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Abstract

Exposure to outdoor air pollution can cause adverse health issues. Indoor air pollution can be more
dangerous due to indoor activities such as cooking, painting, smoking, and heating systems, and can
worsen the burden associated with air pollution. Neglecting indoor air quality in an exposure assessment
may generate bias and erroneous conclusions regarding the association between exposure and health
outcomes. Accurately assessing levels of exposure to air pollution helps advance our understanding of
the health effects associated with air pollution and identify effective strategies to address public health
concerns. Previous exposure studies have utilized outdoor air quality to assess individuals’ exposure to
air pollution in their residential locations. These studies neglect the significant amount of time people
spend indoors and other activity places. Some other studies assessed exposure to air pollution by
measured only indoor air quality inside homes, but they overlook outdoor and other indoor
environments where people are exposed to air pollution. Therefore, it remains unknown whether
neglecting indoor air quality would generate negligible or non-negligible bias. Likewise, environmental
justice studies have also focused only on outdoor air quality to understand exposure disparities among

social groups. It remains unknown whether the degree of disparities in exposure becomes larger when



indoor environments are considered compared to when only outdoor air quality is considered in
exposure assessments.

This study assessed these biases by comparing two types of personal exposure estimates for 100
individuals: one derived from real-time particulate matter (PM2.5) measurements collected both indoors
and outdoors using a low-cost portable air monitor (GeoAir2.0) and the other from PurpleAir sensor
network data collected exclusively outdoors. It also investigates whether exposure disparity between
different social groups would be more prominent when indoor air quality is considered in exposure
assessments. The PurpleAir measurement data were used to create smooth air pollution surfaces using
geostatistical methods. To obtain mobility-based exposure estimates, both sets of air pollution data were
combined with the individuals’ GPS tracking data. Paired-sample t-tests were then performed to
examine the differences between these two estimates. This study also investigated whether GeoAir2.0-
and PurpleAir-based estimates yielded consistent conclusions about gender and economic disparities in
exposure by performing Welch’s t-tests and ANOVAs and comparing their t-values and F-values. The
study revealed significant discrepancies between GeoAir2.0- and PurpleAir-based estimates, with
PurpleAir data consistently overestimating exposure (t = 5.94; p < 0.001). It also found that females
displayed a higher average exposure than males (15.65 versus. 8.55 pg/m3) according to GeoAir2.0 data
(t = 4.654; p = 0.055), potentially due to greater time spent indoors engaging in pollution-generating
activities traditionally associated with females, such as cooking. This contrasted with the PurpleAir data,
which indicated higher exposure for males (43.78 versus. 46.26 pg/m3) (t=3.793; p = 0.821).
Additionally, GeoAir2.0 data revealed significant economic disparities (F = 7.512; p < 0.002), with
lower-income groups experiencing higher exposure—a disparity not captured by PurpleAir data (F =
0.756; p < 0.474). These findings highlight the importance of considering both indoor and outdoor air

quality to reduce bias in exposure estimates and more accurately represent environmental disparities.
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1 CHAPTER ONE: INTRODUCTION

1.1  Background of the study

Exposure to air pollution is known to cause adverse health outcomes, such as asthma, heart disease,
stroke, chronic obstructive pulmonary disease, and lung cancer (Buonanno et al., 2014; Steinle,2015;
Klepeis et al., 2017; WHO, 2022). Human activities, such as the combustion of fossil fuels for motor
vehicles, industrial processes, and power generation, release substantial amounts of gases and
particulates into the air and contribute significantly to outdoor air quality (Kampa & Castanas, 2008).
Indoor activities, including cooking, painting, cleaning products, combustion of candles, and heating
systems, aggravate the burden of health risks associated with air pollution (Mocumbi et al., 2019;
Omelekhina et al., 2020; Vardoulakis et al., 2020). Therefore, it is essential to consider both indoor and
outdoor sources of air pollution to accurately assess personal exposure and its health impacts (Dias &
Tchepel, 2018; Susanne et al., 2015; Vu et al., 2022). Failure to adequately capture the spatiotemporal
variations in air quality across various indoor and outdoor environments may potentially underestimate
or overestimate the actual levels of exposure to pollutants (Wang et al., 2023; Yoo et al., 2021). The bias
may generate erroneous conclusions regarding the association between exposure and health outcomes.
This bias could also make it challenging to understand the unequal burden of air pollution among
different social groups. Therefore, improving the accuracy of exposure assessments is essential as it can
enhance our understanding of the effects of air pollutants on human health and overall well-being,
particularly for marginalized populations, such as groups with low socioeconomic status (Caplin et al.,
2019; Kim & Kwan, 2021).

Researchers have used various air pollution data and methods for decades to estimate people’s

exposure levels. Many previous studies have combined outdoor air pollution measurement data or air



pollution modeling outcomes with individuals’ residential locations to estimate personal exposure levels
(Bell, 2006; Breen et al., 2015; Son et al., 2010). However, the findings of these studies are influenced
by the uncertain geographic context problem (UGCoP)—the problem that causes inferential errors and
bias in health risk assessments when human mobility patterns are not considered in exposure
assessments (Kwan, 2012). Since people’s mobility is cut across different spaces and times, using the
residential neighborhood as a contextual unit does not represent an actual geographic context in which
people are exposed to air pollution. In recent years, there have been increased concerns about addressing
the UGCoP to improve the accuracy of exposure assessments. As a result, several studies have evaluated
human exposure to air pollution by combining outdoor air pollution data and people’s mobility data
(Chen et al., 2018; Lu, 2021; Nyhan et al., 2016; Park & Kwan., 2017; Yu et al., 2023). This method is a
step forward because it considers human mobility in exposure estimation and partially addresses the
UGCoP by going beyond residential neighborhoods. However, these studies did not consider exposure
at indoor locations where people spend a significant amount of time. Other studies have assessed
exposure levels using indoor measurements by placing low-cost air pollution sensors in fixed indoor
locations, such as homes and offices (Doris et al., 2024; Dwivedi et al., 2024; Tong & Ho, 2018; Vicente
et al., 2024). However, these studies focused merely on indoor exposure in these fixed locations,
excluding other indoor and outdoor environments where people spend their time. Therefore, their
research findings may still be affected by the UGCoP.

More recent studies have incorporated real-time personal air sampling data collected both
indoors and outdoors using portable, low-cost air sensors and human mobility data to assess levels of
exposure (e.g., Beko et al., 2015; Ma et al., 2020; Park et al., 2023; Steinle et al., 2014). They have
emphasized that assessing exposure to environmental influences should not be limited to using data from

an outdoor monitoring network and residential data because people move through various indoor and



outdoor microenvironments to undertake daily activities. These studies contributed to methodological
advances by distinguishing between indoor and outdoor environments in exposure assessments using
mobility-based air sample data. For example, studies (Lu, 2021; Ma et al., 2020; Rao et al., 2023; Song
et al., 2023) have compared air quality data from governmental monitoring stations with real-time
mobility-based PM2.s concentrations from low-cost mobile air sensors. The studies found that
assessments based on stationary outdoor monitoring data overestimated individual exposure levels when
ambient air pollution levels were relatively high. However, the result of these studies might have been
substantially affected by several factors: a mismatch in the temporal resolution of the two data sets (i.e.,
hourly vs. real-time), too few sample measurements available from the regulatory monitoring stations,
and significant differences in accuracy between the reference monitors and low-cost sensors. To date, no
studies have evaluated the discrepancy between mobile and stationary monitoring data when both types
of data are collected at the same temporal scale, using low-cost sensors that have comparable accuracy
and reasonable spatial resolutions. Additionally, previous studies focused mostly on urban areas where
outdoor air quality is generally poor, and comparison research focusing on the United States' rural
communities where air quality is moderate does not exist. Therefore, it is unknown whether ignoring
indoor exposure may result in negligible or non-negligible bias in exposure estimates of people in rural
areas in the United States, and if so, how much bias is introduced.

Addressing bias in exposure assessments is also an essential step in achieving environmental
justice (EJ) as it enables researchers to more accurately identify the most vulnerable groups and more
effectively tailor policy recommendations. Traditional EJ research has examined how differential social
settings lead to differences in environmental exposures and health outcomes. The role of indoor air
quality in understanding EJ is crucial because it introduces additional complexities; indoor air quality

can be influenced by both indoor and outdoor sources, which may often be determined by various



socioeconomic factors (Admkiewicz et al., 2011; Jing et al., 2018; Yu et al., 2024). However, most EJ
studies have historically focused on the unequal distribution of outdoor sources of air pollution, such as
industrial facilities or traffic emissions (Adamkiewicz et al., 2011). Indoor environments and human
mobility have not been fully considered in EJ research. As a result, the potential for greater disparities in
exposure, once indoor environments are accounted for alongside outdoor air quality in assessments,
remains underexplored. New research is needed to capture the degree of disparity in exposure between
different social groups more accurately by considering both indoor and outdoor air quality as well as
human mobility.

In line with the above discussion, this study underscores the importance of expanding exposure
assessment research to include all indoor and outdoor spaces where people encounter air pollution and
experience disparities in exposure. Therefore, this study attempts to answer the following two research
questions:

1. How much bias may be induced in a personal exposure assessment when only outdoor air
quality data is integrated but indoor air quality is ignored?

2. Does real-time mobile monitoring data, which include measurements from both indoor and
outdoor environments, reveal larger differences in exposure levels among different social groups
compared to data collected solely from outdoor monitors?

In order to empirically answer the study’s research questions, this study aims:
1. To assess bias in personal exposure by comparing estimates derived from two different air
pollution data: (1) real-time personal air sampling data collected both indoors and outdoors
using a low-cost, location-aware, portable air monitor (GeoAir2.0 [Park et al., 2021]) and (2)

real-time outdoor concentration data from the distributed PurpleAir low-cost sensor network.



2. To investigate whether exposure disparities between different social groups would be more

prominent when indoor air quality is considered in exposure assessments.

The remainder of this thesis is structured as follows: Chapter Two reviews the existing body of
literature on air pollution exposure assessments, highlighting the key methodological limitations of
previous exposure studies and the necessity for assessing errors in personal exposure estimates and
revealing a hidden portion of environmental injustice due to the errors. Chapter Three describes the
research methodology, including data collection, data manipulation, statistical analysis, and geospatial
analysis for this study. Chapter Four presents the research findings, including results regarding the
degree of bias in personal exposure estimates and assessments of gender/economic disparities in
exposure. Chapter Five summarizes the major findings and discusses the significance of this research,

contributions to the literature, and future considerations.



2 CHAPTER TWO: LITERATURE REVIEW

The literature review discusses the limitations of exposure assessment methods frequently used in the
literature by critically reviewing previous studies that fail to consider both human mobility and highly
localized air pollution data measured both indoors and outdoors. Therefore, it calls for empirical research
that assesses bias in personal exposure estimates when human mobility and indoor air quality are ignored
by incorporating data on individuals’ mobility patterns and highly localized air pollution measurements

from both indoor and outdoor settings.

2.1 Methodological limitations of previous exposure studies

Early studies estimated levels of exposure to air pollution using residential locations and outdoor air
pollution data, assuming people were stationary and only exposed to outdoor air pollution in their
residential neighborhoods (Figure 2.1). Several studies (e.g., Bell, 2006; Son et al., 2010) discovered
that using only regulatory monitoring data to estimate exposure levels was inadequate, particularly for
rural populations, because estimating rural residents’ exposure based on monitors located in urban
areas is challenging. Estimates at locations that are far from monitoring stations can have significant
errors. Conventional air quality monitoring stations have limited spatial coverage, leading to significant
errors in the estimation of PMz.s concentrations across large geographic areas. Bell (2006) used eight
ozone monitoring stations to investigate the use of air quality modeling to estimate participants’
exposure levels in the Northern Georgia Region of the United States. Son et al. (2010) utilized 13
regulatory monitoring stations to estimate human exposure levels across the study area based on
residential locations. The research revealed that the central estimates of the relationship between air

pollution and lung function might be impacted by the exposure estimation technique. The research



concluded that spatial interpolation techniques like kriging could provide more accurate exposure level
estimations than only monitoring data because they found that central health impact estimates from
exposure estimations based on kriging or averages across all monitors were often greater than those
from the closest monitor. This technique can capture the spatial variability of individual-level exposures
and can generate estimates for areas lacking monitoring stations. One of the significant issues in the
exposure assessment studies that focuses on only outdoor air quality is the unavailability of high-
resolution air quality data because the existing outdoor monitoring stations are too dispersed to capture

the hyper-local fluctuations in air quality.
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Figure 2.1 Estimation of pollutant exposure in residential homes



More recent studies have begun to use spatiotemporally higher-resolution air pollution data
collected from low-cost air sensors. Low-cost air sensors have offered numerous opportunities for building
a denser monitoring network to capture high-resolution air quality data. Masiol et al. (2018) utilized low-
cost Speck monitors to measure particulate matter (PM) concentrations at 48 outdoor sites near homes
with wood-burning appliances. This data was then used to predict hourly PM concentrations and assess
people’s exposure levels at residential locations. The study developed hourly land-use regression (LUR)
models to predict the hourly levels of PM2s in the study area. To explain the geographical variability in
PMz2s concentrations, the LUR models integrated land use information, such as road networks, parks, and
industrial sites. These models examined the relationship between transient variations in air pollution and
health consequences. The study revealed that deploying low-cost PM monitors at 23 sites significantly
enhanced the spatial and temporal resolution of air quality data compared to traditional monitoring
methods. This approach enabled the collection of detailed and comprehensive pollutant concentration data
across the metropolitan area, capturing variations that could be missed using fewer monitoring station
data.

Similarly, Chen and Lin (2022) combined monitoring station and low-cost sensor data to estimate
daily average exposure using the inverse distance weighting method. This study highlights that the
governmental monitoring station data offers limited spatial coverage, and focusing only on this data can
lead to significant errors in spatial interpolation and PM2.s exposure estimation for health risk assessments.
The study suggested that utilizing data from low-cost microsensors with smart spatial interpolation
methods can be a valuable approach to improving exposure assessments. However, these studies only
focused on outdoor air quality, neglecting the significant amount of time people spend indoors and indoor
air pollution sources that contribute to their exposure levels. They also ignored human mobility and

various daily activity locations in exposure assessments. Ignoring these factors may lead to inferential



errors and inaccurate exposure assessments because people can also be exposed to air pollution in other
places they visit. Therefore, people’s mobility should be considered to assess exposure levels more
accurately (Kwan, 2013).

For accurate assessments, several studies have utilized people's mobility data to estimate
personal exposure levels at different locations they visit. Park and Kwan (2017) utilized outdoor air
quality data from the national monitoring sites to estimate hourly air pollution levels using co-kriging (a
spatial interpolation method) and then integrated them with individuals’ simulated travel pattern data to
assess individual exposure. The study demonstrated that assessing environmental exposure and related
health risks might be significantly erroneous if the spatiotemporal dynamics of air pollution and human
movement are ignored. By combining different kinds of data, including individuals’ residential
locations, simulated individual-level movement patterns, daily average pollution levels, and hourly air
pollution levels, they performed three-dimensional (3D) geovisualization and geospatial technologies to
illustrate how humans and air pollutants interact dynamically over space and time. In addition, they
revealed how four categories of exposure estimates derived from a different combination of these data
sets exhibited significant variations, highlighting the significance of taking both human mobility and
spatiotemporal variability of air pollution into account. Similarly, Lu (2021) used hourly PM data
obtained from a low-cost PurpleAir sensor network, where the travel patterns of individuals that were
estimated using the South California Association of Government activity-based model data (SCAG-
ABM) were used to predict static and dynamic exposure using a random forest model. The study found
that static exposure estimates were less accurate for workers than for nonworkers and that they often
underestimated actual exposure by roughly 13%. The bias in exposure estimation was particularly
pronounced for people with higher mobility. These studies consider human mobility data, which is an

improvement over the studies that focus only on residential locations. However, they rely only on



outdoor air quality data. Research that focuses only on outdoor air quality, even though it considers
human mobility, could still generate biased findings.

Recent studies have suggested that indoor air quality could be worse than outdoor air quality due
to various sources of air pollution indoors. Because most people spend significant of their time indoors
(approximately 90%), health risks associated with indoor air pollution can be higher than those related to
outdoor exposure, which has become a growing public health concern (Omelekhina et al., 2020; Park et
al., 2022; Streuber et al., 2022). Noticing the importance of understanding indoor exposure, Tong and Ho
(2018) assessed personal exposure to indoor air pollution in 55 elderly households during winter and
summer by placing low-cost monitors one meter above the ground in the living room of participants’
homes. The study highlights the significance of improving both indoor and outdoor air quality to protect
vulnerable groups from negative effects of air pollution and also revealed that approximately 50% of
households exceeded the World Health Organization (WHO) indoor air quality standards for PM2.s, with
higher non-compliance in winter (61.0%) compared to summer (40.6%). Additionally, the study revealed
that incense burning and cooking were significant sources of indoor PM2s and NOz. In a similar study,
Klepeis et al. (2017) investigated the exposure level of low-income children to fine airborne particles in
their homes by placing low-cost monitors three feet above the floor and one foot from the nearest wall
and conducted interviews to gather information on home characteristics, ventilation, and particle sources.
The study revealed no significant relationship between lower particle counts and ventilation activities.
However, particle counts were associated with indoor smoking of marijuana or cigarettes, lighting of
candles, house cleaning, and cooking.

These studies significantly contributed to advancing our knowledge of indoor air quality and its
health impacts. However, they focused solely on home environments, thereby introducing the UGCoP in

the exposure estimates. This approach neglects the outdoor environments and other indoor locations where

10



people spend significant amounts of time, leading to incomplete and potentially inaccurate exposure
assessments. To accurately assess personal exposure to air pollution, it is crucial to utilize high-resolution
air quality data measured in both indoor and outdoor environments, combined with detailed human
mobility data. This comprehensive approach allows for a more precise and realistic evaluation of
individual exposure to air pollutants, capturing the full range of environments encountered in daily life
(Figure 2.2).
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Figure 2.2 Individual’s space-time movement patterns

2.2 The necessity for assessing errors in personal exposure estimates.

More recent studies that assess personal exposure to air pollution have acknowledged the importance of
high-resolution real-time air quality data and human mobility data in exposure assessments. A few recent

studies have incorporated real-time personal air sampling data collected both indoors and outdoors using
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portable, low-cost air sensors and human mobility data to assess levels of exposure. Steinle et al. (2014)
used a portable monitor and a global positioning system (GPS) device to collect real-time air quality data
and human mobility data from 17 research participants. The GPS and time-activity diary was used to track
the pathways of people’s daily activities in various indoor and outdoor environments. The study found
significant variability in PMz.s concentrations across different microenvironments and activity places and,
therefore, highlighted the importance of capturing comprehensive exposure pathways to assess individual
exposure risks accurately. Beko et al. (2015) assessed the contribution of different microenvironments to
personal exposure from sixty non-smokers using portable monitors and GPS tracking devices to collect
particle number concentration data and people’s location data, respectively. The study revealed that a
significant fraction (50%) of daily personal exposure to ultrafine particles occurred within the home and
about 90% of daily exposure occurred indoors, revealing the importance of indoor environments in overall
exposure levels. These studies have highlighted the importance of incorporating both indoor and outdoor
environments into personal exposure assessments. Therefore, it is necessary to understand how much bias
can be introduced in exposure and health risk assessments when indoor exposure is not considered.
However, there are very few empirical studies that examine the biases.

As an exception, Ma et al. (2020) compared different types of exposure estimates derived from
residence-based assessments using 35 governmental monitoring station data, mobility-based assessments
using monitoring station data, and mobility-based assessments using real-time air quality data from low-
cost portable monitors. The study found that both mobility-based and residence-based assessments using
outdoor monitoring station data cannot account for variations in exposure between indoor and outdoor
environments. They also found that assessments based on stationary outdoor monitoring data
overestimated individual exposure levels when ambient air pollution levels were relatively high and could

generate bias in personal exposure estimation. However, the result of this study might have been
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substantially affected by several factors: a mismatch in the temporal resolution of the two data sets (i.e.,
hourly vs. real-time), too few sample measurements available from the governmental monitoring stations,
and significant differences in accuracy between the reference monitors and low-cost sensors. To date, no
studies have evaluated the discrepancy between mobile and stationary monitoring data when both types
of data are collected at the same fine temporal scale, using low-cost sensors that have comparable accuracy
and with reasonable spatial resolutions. Also, their study was conducted in Beijing, China, where outdoor
air quality is generally poor, but comparison research focusing on the United States’ rural communities
does not exist. Therefore, it is unknown whether ignoring indoor exposure and people’s movement
patterns would result in non-negligible bias in exposure estimates of people in rural areas in the United

States, and if so, how much bias may be introduced.

2.3 Underreported environmental injustice due to errors in exposure estimates

Uneven distribution of polluting sources and planning regulations that pose disadvantages to low-
income and/or minority communities have led to an unequal distribution of risk. Therefore, addressing
environmental injustice is important to mitigate health disparities. Research on environmental justice and
health disparities has primarily focused on outdoor air pollution; thus, indoor air quality disparities have
often been neglected. Addressing disparities in indoor air pollution is challenging due to the influence of
both indoor and outdoor sources, which can be influenced by socioeconomic factors, such as housing
quality and neighborhood environments (Adamkiewicz et al., 2011). Brown et al. (2015) investigated the
relationship between indoor air quality and socioeconomic status, analyzing data from 567 households to
examine disparities in indoor exposure. They found that lower-income households had higher

formaldehyde concentrations, which can have negative health effects. The presence of smoke in indoor
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homes was also associated with increased levels of PM2.s due to frequent cooking, the presence of at least
one smoker, and the frequent use of air fresheners. PMzs levels are significantly higher in households with
higher occupancy and low-income households. Similarly, Abdel-Salam et al. (2022) studied indoor PM1o
levels in 60 domestic kitchens and found that households with lower income and education levels had
higher levels of indoor pollutants. Adamkiewicz et al., (2011) integrated indoor environmental quality
into the environmental justice (EJ) dialogue by identifying the individual and place-based drivers of indoor
environmental exposures. The study highlighted that households with lower socioeconomic status (SES)
tend to have higher concentrations of indoor pollutants, influenced by a combination of outdoor and indoor
sources, building structures, and resident activities. All of these studies suggest a correlation between poor
indoor air quality and lower socioeconomic status, highlighting the need to address environmental
injustice and health disparities in indoor air pollution.

These studies improved an understanding of the unequal burden of indoor air pollution. However,
what remains unknown is whether differences in exposure to air pollution between different income
groups would become greater when both indoor and outdoor air quality data are considered, compared to
when only outdoor air quality data is used. If the between-group differences increase when indoor air
quality is incorporated into the analysis, it may suggest that traditional EJ research might have
underestimated the degree of disparities in environmental exposure.

This literature review highlights the importance of considering both indoor and outdoor air quality
as well as human mobility to mitigate the UGCoP and produce more reliable findings in environmental
exposure research. It also argues that if between-group differences are smaller when only outdoor air
quality is considered compared to when both outdoor and indoor air quality are incorporated, it may

signify that the social disparity in environmental exposure has been underreported in previous EJ studies
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that focus on outdoor air. To support these arguments, this study compares the group differences estimated

using real-time personal air sample data with those calculated using outdoor monitoring station data.
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3 CHAPTER: METHODOLOGY

Real-time, geo-referenced personal air sampling data from GeoAir2.0 portable monitors, outdoor
air pollution monitoring data from the PurpleAir low-cost sensor network, and participants’
demographic data were used to assess potential bias in exposure estimates when human mobility
and indoor air quality are ignored and assess whether disparities in exposure to air pollution are

underreported.

3.1  Study area

The study area for this research is eastern North Carolina (ENC) and the Raleigh/Durham area
(Figure 3.1). The annual average of outdoor PM2s ranges between 12.1 - 59 pug/m? in North
Carolina, which appears moderate (North Carolina Air Quality Index, 2023). However, higher air
pollutant concentration episodes may be experienced indoors due to different human activities
such as cooking, cleaning, painting, etc., and could potentially cause events of peak exposure
indoors, especially in low-income and socially marginalized populations. Eastern North Carolina
is a region characterized by a heterogeneous population of individuals belonging to diverse
ethnic groups with a proportional representation of residents with low- and high-income levels.
The eastern North Carolina’s average poverty rate of 17.6 % significantly surpasses both the

North Carolina state average of 12.6 % and the national average of 13.3 % (Scharer, 2001).
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Figure 3.1 Study area: Eastern North Carolina and Raleigh/Durham Area

3.2 Data
3.2.1 Indoor and outdoor air pollution data from GeoAir2.0 portable air monitors
3211 The specification and performance of GeoAir2.0 monitors

This study used GeoAir2.0 data collected from a previous pilot project conducted by Park’s
research team between October 2021 and March 2022. The methodology for participant
recruitment and data collection is detailed in Park et al. (2023) paper. The GeoAir2.0, a low-cost
air monitor, can collect personal air sampling data in various indoor and outdoor environments. It
consists of a low-cost PM2.s sensor (SPS30, Sensirion, Switzerland), a global positioning system

(GPS) module, a humidity/temperature sensor, a battery that can last about 15 hours, a liquid
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crystal display (LCD) screen, and a data logger (Park et al., 2021). The monitor can be worn with
a carabiner or belt clip or trapped in the shoulders (Figure 3.2).

Various laboratory and field tests have confirmed its accuracy and scientific reliability
when evaluated with reference instruments (Park et al., 2021; Sousan et al., 2021; Streuber et al.,
2022). Streuber et al. (2022) conducted an extensive analysis to compare the performance of
GeoAir2.0 to various commercially available air monitors. The study evaluated the accuracy of
GeoAir2.0 for salt and dust aerosols and examined the effect of changes in relative humidity on
its measurements using the MiniWRAS reference instrument in laboratory settings. The
performance of GeoAir2.0 was also examined in indoor environments by comparing it to the
reference instrument (pDR-1500) over five days in three homes. The GeoAir2.0 consistently
demonstrates a strong correlation (r = 0.96-0.99) with the MiniWRAS for both salt and Arizona
Road Dust (ARD) measurements in laboratory experiments. The GeoAir2.0 also correlated well
with the filter-corrected pDR-1500 in residential indoor settings, with correlation coefficients
ranging from 0.80 to 0.99. Also, the study revealed that changes in humidity had less of an
impact on GeoAir2.0 than on a higher-cost sensor, OPC-N3. In particular, GeoAir2.0 indicated
an increase in mass concentrations ranging from 100% to 137% for low and high concentrations.
The accuracy of the SPS30 PM sensor, which is used in the GeoAir2.0 device, was also assessed
by Sousan et al. (2021). The authors evaluated the performance of four commercially available,
low-cost particulate matter (PM) sensors (SPS30, OPC-N3, AirBeam2, and PMS A003) in
measuring PM mass concentrations in occupational and environmental settings. The sensors
were calibrated by performing side-by-side measurements with a reference instrument using
three aerosols: salt, Arizona road dust, and Poly-alpha-olefin-4 oil. In environmental settings,

SPS30 revealed a very high correlation (r = 0.99) with the reference instrument for all aerosol
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types. In occupational settings, SPS30 maintained a high correlation (r >0.96) with the reference
instrument. These previous studies suggest that GeoAir2.0, which uses the SPS30 sensor, is
effective in estimating PM mass concentrations in residential indoor, occupational, and
environmental settings by producing data of a quality comparable to that of more expensive

instruments.

Figure 3.2 A GPS-enabled low-cost portable air monitor (GeoAir2.0) and the three ways to wear
it

3.2.1.2 Description of GeoAir2.0 data

The GeoAir2.0 simultaneously records PMzs readings (1g/m®), GPS positions, temperature,
humidity, date, time, and other data at a 1-minute interval. It also collects a list of nearby Wi-Fi
media access control (MAC) addresses to ensure indoor geolocation accuracy. The GeoAir2.0

data that this study utilized includes location data as well as place types for each GPS location.
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Park et al. (2023) developed a data fusion method to (1) restore and rectify inaccurate GPS
locations, particularly indoor locations, by combining GPS and Wi-Fi MAC address data
provided by GeoAir2.0 and (2) automatically categorize GPS locations into homes,
workplaces/schools, in-transit, and other places. While the initial study by Park et al. (2023)
included 44 Latino/Hispanic individuals, this study used a larger set of data, including those
obtained from the second-round data collection, which resulted in 56 additional participants from
diverse race/ethnic groups. Consequently, this study involved a total of 100 participants living in
eastern North Carolina (ENC), who were asked to carry GeoAir2.0 monitors for three days (i.e.,
two weekdays and one weekend day). Because the participants completed the data collection on
different sets of three consecutive days, the data for this study included 100 participants’ geo-
referenced air pollution data for 90 unique calendar dates. To minimize selection bias in
participant recruitment, Park’s research team pilot survey employed various recruitment methods
with only one inclusion criterion and no exclusion criteria. Specifically, anyone between 18 and
64 years old was eligible for participation in the study. Community partners' networks, social
media platforms, word-of-mouth, and a door-knocking method were utilized to promote the
research and ensure broad outreach and engagement with the target audience. Additionally,
several local churches and businesses were visited, and short presentations about the project were
given at a non-profit community organization, and A Better Chance A Better Community
(ABC2) was specifically used to recruit Black participants. The University and Medical Center
Institutional Review Board at East Carolina University reviewed and approved the study material
and protocol on 7/25/2023 (IRB#: UMCIRB 23-001348). This approval indicates that the
research protocol, ethical considerations, methodology, and participant consent procedures have

complied with the ethical standards set by East North Carolina University IRB.
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3.2.2 Outdoor air pollution data from a PurpleAir sensor network
3.2.2.1 The specification and performance of PurpleAir monitors

Although the data accuracy of low-cost air monitors is relatively lower than that of regulatory
monitoring stations in general, low-cost sensors allow for the acquisition of data from numerous
locations at a community level and produce air quality data with higher spatiotemporal
resolutions than those from a regulatory monitoring network. Therefore, for the outdoor air
pollution data, this study used real-time PM2s data from a monitoring network that consisted of
213 PurpleAir low-cost sensors across ENC and its surrounding areas. The PurpleAir monitor
uses a low-cost PMS5003 sensor (Plantower, Bejing, China) to detect PM ranging from 0.3 to
10um, and the control board estimates the total mass for PMz1, PM2.s, and PM1o using particle
counts calculated every second. The data is transferred to the cloud every 80 seconds. This low-
cost sensor network has been established through a crowd-sourced community effort to monitor
air pollution concentrations at a fine spatiotemporal resolution to fill the data gaps in locations
where regulatory monitoring stations are scarce (Figure 3.3). The PurpleAir monitors have been
managed and maintained by community members, and the real-time air quality measurements

have been provided through a publicly available web map (PurpleAir, 2023).
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Figure 3.3 Distribution of PurpleAir monitors across the Eastern North Carolina and
Raleigh/Durham Area (the PurpleAir web map)

Numerous studies have conducted laboratory and field tests to confirm the accuracy and
scientific reliability of PurpleAir low-cost sensors by comparing them with reference
instruments. For example, Stavroulas et al. (2021) compared the performance of PurpleAir
sensors with established PMz.s measurement instruments, including Beta Attenuation Monitors
(BAM) and the optical reference-grade monitor in two urban environments (Athens and
loannina, Greece) across three seasons. The study revealed that PurpleAir correlates strongly

with reference instruments with (R? = 0.87) for the Beta attenuation monitor and (R?=0.98) for
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the optical reference-grade monitor. The study highlights that reliable data for air quality
monitoring can be obtained using PurpleAir sensors with appropriate calibration.

Jiang et al. (2021) conducted an analysis to evaluate the performance of the Plantower
PM sensor with two established reference instruments - the gravimetric method (GM) and
Tapered element oscillating microbalances (TEOM), which is the federal reference method
(FRM) and federal equivalent method (FEM) respectively, both approved by US Environmental
Protection Agency (EPA). The study evaluated the accuracy of the PurpleAir sensor using
laboratory experiments with PMz2.s concentrations ranging from 8 to 167 pug/m?® and assessed the
consistency of the sensors in both laboratory and field settings. The performance of the
PurpleAir sensors was also examined in various environments by comparing it to the reference
instruments (TEOM and GM) during field evaluations. The study revealed that PurpleAir
correlated well with the reference instruments in laboratory and field settings by consistently
demonstrating strong correlations (r > 0.82) with relatively small relative standard deviations
(16-21%) between sensors., confirming its potential applicability for PM2.s exposure assessment.
After calibration, the PurpleAir sensor measurements became more convergent with the
reference methods, indicating that linear calibration methods may be sufficient for ambient
monitoring using TEOM. In contrast, nonlinear calibration methods may be more appropriate for
indoor air quality monitoring using GM. This highlights that the PurpleAir sensor can produce

data of comparable quality to more expensive, high-precision instruments.

3.2.2.2 Description of PurpleAir data

The PurpleAir data used in this study includes outdoor PM2s concentration measurements in

every minute, dates, times, and geographic coordinates of the monitor locations. It was
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downloaded using the PurpleAir API and PurpleAir data download tools (Opejin, 2024a). To
ensure temporal alignment between the PurpleAir and GeoAir2.0 data, this study extracted
timestamps in the GeoAir2.0 data and used it to download PurpleAir data to ensure that the two

data are uniform and correspond to the same times and dates.

3.2.3 Demographic Survey

This study used the survey of socioeconomic data collected from the pilot project mentioned
above. The survey includes information about participants’ socioeconomic and demographic
characteristics, including gender, age, race/ethnicity, and household income levels. Physical
addresses of participants’ homes and workplaces/schools were also collected. For all questions,
the option to “prefer not to respond” was provided to allow participants to avoid sharing the
information if they preferred. The data was used to examine bias in assessments of economic and

gender disparities in exposure.

3.3 Data Analysis

3.3.1 Geospatial Data Analysis

Because the GeoAir2.0 data was already processed by Park et al. (2023), it did not require
additional data processing for this study and was ready to use. To generate air pollution surfaces
and calculate personal exposure using PurpleAir data, this study developed a Python algorithm
using geospatial packages, including ArcPy and Geopandas, to perform the geostatistical
analysis (ordinary kriging) and data extractions efficiently (Opejin, 2024b). The algorithm
systematically filtered the PurpleAir dataset using the timestamp field to select instances of
PurpleAir monitors available for a particular minute. The PM2.s values from the selected

PurpleAir monitors were used to perform a kriging operation to generate an air pollution surface
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at a specific minute on a particular date (Figure 3.4). The air pollution surface was then
combined with participants’ GPS trajectory data (i.e., latitude and longitude) available in the
GeoAir2.0 dataset to calculate PurpleAir-based personal exposure estimates. Participants’ GPS
trajectory data was dynamically overlaid on the kriging output to extract each participant’s air
quality values for that corresponding minute. Because the PurpleAir dataset had 129,600 unique
minutes, which corresponds to the number of unique minutes in the GeoAir2.0 dataset, the
process was iterated 129,600 times. All the geoprocessing and data integration procedures were

completed using Pandas and Matplotlib Python packages.
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Figure 3.5. Examples of kriging outcomes based on the PurpleAir low-cost sensor network data
(1-minute intervals from September 2021 to March 2022)

3.3.2 Statistical Data Analysis
3321 Bias in levels of exposure

The study examined whether the two exposure estimates (i.e., GeoAir2.0- and PurpleAir-based
estimates) are significantly different. Participants’ PM2.s exposure values were averaged for each
dataset to obtain total exposure, weekday vs. weekend exposure, and exposure by different
activity locations (e.g., homes, workplaces, in transit, and other places). Then, paired-sample t-
tests were performed to examine whether there was a significant difference between the two
estimates. Likewise, for home exposure, the two datasets were filtered to retain only home

exposure, and then paired-sample t-tests were performed to examine whether there was a
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significant difference in home exposure between the two exposure estimates. The same
procedure was utilized to assess the discrepancy between the two estimates for exposure during

transit, at workplaces, at other places, and during weekdays and weekends.

3.3.2.2 Bias in the magnitude of social disparities in exposure

To assess the extent of economic disparities in exposure revealed by each set of air pollution
data, the participants were categorized into three income groups: 37 participants with income less
than $30,000 as low-income, 25 with income between $30,001 and $75,000 as middle-income,
and 38 with income more than $75,000 as high-income. The Welch’s analysis of variance
(ANOVA) was used for each type of data to assess whether significant differences in exposure
were identified among the income groups (Figure 3.5). Next, the Game-Howell post-hoc tests
were performed to identify significant exposure differences between each pair of income groups
within the two data sets. Finally, the F-values from the two Welch’s ANOVA were compared to
identify whether the differences were more pronounced in the GeoAir2.0 data than in the
PurpleAir data. For the gender disparity, the Welch’s t-test was performed. All the statistical data

analyses were completed using Pandas and Matplotlib Python packages.
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4 CHAPTER FOUR: RESULTS

4.1  Demographic Characteristics of Participants and Average Exposure Levels

Table 4.1 shows the key demographic characteristics of the 100 research participants. Female
respondents dominated the study (65%), with a significant difference between the two average exposure
estimates (43.78 vs. 15.65ug/m®). Forty-one percent of the sample were between 40-59 years, with the
highest average estimate according to the PurpleAir data (51.85 ng/m3), while their GeoAir2.0-based
estimate was relatively low (11.60pg/m®). Forty-five percent were Latino/Hispanic, experiencing an
average exposure level of 60.24ug/m3, according to PurpleAir data. This figure significantly diverges
from the 16.30 pg/m3 estimated through the GeoAir data. The overrepresentation of the Latino/Hispanic
group in the sample is attributed to the initial recruitment for and the original purpose of the pilot
project, upon which this current study is based, which specifically focused on this racial/ethnic group.
Thirty-seven percent of the samples were from low-income households with an average exposure
estimate of 45.54 (PurpleAir) vs. 21.19 (GeoAir2.0) pg/m®.

Table 4.1 Key demographic characteristics of the study participants

Variables Total N Average Exposure (ug/m°)
100 GeoAir2.0 PurpleAir
Gender
Male 35 8.55 46.26
Female 65 15.65 43.78
Age
18-24 20 17.63 38.82
25-39 34 13.95 41.52
40 - 59 41 11.60 51.85
60 Plus 5 2.80 30.12
Ethnicity/Race
Latino/Hispanic 45 16.30 60.24
Non-Hispanic white 24 10.06 35.31

Black 18 15.26 17.71



Asian 13 514 45.47
Household Income

<$30,000 37 21.19 45,54

$30,001-$74,999 25 11.21 32.41

> $75,000 24 531 36.01

PNR” 14 - -

“ PNR: Prefer not to respond.

4.2  Bias in Personal Exposure Estimates

The paired-sample t-test result revealed that there was a statistically significant difference between the

GeoAir2.0- and PurpleAir-based estimates for total exposure (t = 5.94; p < 0.001). Specifically,

estimates based only on outdoor data (PurpleAir) were considerably higher than the GeoAir-based

estimates and consistently overestimated levels of personal exposure (Table 4.2). This indicates that

even in areas and time periods with high levels of outdoor air pollution, individuals actually experienced

low levels of exposure by staying indoors on average.

Table 4.2 Paired-sample t-test results

Exposure Type Data Source Mean StD t-value p-value
PurpleAir data 4464  47.99
Total exposure ) 5.94 <0.001
GeoAir2.0 data 13.16  20.34
PurpleAir data 4483  46.56
Home exposure 5.74 <0.001
GeoAir2.0 data 1396 2342
In-transit exposure PurpleAir data 44.43 5344 4.25 < 0.001
Place GeoAir2.0 data 10.38  56.07
PurpleAir data 38.39 46.13
Work exposure ) 4.68 <0.001
GeoAir2.0 data 7.27 12.17
PurpleAir data 4232 55.70
Other place exposure ) 3.01 0.003
GeoAir2.0 data 18.43  54.85
PurpleAir data 43.92  47.36
Weekdays exposure ) 6.03 <0.001
GeoAir2.0 data 12.08 19.59
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Days of PurpleAir data 43.99 50.38
Weekend exposure 4.75 <0.001
the week GeoAir2.0 data 16.12  29.52

The discrepancy between the two exposure estimates was further illustrated by examining each
pair of estimates (Figure 4.1). It found that the overall high-low exposure patterns across participants in
the PurpleAir data did not align with those in the GeoAir data. That is, the estimates from the two
datasets did not follow similar patterns. For example, a participant with an identification (ID) number of
P53 seemed to experience the highest PM2.s exposure compared to all other participants, according to the
PurpleAir data (Figure 4.1). This person encountered 240.45 pug/m® on average over a period of three
days, which is considered “Very Unhealthy” according to the United States Environmental Protection
Agency (US EPA) guidelines. However, the GeoAir2.0-based estimate revealed that the person actually
experienced among the lowest exposure (4.05 pg/m?). This sharp contrast suggests that PurpleAir-based
estimates failed to account for the protective effect of being indoors when outdoor air quality was
markedly poor. On the contrary, a participant with an ID number of P42 seemingly had among the low
exposure (7.12 pg/m®) when assessed using the PurpleAir data, whereas the person actually experienced
an “Unhealthy” level of PM25(105.01 pg/m®) according to the GeoAir2.0 data. This may be because the
person performed indoor activities that generated a significant amount of PMz.s while outdoor air quality

was reasonably good.
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Figure 4.1 Comparing PurpleAir- and GeoAir2.0-based personal exposure estimates

This study also identified the statistically significant discrepancies between the two exposure
estimates in all different types of places and time periods (Table 4.2). The PurpleAir estimates were
significantly higher across all the activity places. It indicates that using the PurpleAir-based outdoor air
quality data can overestimate people’s actual exposure at all activity locations due to neglecting the
protective effect of being indoors. The largest difference existed in-home exposure (t =5.74; p < 0.001),
while locations classified as “other places” reported the smallest t-value (t = 3.01; p = 0.003). The most
pronounced contrast in-home exposure may be because GeoAir2.0 data might have almost exclusively
included inside-home air quality when the location was classified as “home,” while PurpleAir data
included exclusively outside-home air quality at the same location. On the other hand, for locations
classified as “other places,” GeoAir2.0 data encompasses a mix of indoor and outdoor air quality

measurements in those places due to the diverse nature of these environments, where some may be
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predominantly outdoors (e.g., parks and playgrounds) and others primarily indoors (e.g., restaurants and
grocery stores), reducing the difference between the two data. The results also revealed that in the
PurpleAir-based estimates, the highest average exposure was found at home locations (44.83 pg/m®); in
contrast, in GeoAir-based estimates, the highest average exposure was found in locations classified as
“other places” (18.43 ng/m®), probably because of the pollution-generating activities some participants
engaged in those locations (Figure 4.2). Using the same data, Park et al. (2023) reported that some
participants were exposed to dangerous levels of PM2s during religious activities due to incense sticks
burning in churches or recreational activities, such as bonfires with outdoor grilling. This study also
found that workplace locations had the lowest averages for both GeoAir and PurpleAir estimates (7.27

and 38.39 ug/m?®, respectively) among all place types.
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Figure 4.2 Differences between PurpleAir- and GeoAir2.0-based exposure estimates in each activity
place

34



The difference between weekday and weekend exposure was more prominent in the GeoAir
data-based estimates (12.08 vs. 16.12 ug/m?) than in the PurpleAir data-based estimates (43.92 vs. 43.99
ng/m®) (Figure 4.3). It may be because, during weekends, many people might have spent more time at
home and performed pollution-generating indoor activities, such as cooking or vacuuming, or
undertaken recreational, social, and religious activities that might have generated a significant amount of
air pollution. In contrast, the difference between weekdays and weekends was not apparent in the
PurpleAir-based estimates, indicating that using only outdoor data does not capture the true exposure
encountered in their immediate surroundings and the impact of indoor activities frequently performed

during weekends on variations in levels of exposure.
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Figure 4.3 Differences between PurpleAir- and GeoAir2.0-based exposure estimates on weekdays and
weekends
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4.3  Bias in Assessments of Gender/Economic Disparities in Exposure

This study compared the two exposure estimates among gender groups (male and female); the finding
highlighted that females had higher average exposure to air quality (15.65 pg/m®), almost double the
male exposure to air pollution in GeoAir-based estimates. In comparison, males had higher exposure in
PurpleAir-based estimates (Table 4.1). The difference between the two genders was “marginally”
significant only in GeoAir (t = 4.654; p = 0.055) but not in PurpleAir (t = 3.793; p = 0.821), possibly
because many female participants relatively tended to spend more time at home than male participants
and/or because female participants might have engaged more in air pollution-generating activities in
indoor homes than male.

This study also compared the two exposure estimates for different income groups to determine
whether PurpleAir- and GeoAir-based estimates led to the same conclusion about economic disparities
in exposure. The Welch’s ANOVA results suggested that there was no significant difference among the
three income groups when using the PurpleAir data (F = 0.756; p = 0.474) (Table 4.3). In the PurpleAir-
based estimates, the low-income group had the highest average (45.54 pg/m?), followed by the high-
income group (36.01 ug/m?), and middle-income had the lowest average (32.42 pg/m®). Conversely, the
significant differences among the income groups were identified when the GeoAir data was used (F =
7.512; p =0.002). The higher F-value for the GeoAir data indicates that the differences between the
income groups are more pronounced in the GeoAir-based estimates than in those from the PurpleAir
data. In the GeoAir-based estimates, the low-income group had the highest average (21.19 pg/m®),
followed by the middle-income group (11.22 ug/m?®), and the high-income group had the lowest average

(5.30 pg/m3). The distributions of the two estimates for each income group are presented in Figure 4.4.
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Table 4.3 Welch’s ANOVA results for income groups

Data source Income group Mean  St.D F-value p-value
Low Income 45.54 52.50
PurpleAir data Middle Income 3242  31.24 0.756 0.474
High Income 36.01 25.19
Low Income 21.19 29.76
GeoAir2.0 data Middle Income 11221155 7515 0002
High Income 5.30 4.02
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Figure 4.4 Comparing the distributions of PurpleAir- and GeoAir2.0-based PM2 exposure estimates by

income

The Game-Howell post hoc test was performed to identify which pairs of groups had

significant differences between the mean values. The results show that the significance in Welch’s

ANOVA emanated from the high-low pair (p = 0.008). The high-middle pair was marginally significant,

with a p-value of 0.056, and the low-middle pair was insignificant (Table 4.4). On the other hand, no
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pairs of groups were significant in the PurpleAir-based estimates, and all these pairs had very high p-
values. These results suggest that using only outdoor air quality data in exposure assessments may not
accurately reveal the magnitude of disparities in exposure that may exist among different socioeconomic
groups. Incorporating indoor air quality into exposure assessments can reveal a hidden portion of
disparities by capturing the unequal distribution of indoor sources and differences in indoor

environmental quality, which is neglected in outdoor-focused assessments.

Table 4.4 Game-Howell posthoc test results for income groups

Data source Pair of groups p-value

PurpleAir data High - Low Income 0.612
High - Middle Income  0.897

Low - Middle Income 0.439

GeoAir2.0 data High - Low Income 0.008
High - Middle Income  0.056

Low - Middle Income 0.166
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5 CHAPTER FIVE: DISCUSSION OF FINDINGS, RESEARCH LIMITATIONS,

AND CONCLUSIONS

5.1 Discussion

This study revealed the vast discrepancy between personal exposure estimates derived from mobile
sensor data and stationary outdoor monitoring data (i.e., GeoAir2.0 data vs. PurpleAir data). The
PurpleAir-based assessments tended to overestimate individuals’ actual daily exposure levels when
outdoor air quality was relatively poor and underestimate them when outdoor air quality was good. For
some participants, exposure estimates derived from GeoAir2.0 data were among the lowest even though
their exposure in PurpleAir data was among the highest, and vice versa. These findings suggest that
exposure assessments based exclusively on outdoor air quality data may lead to biased exposure
estimates, underscoring the necessity of incorporating indoor air quality into these assessments by
collecting indoor and outdoor air quality data using mobile sensors. Moreover, the analyses showcasing
variations in exposure across weekends versus weekdays and among different types of places further
highlight the critical role of indoor environments in determining personal exposure. These outcomes
align with the Ma et al. (2020) study, which also identified the significant discrepancies between
estimates derived from mobile sensor data and those from national monitoring data in Beijing, China.
Additionally, this study demonstrates that neglecting indoor air quality may underrepresent the
extent of social disparities in exposure. Notably, it found considerable variations in exposure levels
among different income groups when employing the GeoAir2.0 data, with lower-income groups
experiencing the highest average exposure—a disparity not captured by PurpleAir data. The study also
highlights that neglecting indoor air quality does not reveal the true extent of gender disparities in

exposure — GeoAir data-based exposure estimates revealed gender disparities in exposure, while



PurpleAir data-based exposure estimates did not. These results indicate that using low-cost portable air
sensors to obtain high-resolution, personalized air quality data collected in both indoor and outdoor
microenvironments can significantly reduce bias in personal exposure estimates and uncover the often-
overlooked disparities indoors. This conclusion is consistent with the conclusions drawn in several

previous studies (Beko et al., 2015; Ma et al., 2020; Park et al., 2023).

5.2 Limitations and Future Research Directions

This study has some noteworthy limitations. First, this research primarily focused on small to mid-size
cities (e.g., Greenville) and some neighboring rural areas across ENC and the Raleigh/Durham area,
using the data collected during the cold season, a time when outdoor air pollution tends to be higher
compared to warmer seasons. Consequently, the observed overall trend of personal exposure being
overestimated when relying solely on outdoor air quality data may not hold true across different times of
the year or across the full spectrum of the most remote rural areas to the heavily industrialized urban
centers. Further studies are required to explore the extent and characteristics of bias in exposure
assessments across different times and regions.

Second, this study assumes that each participant’s 3-day data represents their typical weekday
and weekend exposure patterns. However, the data might not have accounted for other sources of PM2s
that they occasionally encounter and long-term trends in exposure. Future research may consider
collecting data for an extended period to capture these occasional exposures and seasonal variations in
biases. Third, this study specifically targeted bias in assessments of economic and gender disparities
because the samples were more evenly distributed across different groups, ensuring a sufficient number
of participants in each category. Statistical analysis on racial disparities was not conducted due to
concerns about the reliability of the results. The Latino/Hispanic group was oversampled due to the

study design of the original pilot project while there was an inadequate number of participants from the
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Black population to allow for meaningful comparisons. Future research may employ a more effective
sampling strategy to obtain a representative sample with an adequate number of participants from each
racial/ethnic group to facilitate the identification of bias in assessments of racial disparities in exposure.
Lastly, the discrepancy in the two exposure estimates (GeoAir2.0 and PurpleAir) might have
partially stemmed from the differences in accuracy between the two low-cost sensors as well as the
measurement errors. In a related context, the GeoAir-based exposure estimates were based on direct
measurements from sensors, while PurpleAir-based estimates were derived from the geostatistical model
outputs. Although this study included data points in the surrounding areas to improve accuracy,
estimations at locations where the available data points were insufficient might have had higher errors.
Future research might consider using modern machine-learning models, such as Gaussian Process
regression, which might provide more accurate estimation results. Nonetheless, the magnitude of the
divergence identified in this study suggests that such factors alone are unlikely to account for the majority

of the observed large discrepancy between the two data.

5.3 Conclusions

This study contributes to the literature by identifying potential inferential errors in exposure or health risk
assessments or environmental justice studies that exclude indoor air pollution. Although this study found
that assessments based solely on outdoor air quality data resulted in overestimated personal exposure, this
conclusion does not undermine the necessity of air pollution management in both indoor and outdoor
environments because GeoAir data revealed that people were exposed to extremely high levels of air
pollution for a short term (several minutes or hours per day), while the calculated average values concealed
these short-term variations. Rather, this study suggests that the bias is significant and non-negligible,
emphasizing the importance of integrating air quality data collected from both indoor and outdoor

environments to mitigate bias in exposure estimates despite the expensive and time-consuming process of
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acquiring real-time air sampling data from individuals. It calls for developing innovative data collection
strategies to collect personalized, high-resolution air pollution data across a large geographic area and
research methods that integrate such data. A more accurate exposure assessment will contribute to
enhancing an understanding of health risks associated with air pollution and developing more nuanced

intervention strategies and policies for mitigating the risks and environmental health disparities.
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