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ABSTRACT: Indoor air quality is critical to human health, as individuals spend

an average of 90% of their time indoors. However, indoor particulate matter A
(PM) sensor networks are not deployed as often as outdoor sensor networks. In ﬂ

Fhis study, indoor PM, ¢ exposure is investigated via 2 low-cost sensor net.works Indoo;:s%‘gdoor M demographics
in Pittsburgh. The concentrations reported by the networks were fed into a

Monte Carlo simulation to predict daily PM, g exposure for 4 demographics .
(indoor workers, outdoor workers, schoolchildren, and retirees). Additionally, ‘. 6 Monte c O b
this study compares the effects of 4 different correction factors on reported Cﬁrlo
concentrations from the PurpleAir sensors, including both empirical and PMiéf’Sg;pa(;:ure | seheme
physics-based corrections. The results of the Monte Carlo simulation show that

mean PM, g exposure varied by 1.5 ug/m® or less when indoor and outdoor

concentrations were similar. When indoor PM concentrations were lower than outdoor, increasing the time spent outdoors on the
simulation increased exposure by up to 3 pg/m?’. These differences in exposure highlight the importance of carefully selecting sites
for sensor deployment and show the value of having a robust low-cost sensor network with both indoor and outdoor sensor
placement.

KEYWORDS: Low-cost sensor, indoor air quality, Monte Carlo, community air monitoring, exposure, PurpleAir

1. INTRODUCTION high percentage of time people spend inside, the lack of easily
Particulate matter (PM) refers to small solid and liquid accessible indoor air quality data has necessitated the use of
particles suspended in the air. PM, g refers to PM particles with outdoor concentrations in epidemiological and public health
diameters 2.5 ym and smaller. PM, ¢ can be inhaled into the settings. Most epidemiological research on the health effects of
lungs, which elevates the health risk posed by these fine PM exposure relies on outdoor data exclusively.""'~'* Yet,
particles, in comparison to larger particles.' - Exposure to since most people spend disproportionately more time
PM, g correlates to an 1ncreased likelihood of lung cancer’ and indoors, relying on outdoor concentrations can create an

cardiovascular disease.* In addition, PM25 is significantly
associated with increased daily mortality.” Due to its health
impacts, government organizations in many countries regulate
and monitor PM levels. In the United States, the federal
reference method (FRM) for measuring PM is the gravimetric
method, in which the difference in the mass of a filter before

exposure misclassification. To fully understand how PM
impacts human health, indoor air quality must also be
considered.

Outdoor-located sensors are not poised to detect PM from
pollutants unique to the indoors. For example, inside-only

and after sampling is used to find the PM mass concentration. activities such as cooking, heating, and the use of consumer
In addition to the gravimetric method, several federal products are known to produce PM Pouuu"n-ls’m Due to their
equivalent methods (FEM) can also provide high-quality PM location, outdoor sensors cannot detect these pollutants, and
measurements. Among these are Beta Attenuatlon Monitors as a result, there is uncertainty about whether outdoor
and tapered element oscillating microbalances.”™® While FRM measurements reflect the reality of indoor PM exposure levels.
and FEM are the gold standards for PM measurement, their For example, Ebelt et al.'” indicate that, for pooled

large size, high cost, intensive siting requirements, and frequent

maintenance needs pose significant challenges that limit the

number of sites where they can be deployed” and make them '

unsuitable for estimating personal PM exposures. Rec_elved: December 8, 2023
Another drawback of existing regulatory PM measurements Revised: - May 8, 2024

is that the EPA regulates and monitors outdoor PM Accepted:  May 9, 2024

concentrations and not indoor levels. Seeing as people spend Published: May 21, 2024

only 7.6% of their time outdoors,'” this measurement scheme

may not fully reflect individuals’ PM exposure. Despite the

correlations, there is only a moderate correlation between

© 2024 The Authors. Published b
Ameericl;n %ﬁemlilcaissgcietz https://doi.org/10.1021/acsestair.3c00105

W ACS Publications 767 ACS EST Air 2024, 1, 767—779


https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Shahar+Tsameret"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Daniel+Furuta"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Provat+Saha"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Nohhyeon+Kwak"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Aliaksei+Hauryliuk"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Xiang+Li"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Albert+A.+Presto"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Albert+A.+Presto"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Jiayu+Li"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/showCitFormats?doi=10.1021/acsestair.3c00105&ref=pdf
https://pubs.acs.org/doi/10.1021/acsestair.3c00105?ref=pdf
https://pubs.acs.org/doi/10.1021/acsestair.3c00105?goto=articleMetrics&ref=pdf
https://pubs.acs.org/doi/10.1021/acsestair.3c00105?goto=recommendations&?ref=pdf
https://pubs.acs.org/doi/10.1021/acsestair.3c00105?goto=supporting-info&ref=pdf
https://pubs.acs.org/doi/10.1021/acsestair.3c00105?fig=tgr1&ref=pdf
https://pubs.acs.org/toc/aeacd5/1/8?ref=pdf
https://pubs.acs.org/toc/aeacd5/1/8?ref=pdf
https://pubs.acs.org/toc/aeacd5/1/8?ref=pdf
https://pubs.acs.org/toc/aeacd5/1/8?ref=pdf
pubs.acs.org/estair?ref=pdf
https://pubs.acs.org?ref=pdf
https://pubs.acs.org?ref=pdf
https://doi.org/10.1021/acsestair.3c00105?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://pubs.acs.org/estair?ref=pdf
https://pubs.acs.org/estair?ref=pdf
https://acsopenscience.org/researchers/open-access/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/

ACS ES&T Air

pubs.acs.org/estair

personal PM exposure and ambient exposure due to variability
in personal lifestyle and home infrastructure.

There is already sufficient evidence of the detrimental health
impacts of PM, as well as evidence that indoor air contains PM
with a different make-up than outdoor PM."* However, due to
the difficulties of monitoring indoor PM, there is a shortage of
research on exposure levels to indoor PM. One possible
solution to this issue is to use low-cost sensors (LCS) to
measure indoor air pollution."” LCS are gaining increasing
attention due to their capability to be deployed for
personalized monitoring. Their cost is orders of magnitude
less than FEM and FRM, they are generally small and have
lenient siting requirements, with infrequent maintenance
needs. LCS can provide minute-scale or even second-scale
resolution data, enabling the detection of transient and
dynamic PM emission events. Dense LCS networks have
shown promise for use in pollution mapping on both large and
small extents §lobally, ranging from the scale of a room to a
national scale.””~** Dense LCS networks provide an increased
spatial resolution, leading to more accurate and individualized
exposure estimates. In addition, laboratory evaluations of LCS
have shown moderate to high correlations with FRM/
FEM,”*™*” showing they can function in a wide range of
concentrations and conditions, making them suitable for use
indoors. This study uses PurpleAir LCS (PurpleAir, Inc,
Draper, Utah, USA), which rely on light scattering as their
operating principle. One advantage of using PurpleAir sensors
is that PurpleAir has created a publicly accessible map of the
data from their sensors. These sensors may be placed either
indoors or outdoors.

While PurpleAir sensors come with 2 pre-set calibration
factors, it is recommended to further calibrate them to account
for climate, temperature, regional effects, particle composition,
and other variables.”® For example, since PurpleAir units do
not include dryers, the sensors’ results are often affected by
high relative humidity (RH).”>*”** Generally, temperature has
a negligible impact on LCS functionality,zs_‘ 0 likely since light
scattering/absorption is temperature independent. There is a
diversity of existing correction models, including theoretical,
empirically derived, and linear methods.”® Some models
consider only RH, and some also consider temperature.
When choosing between these models, it is important to
consider their merits and drawbacks. For instance, in
comparison to theoretical equations, empirical methods are
likely to result in a lower mean absolute error and higher
correlation values with reference instruments.”> However,
empirical models should be used only in the RH/temperature
range for which they were trained, unlike theoretical models,
which apply to all RH/temperature values.”® Calibration
models of all 3 types (empirical, linear, and theoretical) are
evaluated in this paper as they pertain to the indoor-outdoor
PurpleAir network.

This study examines the role LCS could have in determining
exposure to particulates, with a focus on the role played by
indoor PM concentrations. The aim is to demonstrate whether
using outdoor PM as an exposure metric is sufficient, or
whether indoor PM must also be considered. First, 2 datasets
were selected. The first dataset comes from PurpleAir sensors
deployed in Pittsburgh from the Real-time, Affordable, Multi-
Pollutant (RAMP) sensor network.””***" The second dataset
consists of all publicly accessible PurpleAir data from
Pittsburgh during the same timeframe as the RAMPs
monitoring. Both datasets differentiate between sensors located
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in homes, workplaces, and the outdoors. Finally, to improve
sample representativeness, a Monte Carlo simulation was run
by coupling the datasets with personal schedules. The
simulation’s results were used to examine the potential of
indoor and outdoor PurpleAir sensors for estimating personal
PM exposure. The results of the Monte Carlo simulation were
compared for a range of calibration algorithms to examine the
sensitivity of the dataset to different correction factors. In
addition, the Monte Carlo results are provided for different
demographics (based on age and employment) to determine
how residential environment and personal lifestyle influence
exposure.

2. MATERIALS AND METHODS

2.1. Data Acquisition. The RAMPs dataset is maintained
by the Center for Atmospheric Particle Studies (CAPS) at
Carnegie Mellon University. They monitor a suite of pollutants
and use dual-channel PA-II PurpleAir sensors for PM,
concentration measurements. A total of 21 RAMPs were
deployed in Pittsburgh between January 1%, 2019, and April
21%, 2020. Two sensors were rotated to be deployed in 11
homes and 5 workplaces. Additionally, 4 outdoor sensors close
to these homes were selected. As cooking contributes
significantly to indoor PM concentrations, participants were
instructed to install the PurpleAir sensor near the kitchen, in
the dining room, or in the living room, based on the
accessibility of power outlets. All homes had at least 1 sensor,
generally placed near the kitchen, and one home had a second
sensor located in the bedroom, per the participant’s request.
For clarity, this paper will refer to this dataset as the ‘RAMPs
dataset.’

The RAMPs team found participating homes through word
of mouth, which may limit the socioeconomic diversity of the
homes represented in that dataset. To obtain a more
representative sample of homes, data from PurpleAir’s online
map (https://map.purpleair.com/) was downloaded for all
sensors active in Pittsburgh between July 24", 2019, and April
21%, 2020, including 12 indoor PurpleAir sensors and 65
outdoor PurpleAir sensors. When downloading data, PurpleAir
allows users to select either indoor or outdoor sensors, users to
choose one or the other. Due to the large initial number of
outdoor sensors, the 4 outdoor PurpleAir sensors located
closest to each of the 4 outdoor RAMPs sensors were included
in the dataset used in this study and the rest were disregarded.
Proximity to RAMPs sensors was considered so that
comparisons may be made between the concentrations
reported in both datasets, as outdoor PM varies temporospa-
tially. Of the indoor sensors, 8 were in homes and 4 were in
workplaces, categorized by location using Google Maps street
view (https://www.google.com/maps). Google Maps was also
used to verify that no indoor sensors had been misclassified as
outdoor and vice versa. For further assurance, the diurnal
profiles of all sensors were reviewed for discrepancies that may
indicate a sensor was wrongfully labeled as “outdoor” or
‘indoor.” See the supplemental information for more details.
Five of the homes in the PurpleAir dataset had names
indicating participation in the Low-Cost Monitoring Project
run by ROCIS (https://rocis.org/low—cost—monitoring—
project/), an organization devoted to improving indoor air
quality in the Pittsburgh area. As a part of the low-cost
monitoring project, participants test out best management
practices like filters, fans, and induction stoves. The sensors in
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this dataset were a mixture of single-channel PA-I models and
dual-channel PA-II models.

Both the RAMPs dataset and the PurpleAir dataset had
entries for 15 min PM, 5 concentrations, RH, and temperature.

2.2. PurpleAir Sensors. PurpleAir manufactures 3 models
of sensors: PA-I-Indoor, PA-II, and PA-II-SD. The PA-I-
Indoor model contains only a single PMS-1003 laser particle
counter, manufactured by Plantower (Plantower Technology,
Nanchang City, China). In contrast, the PA-II and PA-II-SD
sensors contain 2 laser particle counters in each, of the models
PMS-5003 and PMS-6003, respectively. Since it only has 1
laser particle counter, PA-I-Indoor will be referred to as a
single-channel sensor. PA-II and PA-II-SD will be referred to as
dual-channel sensors. The dual-channel sensors store the
concentrations reported by each of their 2 laser particle
counters. As the particles pass through the sensor, they affect
the light intensity from a laser that is measured by a nearby
detector. Knowledge of light scattering and how it relates to
particle size at different regimes (Rayleigh, Mie, geometric)
enables the calculation of a particle’s diameter based on its
effect on the measured light intensity. The concentrations are
stored in 2 channels, which PurpleAir calls channel A and
channel B. In each channel, the Plantower laser particle
counter reports particle concentrations in units of count per
deciliter. The advantage of having 2 laser particle counters is
the ability to check for agreement between the 2 channels as a
form of data quality assurance. To obtain a mass concentration,
Plantower employs 2 proprietary algorithms: cf 1 (calibrated
for indoor monitoring) and cf atm (calibrated for ambient
monitoring). Additionally, every PurpleAir sensor is equipped
with Bosch (Robert Bosch GmbH, Gerlingen, Germany)
temperature-pressure-humidity sensors.”>*>

2.3. Data Quality Assurance. Data quality and reliability
are always concerns in LCS applications.”> To ensure data
quality, clean-up was conducted using procedures combining
elements from those described in Barkjohn et al. (2021) and
Krebs et al. (2021). All quality control procedures were
enacted on the 15 min averaged data downloaded from the
PurpleAir sensors. The first step in data clean-up was removing
points in which dual-channel sensors differed, as when these
channels do not agree, there is a possibility that one or both
channels are malfunctioning. To account for this, following the
procedure in Krebs et al. (2021), if channel A and channel B
both reported concentrations below 100 ug/m?® the points
where they differed by at least 10 yug/m® were removed. If
either channel reported a value above 100 ug/m? the data
points where the percent difference was at least 10% were
removed. Next, the remaining values in channels A and B were
averaged. Regardless of channel agreement, all data points with
values above 500 ug/m® were removed, as this value
approaches the accuracy threshold of PurpleAir sensors.” All
data points where the temperature was above 50 °C were
removed, as it is unlikely that temperatures in Pittsburgh would
exceed this value either indoors and outdoors. Additionally, all
points where RH is not between 0% and 100% were removed,
as sensors have been known to report RH above 200% when
malfunctioning.**

After applying the method described above, 2,286 data
points (out of 1,553,658) were removed due to a discrepancy
between channel A and channel B. A single data point was
removed due to a temperature above 540 °C (besides that
point, the maximum temperature recorded by a sensor was
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34.5 °C) and 45 data points were removed because the
reported concentration was above 500 ug/m’.

2.4. Sensor Correction Factor. Plantower sensors require
further calibration and correction as they are sensitive to their
environments and PM properties.‘%’37 To optimize sensor
performance, a correction factor is introduced. Correction
factors are a key component of understanding PM,
concentration readings from LCS. In the interest of further
exploring the effect of correction factors on LCS network
function, in this paper, the effects of 4 calibration models are
compared. All correction factors were applied to cf 1 data
since that is the input they were calibrated for. In addition,
cf_atm shows a nonlinearity that is not seen in cf _1.*" First is a
physics-based model calibrated in Pittsburgh by Malings et al.
(2020). This model accounts for hygroscopicity, as at high RH,
Plantower sensors are known to overestimate PM concen-
trations.”””” Correction using only a hygroscopic growth factor
was insufficient, so this model also incorporates a linear
correction. The second model, also by Malings et al. (2020), is
a two-piece, linear function of the sensor reading, temperature,
RH, and dewpoint. Both models by Malings et al. (2020) were
calibrated in Pittsburgh using PM concentration measurements
from all seasons of the year. The third model, also empirical,
was developed by Barkjohn et al. (2021) for the United States
Environmental Protection Agency (EPA). It is a United-States-
wide correction created with concentration measurements
from 16 states across all seasons. The fourth, and last,
correction is a parsimonious linear calibration established by
Liang et al. (2021) to assess the effects of wildfire smoke on
indoor PM concentrations in California.

The physics-based model (from here on out, referred to as
the “hygroscopic model”) depends on fRH(T,RH), which is
the hygroscopic growth factor, as well as 2 linear correction
terms, 6, and 6;:

[PMZ.S]PPA ]
fRH(T,RH) | (1)

Details for calculating fRH(T,RH), 6, and 6, are included in
the supplementary material. The parameter fRH(T,RH)
represents the ratio of PM concentration at a given
temperature and RH to the PM concentration at 22 °C and
35% RH, and it depends on temperature, humidity, and water
activity. The terms 6, and 6, are linear correction coefficients.

The second model by Malings et al. (2020) which will, from
now on, be referred to as the “two-piece model”, is given by

[corrected PM, (] = 91(

[corrected PM, (]
By + BIPM,slops + B, T + f,RH
+ BDP(T, RH)  if [PM, lpps > 20ug/m’

%o + HPMyslpps + 1T + ,RH

+ 7, DP(T, RH) if [PM,;lpps < 20ug/m’ )

Details regarding the coefficients § and y and the calculation
of DP can be found in the SL

The third correction factor, the United-States-Wide
correction,”® is a multilinear model with an additive RH term:

[corrected PM,, ] = 0.524[PM, (Jpps — 0.0862RH + 5.75
3)
As this model was developed by the EPA, this paper shall refer
to it as the “EPA correction.” This correction factor has the
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Midnight until leaving
for work At morning outdoor commute Morning commute time
At home > location At work

(randomly selected) .
9:00 AM (0 = 30 min)

(randomly selected)

26.8 min (0 = 8.5 min) (randomly selected)

Select new home
and repeat

Until midnight
At home

<

Day ends

8 hr (0 =1hr) § Work time

Commute time
(same as morning) At outdoor commute
location

(same as morning)

26.8 min (0 = 8.5 min)

Figure 1. Daily schedules that were programmed into the Monte Carlo simulation. Red text shows an example of what the simulation looks like for

the “indoors employee” demographic.

advantage of being applicable to multiple locations in the
country, as it was calibrated using 24-hour average PM
concentration measurements from 39 sites across 16 states,
with a total of 12,635 points. Pittsburgh was not one of the
calibration sites, so the use of the EPA model in this study may
show how a site-specific correction compares to a general
correction.

Lastly, one model is included that is site-specific and
pollutant specific. Liang et al. (2021) developed the following
parsimonious correction based on their observations of PM
concentrations during wildfires in California:

[corrected PM, ] = 0.53[PM, <]ppa (4)
As it was created for LCS measuring PM concentrations from
wildfire smoke, this correction factor will be referred to as the
“wildfire correction.” Its formula is simpler than the others
used in this study, and its performance compared to the other
corrections can assist in quantifying the value of complexity
versus accuracy in a correction.

The 4 selected corrections were chosen to encompass a
range of geographies and PM make-ups. In selecting certain
corrections, the authors excluded others. In particular, the CF3
and CF3.4"™* corrections may be useful, as the latter has
been calibrated with both PA-I and PA-II sensors, making it an
apt choice for an indoor-outdoor network; the correction
factors chosen for this study show a breadth of the available
selection, but there are other good candidates which were not
included due to the study’s scope.

2.5. Monte Carlo Simulation. The datasets were run
through a Monte Carlo simulation to predict the levels of daily
PM exposure a person would experience from inhabiting the
sampled spaces. The Monte Carlo simulation takes a stochastic
process and repeats it to show the possible outcomes of the
process.”’ The advantage of the Monte Carlo simulation is that
it combines data from all sensor locations and all times of day
into a single probability distribution for PM exposure. To
improve representativeness, two major inputs to the Monte
Carlo Simulation are the diurnal profiles of PM concentration
at the sampling sites, and a set of randomly varied schedules
for Pittsburgh residents. The schedules were collected and
devised based on statistics shared by the U.S. Census Bureau
for Allegheny County,"* including the portion of remote
workers (roughly 1 in S) and of schoolchildren—approximated
here from the portion of the population between 10 and 19 as
roughly 11% of the county. Certain assumptions are made
about work and personal schedules based on social
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conventions, e.g.,, that a 40-hour work week between 9:00
AM. to 5:00 P.M. is representative of a typical schedule of a
working adult.

The diurnal pattern is obtained by applying a correction
factor and calculating the 15 min average concentrations
during the entire deployment period (i.e., the average
concentration at 0:00, 0:15, 0:30, and so on). These averages
were fed into a Monte Carlo simulation designed to
approximate a random individual’s daily PM exposure. The
simulation was run for N = 1,000 repetitions for 4
demographics of individuals: employed indoors, employed
outdoors, schoolchildren, and work from home (WFH).

During each iteration, the Monte Carlo simulation randomly
selected a home, workplace, and outdoor area. Then, the
simulation places the individual at those locations during the
appropriate times of day. This process is illustrated in Figure 1.
For instance, on an average day, an individual in the “employed
indoors” demographic is in their house until they leave home
to commute at 9:00 AM. They commute for 26.8 min, which is
the average commute time in Allegheny County.** Next, they
work for 8 h and commute for 26.8 min to return home. Lastly,
they stay in their home until the day ends at midnight. To
mirror variations in day-to-day schedule, the simulation
randomizes the length of each activity with the normal
distribution parameters in Table 1. After the simulation
reaches midnight and a “full day” has elapsed, it uses the
diurnal profiles to locate the PM concentration measurement
corresponding to each 15 min time step in the day at the
appropriate location. Lastly, the average PM,; exposure
concentrations are calculated with equation (5):

96
Average exposure = L X At Z C
%6 i (5)

where At is always 15 min, 96 is the number of 15 min
increments in a day, and C; is the concentration at the chosen
locations at each time step.

3. RESULTS AND DISCUSSION

3.1. Correction Factor Effects on Concentration
Measurements. The raw concentrations recorded by the
sensors ranged from 0 to 497 ug/m* (RAMPs) and 0 to 492
ptg/m3 (PurpleAir). The raw mean concentrations were 8.3
ug/m?® (RAMPs) and 5.5 ug/m?® (PurpleAir). When inspecting
for differences between indoor and outdoor measurements, in
the RAMPs dataset, the raw mean outdoor concentration was

https://doi.org/10.1021/acsestair.3c00105
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Table 1. Time Parameters Utilized in the Monte Carlo
Simulation”

Leave for
work/school/ Commute
walk time Work time
Employed 9:00 AM 26.8 min 8h(c=1h)
indoors (¢ = 30 min) (6=85
min)
Employed 9:00 AM 26.8 min 8h(s=1h)
outdoors” (¢ = 30 min) (6=85
min)

Schoolchildren® - 26.8 min 8:00 (¢ = 20 min) to
(o =85 3:00 (¢ = 0 min)
min)

Work from 9:00 AM 30 min -

home*® (6=30min) (c=10
min)

“Value listed is the mean (o = standard deviation). ?“Commute time is
repeated twice a day (to and from work). It is calculated once per day:
the same value is used for both the morning and evening commute.
“The “workplace” chosen in this scenario is an outdoor sensing site.
9Schools operate on a set schedule, so the time at which the student
leaves home is calculated backwards from the arrival time and
commute time. “In the WFH scenario, the “commute” is a walk
outside.

63.0% greater than the raw mean indoor concentration.
However, the maximum raw concentration recorded indoors
was 90.9% greater than the maximum raw concentration
recorded outdoors. In the PurpleAir dataset, the raw mean
outdoor concentration was 314.1% greater than the raw mean
indoor concentration. The raw maximum concentration in this
dataset was also highest indoors and was 47.2% greater than
the raw maximum recorded outdoors. Applying the correction
factors resulted in certain clear trends. The EPA and fire
corrections yielded lower average concentrations in both
datasets, when compared to the other corrections.

Figure 2 shows box plots illustrating the effect of the
correction factors on the raw data, including the median and
quartiles of each dataset with various corrections applied. The
median concentration is an average measure of a dataset that is
not skewed by outliers. If a dataset’s outdoor-located sensors

have median concentrations close to those of the indoor
sensors (meaning sensors in homes and workplaces), that
serves as an indicator that the baseline PM concentrations are
at a similar level both indoors and outdoors. Across the 4
corrections applied, the median concentrations vary, as do the
differences between indoor and outdoor differences. For
example, as illustrated in Figure 2, the raw indoor-outdoor
median gap was 4.1 yg/m? in the RAMPs dataset and 12.5 ug/
m?® in the PurpleAir dataset. In comparison, the hygroscopic
correction factor resulted in gaps of 1.5 yg/m® and 7.9 ug/m?
in the RAMPs and PurpleAir datasets, respectively. The EPA
correction factor resulted in the minimum difference in
medians between indoor and outdoor sensor readings, 2.9
,ug/m3 in the PurpleAir data and 0.03 ,ug/m3 in the RAMPs
data, respectively. When the two-piece correction was applied
to the PurpleAir dataset, the outdoor median was 4.26 ug/ m3
greater than the indoor median (0.9 yg/m? for RAMPs). The
wildfire correction reduced each concentration by a factor of
0.53, but it did not mitigate the gap between indoor and
outdoor medians, as it simply proportionally shrunk the gap
without involving environmental factors.

The interquartile range (IQR) of the dataset represents a
robust measure of the results while excluding outliers.
Comparing interquartile ranges is a way to check if a
correction shifted concentrations upwards or downwards, or
whether it shrunk or expanded the range of exposures. The
two-piece correction and the EPA correction resulted in similar
interquartile ranges that were smaller than that of the raw data.
For example, for the outdoor PurpleAir measurements, the
interquartile range was 6.1 ug/m’® with the two-piece
correction and 6.3 pg/m® with the EPA correction, compared
to 13.1 ug/m® without any correction applied. The
hygroscopic correction factor consistently resulted in a larger
interquartile range (as high as 9.7 ug/m® for the PurpleAir
dataset outdoor data and 3.8 yg/m? for the RAMPs outdoor
data). However, for the outdoor concentrations, the raw data
had a larger interquartile range than any correction factor.
These correction factor effects indicate that the hygroscopic-
based correction will preserve a larger set of concentration
values, while the EPA and empirical corrections will emphasize
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Figure 2. Box plots of the RAMPs (A) and PurpleAir (B) datasets with the hygroscopic, EPA, two-piece, and wildfire correction factors, and the
raw data. Indoor (home and workplace) data is shown in blue, outdoor in orange. Outliers not shown. Data is from the entire duration of the study.
Box boundaries represent the 1 and 3™ quartiles, with the median indicated by a bar in the center. The whiskers show the rest of the distribution,

excluding outliers.
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Figure 3. Sample diurnal patterns from sensors located at a: RAMPs workplace (A), outdoor RAMPs location (B), RAMPs home (C), PurpleAir
workplace (D), outdoor PurpleAir location (E), and PurpleAir home (F). Diurnal patterns represent averages of selected sites throughout the

whole sampling period.

values closer to the median, though effects may vary if sensors
are placed in a different climate or if PM composition is
different. If directly determining the accuracy of a sensor
correction is not feasible, it is beneficial to understand the
strengths, weaknesses, and effects that the applied correction
factor has on the data. The trends outlined in this section can
guide interpretation of data in such cases.

Every correction except the wildfire correction (indoor and
outdoor) and the EPA correction (outdoor only) caused an
increase in the median concentration when compared to the
raw data. The indoor PurpleAir data, which included
predominantly low concentrations (raw median = 1.2 ug/
m®), saw an increase in the reported median with every
correction factor save the wildfire model. By nature of being a
parsimonious linear correction with a slope less than 1.0, the
wildfire correction cannot increase the reported value
regardless of other factors. PurpleAir sensors are known to
overestimate PM concentrations, by roughly 40%, and as RH
increases, PurpleAir sensors’ error increases.”””** As such,
one might expect correction factors for PurpleAir sensors to
decrease the reported concentrations. That the correction
factors increased them may indicate that for datasets with
predominantly low PM concentrations, these correction factors
are overly conservative. Another explanation is that these
correction factors account for the sensitivity of the sensors’
limit of detection.”®*® Plantower sensors’ limits of detection
are known to depend on numerous factors, and as a result,
their literature values vary widely.”**® Sensors located in
indoor/lab settings will report different (usually lower) limits
of detection than sensors placed outdoors. Further, correction
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factors can lower the limit of detection of Plantower sensors.*®

Thus, differences in correction factor performance may be
occurring because some of these correction factors result in a
lower limit of detection, while others may only be reliable at
higher concentrations.

The different correction factors led to different post-
correction distributions in the same data. Notably, the two-
piece and hygroscopic correction factors, which were calibrated
using concentrations from the same sites, had different effects
of slightly shrinking (hygroscopic) and more noticeably
shrinking (two-piece) the range of the dataset. While they
were established based on outdoor measurements, the effects
of the two-piece and hygroscopic corrections on indoor and
outdoor concentrations are similar. The EPA correction
minimized the gap between indoor and outdoor concen-
trations. The wildfire correction factor performs differently,
possibly due to the fact it was calibrated at a different location
under heavily polluted environments. The correction factors
showed consistency in their effects across the two datasets.

3.2. Assessment of PM Concentrations. This section
uses concentrations that have been corrected with the
hygroscopic model, as this model was developed to be
applicable for sites across Pittsburgh and is the default for
RAMPs sensors. Inspection of the RAMPs dataset shows that
the mean PM concentration is highest in homes (10.7 ug/m?)
and lowest in workplaces (5.2 ug/m?), with outdoor locations
falling in the middle (8.8 ug/m?). These findings vary from the
PurpleAir dataset, where workplaces still maintained the lowest
average, but homes reported the second-lowest mean (4.6 ug/
m?®) and, notably, the average outdoor concentration was 12.4
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Figure 4. Top: violin plot of Monte Carlo simulation results for the RAMPs dataset (A-D) Bottom: PurpleAir dataset (E-H). The plots show the
probability density of exposure concentration of four demographics, with a box plot in the center. Circles indicate the medians, and each box
encompasses the interquartile range. (If there was a notable probability of an exposure of 0 yg/m? there is an appearance of a flat bottom). The

black lines represent the average outdoor concentrations.

ug/m®, which is above the federal standard for primary
emissions of 9.0 yg/m>. The homes in the PurpleAir dataset
had characteristically lower concentrations than the homes in
the RAMPs datasets, but S of these homes participated in the
ROCIS Low-Cost Monitoring Project. As a part of the project,
participants test out best management practices like filters,
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fans, and conduction stoves. This may explain in part why the
PurpleAir dataset’s homes have low concentrations, and these
homes had a mean concentration that was 2.1 ug/m* lower
than non-ROCIS ones. In contrast, indoor RAMPs sensors
were located close to the kitchen, which can cause higher
concentrations, and RAMPs outdoor sensors were deployed
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based on EPA guidelines to capture the city background.
However, no significant details were documented for outdoor
sensors from the PurpleAir dataset. Since indoor locations in
the PurpleAir dataset had much lower averages than in the
RAMPs dataset, simulation results from the PurpleAir dataset
are taken to represent scenarios where indoor air quality is
often much better than outdoor air quality. Such scenarios may
occur either if a building has very clean air, with good filtration
and a lack of polluting events, or conversely if the outdoor air
has high PM concentrations, as is usually the case during fire
events, smoggy days, or in industrial areas. The RAMPs dataset
represents a scenario where indoor air quality is slightly worse
than outdoor air quality, like homes where the windows are
often open or where there is minimal AC and ventilation.

3.3. Characteristic Diurnal Patterns. Figure 3 presents
diurnal patterns representing 4 examples of daily PM
fluctuations at locations sampled in this study. The outdoor
locations both saw a spike in PM concentrations around 9:00
AM, most likely due to commuter traffic and domestic activity.
The RAMPs outdoor location experienced a more prolonged
spike beginning at roughly 4:00 AM, which could be because
this location is more central, causing it to be impacted by
emissions from early-morning traffic. After this spike, both
outdoor locations see a dip in PM concentrations until about
5:00 PM, possibly due to losses of semi-volatile ambient PM
due to higher temperatures during midday hours, or due to
shifts in the boundary layer. In the afternoon, concentrations
steadily increase until the end of the day, but remain below the
early morning’s peak.

The RAMPs workplace sensor experienced spikes in PM
concentration from around 6:00 AM until 9:00 PM, with the
largest peak around 11:00 AM. This location represents a gym,
so the spikes are likely due to increased human traffic during
human hours and the ensuing emission events. The PurpleAir
home location shows 2 sets of spikes. The first occurs in the
morning and early afternoon, between 6:00 and 2:00, with
peaks between 9:00 and 1:00. Presumably, these peaks are due
to domestic activities in the morning. In the evening, there is a
large spike around dinnertime, roughly 6:00 PM, most likely
due to emissions from a gas stove.

3.4. The Effect of Correction Factors on the Monte
Carlo Simulation. Once the Monte Carlo model is applied to
the data, some patterns emerge. A violin plot depicting the
probability distribution of a range of exposures is shown in
Figure 4 for each correction and demographics. The RAMPs
dataset does not exhibit a large variation among the different
groups: the average PM exposure of each demographic was
always within 0.75 g/m? of the average exposures of the other
demographics. This did not change when different corrections
were applied, and some corrections even further decreased this
value. The pattern in the PurpleAir dataset, however, is that the
outdoor worker demographic experiences a greater exposure
than the other demographics. Even in the correction with the
least gap between the outdoor workers and the other groups
(EPA correction), this demographic experienced an average
exposure over 1.1 yg/m?® greater than the average exposure of
the other 3 groups, and this gap increases up to nearly 2.9 ug/
m® when other corrections are applied. Also, in the RAMPs
dataset, the choice of indoor environment seems to have a
minor effect on the predicted PM exposure. That is, the WFH
demographic, which spends the day at home, has similar
predicted exposure to the indoor employee, who spends about
8 h at work. This is despite the average concentrations from
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RAMPs in homes being higher than the average concentrations
from RAMPs in workplaces. This may be due to the time-
variation of home PM concentrations, as several of the RAMPs
homes had near-zero PM concentrations during workday
hours, but a high average concentration resulting from a spike
in PM concentrations during the early mornings and in the
evening, in the hours where inhabitants may have been
cooking or cleaning.

The effects of the correction factors on the Monte Carlo
simulation are reminiscent of their effects on the raw data.
Correction factors that shrunk the interquartile range (2-piece,
EPA, and wildfire) resulted in compact probability densities in
comparison to corrections with a larger IQR. The Monte Carlo
simulation outputs results for 4 demographics, 3 of which
spend most of their day indoors. The differences between the
indoors-heavy demographics and the outdoors-intensive
demographics depend on which inputs the correction factors
use, as variables like temperature and humidity can look
different indoors versus outdoors. For example, the EPA
correction minimized the differences between indoor and
outdoor medians as seen in Figure 2, while the hygroscopic
correction resulted in the maximum differences between these
medians. With the EPA correction applied, the difference in
medians between the indoor and outdoor worker demo-
graphics decreases by 41% (RAMPs) and 63% (PurpleAir)
when compared to the hygroscopic correction.

The violin plot in Figure 4 shows the “peaks” and “valleys”
of the probability density of PM exposure depending on the
correction factor. Each violin is a mirrored and flipped density
plot, such that the width is proportional to the number of
points that occupied the corresponding value. The “peaks”
represent PM exposures that occurred most frequently in the
Monte Carlo model (the modes). The “valleys” represent the
exposures that occurred least frequently.

The indoor employee demographic has 2-3 modes, depend-
ing on the correction factor used. The median daily exposure
experienced by this demographic ranges from 3.6 ug/m? to 8.3
ug/m* (RAMPs) or 2.1 ug/m?® to 4.7 ug/m* (PurpleAir). This
demographic’s modes are consistently prominent and well-
defined. This may be due to the large number of hours the
employee spends in their office. Offices are more likely to have
stable PM concentrations due to HVAC and a lack of indoors
cooking and cleaning during working hours. Thus, spending
time at different offices with different PM levels may lead to a
noticeable effect on exposure. The schoolchildren demo-
graphics’ violin plots are visually similar to those of the indoor
employees. The WFH demographic experiences a wider range
of PM exposures, from 0.2 ug/m’ to 22.0 ug/m*> (RAMPs
dataset) and 0.01 pg/m’ to 9.6 ug/m* (PurpleAir dataset),
though its medians are in line with the indoor employees and
schoolchildren.

In the RAMPs dataset, the outdoors employees show similar
trends as the schoolchildren and indoors employees (median
exposures ranging from 4.5 to 8.8 yg/m> with 2-3 modes). In
contrast, in the PurpleAir dataset, the outdoors employees
experience higher median exposures ranging from 3.8 yg/m? to
7.7 ug/m’® depending on the correction factor used. Indoor
and outdoor concentrations in the RAMPs dataset were
similar, while indoor concentrations were lower than outdoor
concentrations in the PurpleAir dataset. This may be due to
the comparatively low indoor concentrations reported in the
PurpleAir dataset, which are likely attributable to the ROCIS
Low-Cost Monitoring Project. Additionally, in the RAMPs
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Figure S. A-D: histogram of the Monte Carlo simulation results for the RAMPs dataset using the hygroscopic correction factor. E-H: PurpleAir
dataset. The blue lines show the simulations’ average exposure and the black lines show the average concentrations of the outdoor sensors. The
count depicted on the y axis represents the number of times exposure in a given bin was obtained in the simulation.

dataset, outdoor sensors were placed in known locations with
the goal of monitoring the ambient air. But in the PurpleAir
dataset, it is possible that the sensors were purchased
specifically to monitor an outdoor source, as the sensors
were all purchased by consumers with significant enough
concern about air quality to invest in a PM sensor. Thus, the
higher outdoor employee medians in the PurpleAir dataset
reflect that those outdoor concentrations are greater than the
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corresponding indoor concentrations, but the reasons for these
differences may be social or environmental.

In addition to differences among demographics, there are
also differences in the expected exposures depending on the
correction factor chosen. While there are similarities amongst
demographics regardless of the correction factor, each
correction affects the shape of the PM exposure distribution.
The hygroscopic correction resulted in the greatest number of
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distinct “peaks” from frequently occurring values. Other
correction factors had smoother distributions, implying that
predictions made based on the hygroscopic correction factor
will result in a larger set of likely concentrations, while the
other correction factors will emphasize only the most
prominent recurring concentrations. The two-piece correction
resulted in median values closest to those of the hygroscopic
correction, but its “peaks” and “valleys” from frequently
occurring exposures were less noticeable.

The EPA’s correction factor stabilized the range of exposure
values. In the PurpleAir dataset, the EPA correction minimized
the difference between the outdoor worker’s median exposure
and the other demographics. For instance, with the EPA
correction, the outdoor worker’s median exposure was within
0.79 ug/m® of all 3 other demographics, compared to the
maximum of 3.24 pg/m’ with the two-piece correction. The
EPA correction is the only formula considered in this paper
that considers RH without considering temperature. Perhaps
due to the differences in indoor and outdoor temperature-RH
dependencies, this had the effecting of raising indoor exposures
and reducing outdoor exposures. Another possibility is that the
EPA’s correction factor stabilizes the data because it has been
calibrated to work with sensors across a range of climates using
data from 16 states.”* In comparison, the other correction
factors were each devised for LCS in one region only.

The wildfire correction’s effect is to shrink each data point to
0.53 times its original value, leading to the lowest predicted
exposures of all corrections considered in this analysis. This
correction factor was developed for a study on PM from smoke
infiltration, so the low concentrations it predicts may be
indicative of the difference between PurpleAir sensor’s ability
to detect PM from wildfires compared to urban PM in
Pittsburgh.

3.5. Monte Carlo Simulation Outputs. For the analysis
in this section, the Monte Carlo predicted exposures for the
hygroscopic correction are examined in more detail. The
hygroscopic correction was selected as it had a greater number
of distinct modes than other correction factors and was
calibrated in Pittsburgh, where the data in this analysis was
collected. Figure S presents a detailed histogram of the Monte
Carlo simulation showing the frequency of predicted
exposures. A greater “counts” value indicates that exposures
in a bin occurred more frequently in the Monte Carlo.

The Monte Carlo results for the RAMPs dataset showed a
consistent average daily exposure, with the largest to smallest
average exposures varying by less than 0.7 yg/m?’. The average
daily exposure was within 1.3 pug/m® of the outdoor average
concentration for all 4 demographics. With RAMPs as the
input, regardless of time spent outside, individual daily
exposure is predicted to mirror the ambient average
concentration, although discrepancies among individuals
exist. Some discrepancies between demographics do exist,
and in particular the “employed outdoors” demographic is
likelier to experience exposures that are above the average
outdoor concentration when compared to the WFH
demographic. However, when the WFH demographic
experiences high exposures, they are higher than those of
other demographics. It is the only demographic of the 4 that
experienced exposures above 20 ug/m’.

When using the PurpleAir data as the input, the Monte
Carlo simulation showed greater sensitivity to the amount of
time spent outdoors. With the exception of the “employed
outdoors” demographic, the other 3 demographics’ averages
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were within 0.21 pg/m® of each other, signifying that exposure
would be similar for individuals in the 3 demographics. For the
outdoors employee— the only demographic where the
simulation accounts for large amounts of time outdoors—
the simulation mean was nearly 3 yg/m? greater than the other
demographics. In other words, the predicted exposure is
sensitive to time spent outdoors when the PurpleAir dataset is
used as the input.

In the case of the RAMPs dataset, where the indoor and
outdoor concentrations had similar averages, outdoor concen-
tration data is a useful metric for estimating personal exposure,
as seen from the similarity between exposure levels estimated
for the outdoor employee versus the other demographics. In
the PurpleAir dataset, where indoor averages were lower than
outdoor averages, exposure cannot be inferred with a purely
indoor or purely outdoor network.

Furthermore, the simulation’s sensitivity to several param-
eters was examined. To determine sensitivity to the number of
iterations, N, the value of N was varied from 500 to 2,000
while running the simulation. Across this range, the average
concentrations varied on the order of 0.1 ug/m® or less. As
there is a discrete and limited number of locations used as
inputs, even at low N values the simulation converges to a
steady mean.

The simulation’s sensitivity to the time spent at work was
examined by varying the mean and variance of the workday’s
length. The workday variance had a minor impact on the mean
exposure. When the variance was varied from 1 to 4 h, the
mean exposure remained within 0.2 sg/m?, but the maximum
exposure experienced by the worker (for both indoor and
outdoor employees) increased by an average of 48% with a
variance of 4 h compared to 1 h.

The exposures found in this work are comparable to findings
in other exposure studies across various methodologies. Steinle
et al.*’ utilized the wearable Dylos 1700 on 35 participants in
Edinburgh, Scotland for a 1-day duration, and observed mean
exposures ranging from less than 2 yg/m? to nearly 30 ug/m’.
Median exposures were below 10 ug/m* for nearly all
participants. The results shown here fall on the lower end of
that spectrum, though still quite higher than the minimum of
1.9 ug/m’. Steinle et al. also utilized GPS, enabling a
correlation between microenvironments and exposure, and,
similarly to this work, found low concentrations at workplaces.
Exposure was higher during the transport microenvironment
and was low at home, which is similar to the results of the
PurpleAir dataset. He et al.** predicted exposures during a
wildfire event in the Pacific Northwest via Plantower a LCS
network combined with wearable monitors. In a case study of
one study participant, there was a nearly 70% reduction in
PM,; from the wearable sensor compared to the ambient
setting, which is lower than the estimated reduction from
considering only the indoor sensors. In contrast to the results
in this paper, spending more time in the home environment in
He et al. resulted in lower exposures than the workplace
environment. This highlights that different pollutant sources
and lifestyles will alter where the majority of exposure takes
place. VoPham et al.*’ used a spatial model based on EPA
monitoring station datasets and obtained a range of exposures
across the country from $.5 /,tg/m3 to 19.8 ;,tg/m3, which this
study is on the lower end of. That the exposures resulting from
this study fall on the lower end of that value points that
considering a full schedule, instead of purely considering
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ambient concentrations, could decrease predicted exposures on
a population level.

These conclusions are applicable to the communities which
were included in the study. However, there are numerous
limitations that should be considered in their interpretation.
To begin, the study’s participants’ socioeconomic status was
not considered when selecting sensor sites. In the PurpleAir
dataset, many of the sensors were ostensibly purchased by their
owners, which could indicate having a certain amount of
disposable income. As such, these findings may or may not be
representative across socioeconomic spectra. Next, the
corrections selected were developed for outdoor PurpleAir
sensors, and no collocation was done in this study to test how
the corrections functioned indoors compared to a reference.
This may have implications if most of the indoor pollution
during a particular event was indoor-generated (not from
infiltration). There is a wealth of correction factors available—
the ones included in this study represent only a fraction. Each
was chosen such that a range of geographies and particle make-
ups was considered, yet in choosing to include these
corrections, others were excluded. Additionally, the results
and discussion are meant to be applied at a demographic level
only. The impacts of especially polluted microenvironments,
such as restaurants or areas in near proximity to highways, are
not given special consideration, though it is possible that
exposure will increase if demographics spent relatively little
time in these environments. Notably, outdoor concentrations
are used as a proxy for the commuting microenvironment,
though the outdoor sensors in this study were not placed in
areas representative of a typical commute (on a busy highway,
a bus, or similar setting). Indoor air quality was explored purely
through the lens of indoor PM concentrations, and indoor
infiltration of outdoor PM is not explored in depth, though
depending on time of year, lifestyle, and building age, it may
have a notable effect on exposure.

4. CONCLUSIONS

While people spend the majority of their time indoors, public
health guidance and research is often based on outdoor PM
measurements due to their accessibility. In this project, an
indoor-outdoor sensor network was used to predict personal
exposure to PM. To increase the representativeness of the
samples, this study employs Monte Carlo simulations to
investigate the efficacy of LCS when placed both indoors and
outdoors for predicting personal PM exposure on a
demographic level. Two datasets were constructed for analysis:
the first is comprised of RAMPs with a PurpleAir monitor
attached, which was placed in homes and public spaces around
Pittsburgh. The second dataset is built from public PM
measurements in Pittsburgh downloaded from PurpleAir.
These datasets are also used to examine how the correction
factor used on the PurpleAir measurements affects the
outcome of the Monte Carlo analysis.

In the RAMPs dataset, using outdoor PM was sufficient to
estimate personal exposure, as the differences between
estimates based on spending several hours outside (“outdoor
employee”) versus remaining almost exclusively indoors
(“work from home”) were within 1.0 pug/m® of each other
no matter which correction factor was used. In addition, in this
dataset, the estimated exposures from the Monte Carlo model
were always very close to the outdoor average concentration.
In the PurpleAir dataset, estimated exposures did depend on
the time spent outdoors. In the Monte Carlo model, the
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difference between exposure estimates of the indoor-intensive
demographics were small, but the differences between the
indoor-intensive demographics and outdoor employee were
nearly 15 times larger. If only the average outdoor
concentration were considered, exposure would be over-
estimated to about 3 times its value. A different dataset in a
different location may yield different results, but the analysis
here shows that outdoor PM concentrations are not necessarily
sufficient to estimate personal exposure.

In the PurpleAir dataset, the Monte Carlo estimated
exposure showed sensitivity to the number of hours spent
outside, while the RAMPs dataset did not show this sensitivity.
It is possible that this is due to the low indoor concentrations
in the public PurpleAir dataset, which are in part due to the
large number of ROCIS (Reducing Outdoor Contaminants in
Indoor Spaces) participating homes in that dataset. Addition-
ally, sensor locations within the house could be exaggerating
these differences; further work on monitoring indoor air with
low-cost sensors may illuminate how sensor placement affects
results. Overall, the findings indicate that, for cases where the
indoor and outdoor concentrations share similar averages,
outdoor concentration data is a useful metric for estimating
personal exposure. When indoor and outdoor averages vary
(for example, if the outdoors is heavily polluted, or if there is
an indoor exposure event such as cooking or a fire), more
careful consideration is warranted.
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