions and dispersion of air pollutants can differ
significantly across different climate regions, as determined
by National Oceanic and Atmospheric Administration
(NOAA) longitudinal data.”! The median matched distan-
ces from rescue or heartbeat event to the closest monitor

for NO,, O3, SO,, PM, s and PM,, were, respectively,
11.91km, 10.44km, 12.50km, 6.93km and 13.07 km.
These distances are similar to the 12-km downscaler reso-
lution EPA uses for modelling O concentrations.**

The daily mean (standard deviation) exposures to NO,,
03, SO, and PM, s among the 1039 participants were, re-
spectively, 11.4 (7.0) ppb, 27.4 (11.6) ppb, 0.8 (1.0) ppb
and 9.0 (4.3) pg m >, and their 95th percentile values were,
respectively, 24.7 ppb, 46.6 ppb, 2.5 ppb and 17.0 pg m .

Each rescue or heartbeat event was assigned concentra-
tions of the five critical pollutants. We also obtained daily
pollen and mould counts (by a specialty clinic, Family
Allergy & Asthma, which is a National Allergy Bureau-
certified pollen counting station in Louisville) and weather
data (temperature, relative humidity, atmospheric pressure
acquired from the National Oceanic and Atmospheric
Administration Quality Controlled Local Climatological
Data Repository) and assigned them to individual exposure
space in a way similar to assigning air pollution data (see
Supplementary File, available as Supplementary data at
IJE online). To adjust for neighbourhood socioeconomic
status, we assigned the Centers for Disease Control and
Prevention (CDC) Social Vulnerability Index (SVI) value at
travel level for each participant.”® The assignment process
is fully described in the Supplementary data.

Statistical analysis

Before modelling, we identified whether significant multicol-
linearity existed among the environmental factors through a
variance inflation factor (VIF) analysis (Supplementary
data).?* Multicollinearity inflates the variance of predictors
and leads to biased coefficient estimation and a loss of
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power.>>*® AVIF score is calculated for each predictor by
doing a linear regression of that predictor on all other pre-
dictors, and then obtaining the variance being explained
value (R?) from that regression. If no significant multicolli-
nearity existed, we then modelled the associations of simul-
taneous air pollution exposure with daily rescue medication
using glmmTMB. Otherwise, the air pollutant that was col-
linear with other environmental variables was removed
from analysis.'® Our model outcome represents the number
of rescue medication uses per person per day, which is a
count. To identify whether our glmmTMB model would be
more appropriate using a Poisson or negative binomial
modelling approach,?” we tested model dispersion with the
R package blmeco (v 1.3).® We further tested whether the
linear mixed model should account for excessive zeros®’
through a zero-inflation test using the R package vedExtra
(v0.7.1).>° We ran the R package glmmTMB (v0.2.3)*" us-
ing the appropriate modelling specification (i.e. Poisson or
negative binomial, and with or without the logit model)
identified from the above analysis and included a random
intercept for both individual participant and season. We as-
sumed outcome of zeros (days without rescue medication
use) could be associated with low air pollution exposure
and incorporated NO,, O3, SO, and PM, 5 as parameters in
the logit model when excessive zeros existed.

To demonstrate the marginal effects of individual pollu-
tants, we generated penalized partial dependence plots
with 95% confidence intervals®® through a smoothing
method called penalized regression splines generalized ad-
ditive model (GAM) (mgcv v1.8-31).>%* Partial depen-
dence plots are low-dimensional graphical renderings of
the relationship between the predicted outcome and a pre-
dictor of interest, which accounts for the mean effect of the

1.3% Due to the potential com-

other predictors in the mode
plex relationship between air pollutant exposure and res-
cue medication use, their partial dependency and identified
marginal effects might be non-linear. To avoid overly large
confidence intervals due to insufficient data support, a par-
tial plot for a pollutant of interest was truncated at the
95th percentile of the observed exposure level. To be able
to compare the marginal effects of individual air pollutant
exposures on rescue medication use, we also identified lin-
ear trends from the detected partial dependence plots.

Due to the complex nature of the glmmTMB modelling
framework, a secondary analysis was also conducted through
machine learning techniques that also offer solutions for ana-
lysing high-dimensional patient data.>® Random forest is
an ensemble learning method that builds a multitude
of decision trees at training and predicts an outcome using
out-of-bag data.?” It modifies the bagging technique by ensur-
ing that the individual trees are de-correlated by using a boot-
strap sample for each tree and randomly selecting a subset of

predictors for testing at each split point in each tree. As one
of the most frequently used machine learning techniques in
health-related research,*® random forest has a potential ad-
vantage over traditional linear models for several reasons: (i)
lack of underlying data structure assumptions; (ii) resistance
to model overfitting; (iii) ability to handle multicollinearity
among predictors; and (iv) increased accuracy in prediction.’”

Using the random forest R package,*” we modelled daily
rescue medication use using the same parameters as those
specified in the linear mixed glmmTMB models. Both
glmmTMB and random forest models included variables to
account for confounding from individual characteristics, in-
cluding: age, gender, self-reported race-ethnicity, and initial
disease status defined by the Asthma Control Test (ACT).*°
The ACT is a five-question, 4-week recall of asthma symp-
toms and use of rescue medications, and self-assessment of
asthma control. The scores range from 5 (poorly controlled)
to 25 (well-controlled), with higher scores reflecting greater
asthma control. An ACT score indicates level of control,
with <20 indicating not well-controlled and <15 indicating
very poorly controlled. For each individual, we also in-
cluded the number of days per week with rescue medication
use as a proxy for ongoing disease status,*! aiming to adjust
for each patient’s individual variability in disease severity to
better assess the impact of air pollutant exposure alone. As
mentioned previously, we also controlled for impacts from
daily weather conditions, ambient pollen and mould counts

and census-tract-level socioeconomic status.

Time-lagged exposure analysis

To explore whether time-lagged air pollution exposure was
associated with rescue medication use,*” we evaluated asso-
ciations of the preceding 5days of averaged air pollutant
concentrations by taking the average of the index day (i.e.
lag 0) and preceding 1-5 days, in the modelling process.

Results

Study population and rescue medication use data
collection

We recruited 1039 participants with asthma across Jefferson
County: 63.4% of the participants were female, 77.3%
were adult (>18), mean age was 34.9 [standard deviation
(SD) 15.6]and 46.8% were White (Table 1). Participants
had a median baseline ACT score of 14.1 (SD 3.4), and
93.7% of participants were considered not controlled at
baseline (i.e. <20 on initial ACT). Neighbourhood-level so-
cial vulnerability (SVI, mean 0.53 and SD 0.59) was slightly
higher than national figures (mean 0.50 and SD 0.29) based
on CDC statistics.>
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Table 1. Demographic statistics of the participants (n=1039)

Demographics n Value
Gender
Male 380 36.6%
Female 659 63.4%
Age
3-17 236 22.7%
18-25 102 9.8%
26-45 380 36.6%
46-65 276 26.6%
66 and over 45 4.3%
Race-ethnicity
White/Caucasian 486 46.8%
African American 228 21.9%
Hispanic S 0.5%
Asian 9 0.9%
Native American 9 0.9%
Pacific Islander 2 0.2%
Other 2 0.2%
Not reported 298 28.7%
Baseline ACT Score Mean (SD) Score, value
14.1 (3.4) 5,0.87%
(6-9], 9.72%
[10-14], 54.48%
[15-19], 28.68%
[20-25], 6.26%
% Pollen exposure Mean (SD) 1st=3rd Q
from grass (counts 3.12 m? air) 2.58 (11.98) 0.00-2.16
from weed (counts 3.12 m? air) 6.94 (22.06) 0.00-2.16
from trees (counts 3.12 m? air) 53.62(211.99) 0.00-6.48
from mould (spores) (3.12 m? air) 4194 (3386.07) 1463-6502
Neighbourhood social vulnerability Mean (SD) 1st=3rd Q
0.53 (0.59) 0.29-0.80

For the baseline Asthma Control Test (ACT) scores, we provided the mean and standard deviation values. We further categorized each ACT score into five clas-

ses and those with an ACT score below 20 are considered uncontrolled (93.74%). For pollen exposure and neighbourhood social vulnerability values, their mean

(standard deviation), 1st and 3rd quarter (Q) values are presented. Pollen exposures were seasonal, with the greatest grass and tree pollen impacts in spring and

the greatest weed pollen impact in later summer and earlier autumn, except for mould spores impacts which were year round.

Data were collected from 12 June 2012 to 29
November 2017, acquiring 286 980 unique rescue medi-
cation uses. Mean number of rescue events per person per
day was 1.24 (SD 2.6) after capping the maximum rescue
events at 20 per day, which occurred on 315 patient days
or 0.4% of total rescue events.*’ The daily environmental
exposure values and their standard deviations, including
air pollution and weather conditions, are detailed in the
Supplementary data.

Seasonal variations in air pollution exposure and
rescue medication use

We aggregated daily air pollution exposure levels and daily
rescue medication use to form seasonal air pollution exposure

and rescue medication use across all the study participants.
We then plotted seasonal air pollution exposures along with
seasonal rescue medication use for the four critical pollutants
(see Figure S1, available as Supplementary data at IJE online).
The air pollution exposures were generally higher in autumn
but lower in spring/summer for NO,, PM, s and SO,, except
for O3 which showed an opposite trend. For rescue medica-
tion use, it was generally higher in autumn/winter, but lower

in summer.

glmmTMB modelling results

The VIF analysis (Table S1, available as Supplementary
data at IJE online) indicated a score of 2.4 for PM o, which
approaches the multicollinearity limit of 2.5.** After
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Figure 3 The penalized partial dependence plots of NO, (IQR =9.44 ppb), O (IQR = 15.65 ppb), SO, (IQR = 1.35 ppb) and PM, 5 (IQR = 5.80 ug m™3) with
daily rescue medication use (y-axis), modelled through a gimmTMB (generalized linear mixed model using Template Model Builder) model and ad-
justed for potential impact from individual characteristics (including age, gender and self-reported race-ethnicity) and disease status [including initial
asthma control as defined by the patient-reported Asthma Control Test (ACT) scores and number of days of rescue medication use per week], daily
weather conditions, ambient pollen and mould counts and census-tract-level socioeconomic status in Social Vulnerability Index (SVI). The blue solid
lines indicate the expected partial impact of each air pollutant on daily rescue medication use, holding all other variables in the model at their means,
with a 95% confidence interval in grey. The red dotted lines represent expected rescue medication use per person per day as a linear function of re-

spective penalized partial dependence plots

removing PM, all the other air pollutants had a VIF value
much smaller than 2.5, indicating lack of significant multi-
collinearity. In the bivariate analysis between rescue medi-
cation use and PM;, associations, PM;, was not
significantly associated with rescue medication use; there-
fore we did not analyse the effect of PMq on rescue medi-
cation use. The variance inflation factor (VIF) analysis
showed that NO,, O3, SO, and PM, 5 did not have signifi-
cant multicollinearity and could be included in the same
model (Supplementary data).?* The dispersion test showed
the glmmTMB model had a dispersion value of 1.3
(Supplementary data), indicating lack of significant disper-
sion in the model,* and therefore a Poisson model was ap-
plied in the conditional model. The zero-inflation test
indicated excessive zeros existed in the number of daily res-
cue medication uses (p<0.001) (Supplementary data);

therefore we included an inflation logit model with NO,,
03, SO, and PM, 5 as parameters in both the Poisson con-
ditional model and the inflation logit model.

The model identified significant and positive associa-
tions among all four pollutants with daily rescue medica-
tion use. The penalized partial dependence plots (blue
lines) indicated non-linear, consistently upward trends for
all pollutants (Figure 3). When the linear trend was evalu-
ated (red lines), it showed that per IQR increase of NO,,
03, SO, and PM,; 5 exposure, respective daily rescue medi-
cation use was estimated to increase by 0.153 (95% CI:
0.136-0.171), 0.113 (95% CI: 0.097-0.129), 0.201 (95%
CIL: 0.189-0.214) and 0.131 (95% CI: 0.115-0.147). For
interpretability, we translated these increases into relative
percent increase over the mean (1.24 rescue uses/person/
day), which included: 12.34% (95% CI: 10.97-13.79%),
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Table 2 Linear trend of per IQR increase in pollutant exposure associated with an absolute increase in daily rescue medication

use (top) and percent increase relative to the mean (bottom) per person from gimmTMB and secondary analysis random forest

modelling results

Rescue increase Pollutant glmmTMB Random forest
Estimate 95% CI Estimate 95% CI
Absolute values NO, 0.153 (0.136-0.171) 0.134 (0.109-0.160)
(0N 0.113 (0.097-0.129) 0.114 (0.091-0.137)
SO, 0.201 (0.189-0.214) 0.179 (0.161-0.198)
PM, 5 0.131 (0.115-0.147) 0.124 (0.102-0.148)
Percent increase (%) NO, 12.34% (10.97-13.79%) 10.81% (8.79-12.90%)
O3 9.11% (7.82-10.40%) 9.19% (7.34-11.05%)
50O, 16.21% (15.24-17.26%) 14.44% (12.98-15.97%)
PM, 5 10.56% (9.27-11.85%) 10.00% (8.23-11.94%)

glmmTMB, the generalized linear mixed model using Template Model Builder.

9.11% (95% CI: 7.82-10.40%), 16.21% (95% CI: 15.24-
17.26%) and 10.56% (9.27-11.85%) for NO,, O3, SO,
and PM, s_respectively (Table 2).

Results from secondary analysis

Based on the penalized partial dependence plots from ran-
dom forest modelling (Figure S1), the same-day exposure
impact from a per IQR increase using the linear trend for a
pollutant was similar to the glmmTMB modelling results.
The linear trend indicated that per IQR increase of NO,,
03, SO, and PM,; 5 exposure, daily rescue medication use
was estimated to increase by 0.134 (95% CI: 0.109-
0.160), 0.114 (95% CI: 0.091-0.137), 0.179 (95% CIL:
0.161-0.198) and 0.124 (95% CI: 0.102-0.148), respec-
tively (Table 2).

Time-lagged exposure analysis

The time-lagged exposure analysis showed relatively varied
effects of each pollutant when averaged up to 5 days of pre-
ceding exposures (Figure 4). For NO,, we saw a 1-day
lagged exposure effect: a steeper positive slope was ob-
served from day O to day 1, with a gradual increase up to
day 5. For SO,, an increase in daily rescue medication use
was seen over days 0-3, after which the rate showed a
gradual decrease (i.e. a 3-day lagged exposure effect). For
O3, the effect decreased after the index day of exposure,
which had the greatest impact on increase in rescue medi-
cation use (i.e. no time-lagged effect). For PM, s, a slight
increase was seen from the index day to the 1-day lagged
exposure, and then steady decrease was observed (i.e. a 1-
day lagged exposure effect).

Discussion

This analysis demonstrated positive associations of expo-
sures to multiple air pollutants with a spatially and
temporally-resolved health outcome collected by digital
sensors. The spatiotemporal exposures and locations of
health outcome measure (here rescue medication use) were
identified through medical sensors, rather than the tradi-
tional analysis that largely used home address as location
of exposure and location of health outcome measure. The
glmmTMB modelling results and the secondary analysis in
random forest modelling demonstrated consistent, positive
associations of NO,, O3, SO, and PM, s with daily rescue
medication use. Time-lagged exposure effects were also ob-
served for NO, (1-day), SO, (3-day) and PM, 5 (1-day),
except for O3.

The rich data collected by digital sensors, however, de-
mand new methodological approaches. For example, tradi-
tional linear mixed models may not be sufficient in dealing
with the frequent zeros in the health outcome data, as was
seen here in rescue medication use per person per day mea-
sure. A linear mixed model capable of processing excessive
zeros, such as the glmmTMB used in this analysis,
addressed this issue by creating two models: one dealt with
normal count data with a Poisson function and the second
dealt with the excessive zeros through a logit function. The
random forest model, like other complex nonparametric
models (e.g. neural networks, support vector machines and
super learners), is becoming more common in predictive
analytics, especially when dealing with large observational
datasets that do not adhere to the strict assumptions im-
posed by traditional statistical techniques (e.g. multiple lin-
ear regression assumes linearity, homoscedasticity and
normality).>*

Just as the distinctive dataset required a unique ap-
proach, analysing and interpreting the results requires a
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Figure 4 The impacts of duration of exposure to NO, (IQR =9.44 ppb), Oz (IQR = 15.65 ppb), SO, (IOR = 1.35 ppb) and PM, s (IQR =5.80 ug m™) on
increases in daily rescue medication use through the respective marginal effects modelled through the random forest technique with comprehensive
confounding control. The x-axes represent the number of days of averaged exposure to each pollutant as counted preceding the index day (0) and
the y-axes represent the increase in the number of daily rescue medication uses associated with a per IQR increase in respective pollutant exposure;
0-day refers to the index day, 1-day refers to the average exposure from the index day plus 1 day preceding it, and so on. The 5-day refers to the aver-

age exposure from days 0-5

new approach as well. For example, glmmTMB models
counts separately using a Poisson model and zeros using a
logit model, which makes understanding the overall mar-
ginal effect of a predictor less straightforward. Random
forest uses a multitude of decision trees for training and
prediction, and typical packages (e.g. R randomForest)
lack the ability to identify the overall marginal effect of a
predictor. To address these limitations, we applied partial
dependence plots which can display the expected marginal
effects from complex or black box models.**

Overall, the percent increase in daily rescue medication
ranged 9-14% per IQR increase in air pollution exposure,
depending on the pollutant. These effect directions are con-
sistent with previous literature; however, the magnitudes
of these effects are approximately 2-3-fold those found for
emergency department (ED) visits and hospitalizations in a
recent meta-analysis.*® The greater effects identified in this
study suggest that rescue medication use may be an out-
come more sensitive to air pollution than the more rare,
acute ED visit or hospitalization event, which could help
enhance our understanding of the lower=acuity impacts of
air pollution.

We observed variable impacts of lagged exposures
across the pollutants over their preceding days. This find-
ing is consistent with controlled chamber studies, where
time-lagged effects were demonstrated, over 24-48 h, for
NO, and SO,.*”**® Other studies have demonstrated up to
5 days of lagged exposure impacts, including 1-2 days for
NO, **7! 0-3days for SO,°*7* and 3-Sdays for
03.7°¢ The difference for O3 may be influenced in our
study by a lower proportion of children, who are more sen-
sitive to ozone.”” Children are at greatest risk from expo-
sure to ozone because their lungs are still developing and
they are more likely to be active outdoors when ozone lev-
els are high.

There
Participants self-selected to enroll in the programme from

were several limitations in this study.
a variety of recruitment sites, which may introduce some
bias. For air pollution data, we were limited by the distri-
bution of the existing regulatory air quality monitoring
network, which does not densely monitor all neighbour-
hoods in Jefferson County. Additionally, we focused on
ambient air pollution and did not take indoor air quality

into consideration, due to lack of data; however, we
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believe that indoor air quality is extremely important and
should be explored in future studies.

In summary, simultaneous exposures to multiple pollu-
tants were associated with increases in daily asthma rescue
medication use, for both current day exposures and time-
lagged exposures of up to 3 days, although it varied by pol-
lutant. The spatiotemporally rich data collected by sensors
demanded novel methodological approaches, which per-
formed comparably and provided consistent results.

Supplementary Data

Supplementary data are available at IJE online.
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