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MEASURING AND MODELING AVIATION-RELATED AIR POLLUTION
IN NEAR-AIRPORT COMMUNITIES
SEAN CULLEN MUELLER
Boston University School of Public Health, 2025
Major Professor: Kevin J. Lane Jr., Ph.D., Associate Professor of Environmental Health
ABSTRACT
The aviation industry drives substantial economic growth and is the fastest-
growing mode of transportation worldwide, but consequently contributes to adverse
environmental and public health concerns. Of interest is the impact of airport and aircraft
activities on particulate matter (PM) air pollution exposure to communities living near
airports. The type of fuel used in aircraft affects the size and composition of PM. Jet fuel,
with its relatively high sulfur content, contributes to substantial ultrafine particle (UFP;
particles with aerodynamic diameter <100 nanometers) formation, whereas piston-engine
aircraft burning leaded aviation gasoline emit lead along with other combustion by-
products into the environment. Isolating the contributions of in-flight aircraft emissions
from ground-based airport activities and other location sources (e.g. roadway traffic)
presents a significant methodological challenge. Aviation source attribution is
complicated by multiple complex interactions between aircraft activity, exhaust plume
dynamics, and meteorology. Because aviation emissions carry profound implications for
human health and climate, there is a pressing need for research to improve source
apportionment techniques and to inform effective mitigation strategies.

The goal of my dissertation was to enhance our understanding of the spatial,
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temporal, and compositional heterogeneity of aviation-related air pollution in
communities near airports. This work collectively provides insight on the breadth of
potential air pollution exposures across two distinct airport types: Commercial Service
Airports (CSA), which have high operation volumes but are geographically limited, and
General Aviation Airports (GAA), which have lower operation volumes but are widely
distributed.

In Chapter Two, we leveraged a natural experiment during the COVID-19
pandemic to disentangle source-specific UFP contributions at a long-term monitoring site
impacted by multiple UFP sources in Chelsea, MA. Results show that mean UFP
concentrations closely tracked road traffic activity patterns, whereas peak UFP levels
occurred when the site was downwind of the airport, implicating aviation emissions as
the driver of episodic high-UFP events. This analysis lays foundational evidence that
aviation emissions can be distinguished from roadway emissions, underscoring the
importance of considering aviation as a distinct source in exposure assessments.

In Chapter Three, we built on Chapter Two findings by applying an interpretable
machine learning (ML) model to the long-term Chelsea UFP dataset to quantify aircraft
contributions to ambient UFP. In summary, we were able to reliably model UFP
concentrations and disentangle nonlinear interactions between meteorology and flight
activity to quantify aviation contributions to community exposures. These overarching
results are further supported by a detailed apportionment of aviation contributions to
ambient UFP at an hourly resolution, distinguishing between arrivals, departures, and

runway-specific impacts over the study period (2014-2022, Boston, MA). These results



provide a novel framework for retrospective exposure assessment to aviation emissions,
offering opportunities for epidemiological studies to examine health impacts of aviation
air pollution.

In Chapter Four, we expanded our focus beyond large commercial airports to
investigate air pollution exposures around GAAs. We conducted ambient sampling of
fine particulate-bound elements at two contrasting GAAs — one dominated by piston-
engine activity and one by jet activity — and compared these measurements to data from
U.S. Environmental Protection Agency (EPA) monitors. Results showed PM enriched in
bromine, arsenic, lead, sulfur, and zinc — contaminants indicative of aviation fuel
combustion — at levels substantially above background. These findings confirm that
distance from the airport is a key determinant of pollutant concentration gradients, and
importantly, reveal that communities near GAAs may be exposed to hazardous air
pollutants beyond lead.

Recent developments magnify the significance of these research gaps. In 2021,
the World Health Organization published guidance for recommended maximum hourly
and daily exposure to UFP; the recorded measurements from Chapter Two and Three
exceeded these guideline values. In 2023, the EPA issued a final endangerment
determination of aircraft lead emissions and is required to set regulatory standards
protective of public health; our measurements in GAA communities indicated ambient
lead and other hazardous air pollutant concentrations above background levels. Air
pollution exposure in communities near airports, both from CSAs and GAAs, will be a

key area of interest for future research and health assessments.
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CHAPTER ONE. INTRODUCTION

Air pollution is a ubiquitous global environmental and public health challenge and
exposure to particulate matter (PM) can harm nearly every organ in the body.! Effective
management of air pollution requires source apportionment — the process of identifying
and quantifying the contributions of specific emissions sources to ambient air pollution
levels. This step is crucial for designing targeted mitigation strategies and improving
public health outcomes.? The aviation industry represents a significant and growing
contributor to air pollution, yet its emissions, fate and transport, and resulting human
exposures are inherently complex and nonlinear. Communities near airports face
differential exposures to PM size and composition due to differences related to airport
operations (i.e. airport size, flight activity, and aircraft engine types), meteorology (i.e.
wind speed and direction) as well as distance and angle of communities from the airport
and runways. Jet aircraft engines emit ultrafine particles (particles < 100 nanometers in
aerodynamic diameter; UFPs) at high rates that can remain airborne and travel long
distances downwind?, whereas piston-engine aircraft emit combustion by-products of
leaded aviation gasoline (avgas), making this sector the single largest source of airborne
lead in the United States.* Understanding aviation-related PM exposures and their health
impacts is critical. Yet, due to the complex nature of aviation emissions and limited
monitoring infrastructure in near-airport communities, our ability to attribute ambient
pollution to aviation remains limited.

This dissertation investigates the impacts of aviation activities on UFP

concentrations and on the multi-element composition of fine PM in communities living



near airports. By advancing exposure assessment methodologies, this research addresses
several critical knowledge gaps necessary for epidemiological studies and evidence-based
public health policy: (1) differentiating the impacts of aircraft landing, takeoff, and
ground operations, (2) apportioning aviation-related UFP contributions from aviation and
other common sources (e.g. road traffic) in near-airport areas, and (3) characterizing air
pollution exposures around general aviation airports, including exposures to lead and
other hazardous air pollutants.

The Aviation Industry: A Complex and Growing Source of Air Pollution

The aviation industry is a vital part of the global economy and has grown

significantly in recent decades. Before the COVID-19 pandemic, air travel was the
fastest-growing mode of transportation, with a forecasted 5% annual increase in U.S.
aviation activity over the next 20 years.’ The U.S. is home to nearly 20,000 airports of
varying sizes and functions, commonly categorized as:®

o Commercial Service Airports (CSAs): Handling > 2,500 annual enplanements and supporting
domestic and international airline services, primarily using jet engines.

o General Aviation Airports (GAAs): With fewer than 2,500 annual enplanements, GAAs serve
specialized purposes such aeromedical flights, corporate travel, and law enforcement. These

serve as the primary hub for piston-engine aircraft, which rely on leaded aviation gasoline.

Aircraft engines produce a wide array of air pollutants, including carbon dioxide
(CO»), nitrogen oxides (NOy), oxides of sulfur (SOx), volatile and semi-volatile organic

compounds (VOCs/SVOCs), PM, and trace metals (Figure 1.1).”
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Figure 1.1 - Simplified diagram of a turbofan (upper left); products of ideal and actual
combustion in an aircraft engine (upper right); and related atmospheric processes,
products, environmental effects, human health effects and sinks of emitted compounds
(bottom). Reproduced from Masiol and Harrison (2014).

Of particular concern for near-airport communities are two pollutant classes:

o Ultrafine Particles (UFPs): Generated by incomplete combustion in aircraft engines,
UFPs can be emitted directly in exhaust or formed secondarily via atmospheric
nucleation and coagulation processes. These particles (defined as < 100 nm in diameter)
exhibit high mobility in ambient air and can penetrate deeply into human lungs.

e Lead (Pb): Emitted from piston-engine aircraft burning leaded aviation gasoline. 100

Low Lead (100LL, maximum Pb concentration of 0.56 g/L) aviation gasoline is the



primary fuel for piston-engine aircraft, containing tetraethyl lead (CsH20Pb) as an anti-

knock agent.

While exhaust plumes from aircraft engines are considered to account for most
airport-related emissions, aircraft are only one of several sources of emission at an
airport.® The airport environment is a wide and complex mixture of sources including
aircraft (maneuvering, taxiing, landing, takeoffs, auxiliary power), construction and
maintenance work, ground power units, ground service equipment (passenger buses,
refilling trucks, de/anti-icing vehicles) and buildings (heating facilities, restaurants for
passengers and operators). Few studies to date have considered all aspects of the airport
emission ecosystem simultaneously,” which complicates efforts to isolate the impacts of
aircraft engines alone on local air quality. This complexity means that communities
around airports may be exposed to a mix of pollutants from multiple sources, and to
attribute exposure to aviation-specific activities requires concerted study design and
analysis.

Health Impacts of Aviation-Related Air Pollutants

Exposure to particulate matter has well-documented links to respiratory and
cardiovascular disease exacerbation.!” Fine PM has been associated with increases in
mortality, and there is growing concern that the smallest particles (UFPs) may be
disproportionately responsible for certain adverse health outcomes.!° However, directly
attributing health outcomes to UFP exposure remains challenging because UFPs often co-

10—

occur with larger particles and gaseous co-pollutants.!®!? In 2019, a comprehensive

review of epidemiological studies on the health effects of UFPs concluded that there was



insufficient evidence to infer causal associations with morbidity and mortality.'3
However, the study authors noted that halting or reducing UFP pollution should result in
improved health status.!* UFPs enter the body via inhalation, directly causing lung
inflammation and, because of their small size, can diffuse from the lungs to reach
systemic circulation, where they have been found in many compartments of the body.!>
Furthermore, UFPs have a relatively large surface area per mass, increasing the potential
capacity to carry adsorbed toxic compounds into the body.!® Aviation-related UFP
exposure, in particular, has been understudied in human populations.!”!8 There is some
evidence that UFPs from jet aircraft (which are often rich in <20 nm “nuclei-mode”
particles) could be especially toxic.!”2! Studies of short and long-term exposures to
airport-associated UFPs in healthy adults, adults with asthma, and children in the U.S.
(Los Angeles International Airport) and Europe (Amsterdam Airport Schiphol) showed
potential associations with systemic inflammation and cardiopulmonary risks, but the
evidence remains inconclusive as there are substantial challenges with distinguishing
airport emissions from background urban pollution.?*23

Lead (Pb) is a well-established toxin with no safe level of exposure, especially
affecting children’s neurodevelopment. Leaded gasoline additives were historically used
in automobiles until they were phased out in the U.S., which led to major drops in
population blood levels.?¢ However, the continued of leaded gasoline in hundreds of
thousands of aircraft means that lead emissions persist as a local hazard around GAAs.

Children living near GAAs can inhale lead particulate or ingest lead that has settled from

the air into soil and dust. Lead exposure in early life is associated with cognitive and



behavioral deficits, including lowered 1Q, attention difficulties, and academic
underachievement.?”-?° Infants and young children are particularly vulnerable;
importantly, research shows that the toxic effects of lead are more pronounced at lower
blood lead levels with measurable harm in the 2-3 ug/dL range.’° Consistent with this,
the U.S. Centers for Disease Control and Prevention (CDC) states that no level of lead in
blood is safe for children.?! However, communities near GAAs remain an unresolved
hotspot for lead exposure risk, disproportionately affecting communities with less
resources.’?3* It is estimated that 16 million people (including 3 million children) live or
attend school in the U.S. within 1 km of GAA airports,* highlighting the significant
population potentially at risk from leaded aviation gasoline emissions. While lead is the
focal pollutant of concern at GAAs, emerging evidence suggests that other hazardous air
pollutants associated with aviation activities may also impact local air quality. To date,
these co-emitted hazardous air pollutants have been largely understudied in community
exposure assessments, which solely focus on Pb. This highlights a need for more
comprehensive monitoring of the full suite of aviation-related combustion by-products
impacting near-airport communities.
Regulatory Context

Many countries, including the U.S., have adopted ambient air quality standards
for PM that differentiate by particles size (e.g. coarse [PMio] vs. fine [PM25] U.S.
National Ambient Air Quality Standards [NAAQS]). However, these mass-based
standards (mass/volume) do not account for particle number (number/volume) or

composition, and thus do not fully capture UFPs or PM elemental constituents. Evidence



shows that particle composition can influence health effects independently of mass,*® and
UFPs — which contribute negligibly to PM> s mass — are not captured by the current
EPA national air pollution monitoring network.3” Currently, there are no U.S. regulatory
standards or routine monitoring requirements for UFPs. Recent EPA Integrated Science
Assessments (ISA) have consistently called for improved UFP monitoring and health
research to support potential guidelines.!? In 2021, the World Health Organization
(WHO) took a first step by issuing guidance values (‘good practice statements’) for UFP,
classifying 24-hour average UFP counts above 10,000 particles / cm? and 1-hour average
above 20,000 particles / cm? as “high” pollution levels.*® These WHO guidelines reflect
growing concern in the scientific community that UFP exposure poses unique health
risks, even in the absence of formal standards.

With respect to Pb, the current U.S. NAAQS for Pb in total suspended particles is
150 ng / m? (3-month rolling average).* Violations of this standard are relatively rare and
geographically limited compared with other air pollutants for which NAAQS are
established e.g. PM» s and Ozone.*® However, recognizing the continued emissions from
aviation gasoline, the EPA has moved toward regulating this major legacy lead emission
source. In 2022, the EPA issued a proposed endangerment finding, and in 2023 it
finalized the determination that lead emissions from piston-engine aircraft endanger
public health.*! This finding triggers a mandate for the EPA to develop lead emission
standards for aircraft engines, and it places responsibility on the U.S. Federal Aviation
Administration (FAA) to certify fuels or engines that meet those standards. Notably, the

EPA itself cannot ban or regulate fuel content under the Clean Air Act — this authority



lies with the FAA.*? In anticipation of this, the FAA launched the Eliminate Aviation
Gasoline Lead Emissions initiative in 2022, aiming to transition the general aviation fleet
to unleaded fuels by 2030.* These regulatory developments heighten the relevance of
research on GAA pollution: as rules are formulated, policymakers will need data on lead
dispersion, exposure, and co-pollutants to set appropriate standards and mitigation
measures.
Challenges in UFP Source Apportionment of Aviation Emissions

Modeling and apportioning aviation emissions presents a unique set of challenges
due to the dynamic nature of aircraft movement and the complex dispersion processes
that govern exhaust plumes.*** Unlike stationary or ground-level sources, aircraft are
moving sources that emit pollutants across a range of altitudes and speeds. While road
traffic emissions are largely confined to near-ground corridors, aviation emissions occur
in a three-dimensional flight space, introducing vertical distribution and long-distance
transport of pollutants. In-flight aircraft emissions interact with atmospheric dynamics
(e.g. jet exhaust can form coherent hot plumes that rise and are carried downwind aloft),
making it difficult to predict where those emissions will come to ground-level. Pollutant
emission rates also vary with engine power setting: for instance, NOx emissions increase
at high thrust, whereas non-volatile UFP formation (soot and precursor condensation
particles) is associated with lower-thrust conditions and incomplete combustion.*®
Furthermore, aircraft generate complex aerodynamic wakes (trailing vortices and
turbulence) that can enhance or alter dispersion patterns. As aircraft climb, their vortices

can transport emissions over long distances before the plume mixes to the surface,



whereas during approach, descending plumes and wake turbulence can deposit emissions
over a broad area downwind of runways.*¢*® Despite these well-understood physical
processes, accurately predicting ground-level concentrations of aviation-generated
emissions remains a scientific challenge.

Another key challenge is determining the relative contributions of different phases
of aircraft operation (landing, takeoff, and ground-idle) to community UFP levels. There
is conflicting evidence in the literature regarding which phase of the landing-and-takeoff
(LTO) cycle has the greatest impact on downwind UFP exposure. Many studies have
documented intense UFP emissions during takeoff, when engines operate at high power,
and also during extended taxi/idle periods on the ground.**->? On the other hand, recent
field measurements taken outside the airport complex have shown that landing aircraft
can elevate UFP concentrations several kilometers downwind of airports. Hudda and
Fruin (2016) observed sharp spikes in UFP up to 3 km from LAX due to landing jets,
with smaller nucleation-mode particles persisting at elevated levels out to 18 km
downwind. These findings suggest that while takeoffs and ground operations create
localized peaks in UFP near the airfield, landing approaches can disperse UFP across a
much wider area. To date, isolating the contributions of each LTO segment to ambient
UFP has been difficult because these operations often occur simultaneously at a busy
airport.

Present knowledge on UFP concentrations near airports has largely come from
localized monitoring studies. Prior studies often rely on measurements taken on runways

or airport fence lines, and use those data to infer community exposure gradients.*® While
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useful, such approaches can miss the combined influence of multiple sources in
populated areas. In practice, researchers have applied statistical techniques like wind-
sector analysis, multivariable regression, and receptor models (factor analysis) to
apportion sources of UFP at major airports.!” These methods have provided evidence that
airport-related UFP can be separated from traffic-related UFP by using indicators such as
wind direction (e.g., downwind vs. upwind concentrations)*, or by using particle size
distribution (e.g., smaller particles linked to jet exhaust vs large from road vehicles).!*2
However, these apportionment approaches have limitations: they often assume linear
additivity and may not capture the nonlinear, interactive effects of meteorology on
dispersion. For example, an analysis technique that attributes all sub-30 nm particles to
aircraft and 50-100 nm particles to road traffic could misclassify sources if atmospheric
conditions favor secondary particle formation or if there are overlapping size
ranges.!”>*% Similarly, principal component/factor analysis might not fully account for
the covariance of aviation and traffic emissions, since such methods rely on statistical
associations and may be sensitive to collinearity and shared temporal patterns.>® These
constraints can introduce exposure misclassification, which is problematic for health
studies in communities near airports.
Challenges in PM Composition Source Apportionment at General Aviation Airports
Exposure characterization at GAAs begets its own set of unique challenges.
Unlike large commercial airports that tend to be in major urban centers, GAAs are
geographically widespread and often embedded in suburban or rural communities. The

U.S. EPA estimates that 16 million people reside and 3 million children attend school
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near GAAs hosting piston-engine aircraft operations.’” Existing studies of GAAs focus
almost exclusively on lead and often rely on distance to airport as a proxy for exposure.
While findings consistently show that individuals living within 500 meters to 1 kilometer
of airports face elevated exposure risks,*>>8-60 these studies often simplify the spatial and
temporal complexity of pollutant dispersion. For example, while some studies have
considered wind direction and piston-engine traffic in their exposure assessments,®
empirical validation of lead emissions directly attributable to piston-engine aircraft
remains lacking. Furthermore, the potential contribution of other toxic avgas-byproducts
beyond lead to localized pollution has been largely overlooked. Emerging research
highlights the need to expand the focus of GAA exposure assessments to include a
broader analysis of air pollutants beyond lead. Studies at commercial service airports
indicate that several toxic heavy metals are associated with aircraft engine emissions:
sulfur (S), arsenic (As), lead (Pb), chromium (Cr), zinc (Zn), cobalt (Co), nickel (Ni),
cadmium (Cd), and mercury (Hg).*6!62 Together, these findings indicate the need for
comprehensive monitoring of hazardous air pollutants in communities near GAAs to
accurately characterize the cumulative environmental health impacts of these sources.
Approach

In this dissertation, we address the aforementioned challenges by using a
combination of environmental monitoring and modeling to apportion aviation-related air
pollutants in near-airport communities that are influenced by multiple emission sources.
Each research aim employs distinct but complimentary methods to characterize aviation

contributions to ambient air pollution, collectively providing a robust framework for
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understanding community-level exposure. Specifically, we investigate aviation air
pollution using three approaches: Chapter 2: a natural experiment to assess the impact of
emissions reductions, Chapter 3: interpretable machine learning regression, and Chapter
4: enrichment factor analysis and particle size fractionation of multi-elemental PM
components.

We leveraged data from two in situ monitoring studies, one in the vicinity of a
major international airport (Logan Airport in Boston, supporting Chapters 2—3) and the
other involved targeted measurements at two GAAs in Massachusetts (supporting
Chapter 4). Each aim’s methodology is detailed in its respective chapter, and an overview

is provided in Table 1.1.



Table 1.1 Overview of dissertation chapters.

Airport
Chapter Pollutant of Interest P Source Apportionment Method
(ICAO Name, City)
Two Ultrafine Particles Logan Airport (KBOS, Boston) Descriptive: Emissions Reduction Impact
via Natural Experiment
Three Ultrafine Particles Logan Airport (KBOS, Boston) Statistical: Interpretable Machine Learning
Modeling
Four Mass of PM2 s-bound Mansfield Municipal Airport (1B9, Descriptive: Enrichment Factors and Size
Elements Mansfield and Norton) Distribution

Hanscom Field (KBED, Bedford)

¢l
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Particle Number Concentrations in Chelsea, MA

In collaboration with the Federal Aviation Administration (FAA) Center of
Excellence for Alternative Jet Fuels and Environment (ASCENT) Project 018 (Health
Impacts Quantification for Aviation Air Quality Tools) we have monitored ambient PNC
in several communities near the General Edward Lawrence Logan International Airport
(Logan Airport) in Boston, Massachusetts for approximately the past decade. The
primary goal of this project is to conduct new air pollution monitoring in communities
impacted by arrival and departure flight paths into Logan Airport using a protocol
specifically designed to determine the magnitude and spatial distribution of UFP in the
vicinity of flight paths. The monitoring sites were explicitly chosen to distinguish the
aviation contribution to ambient PNC from other sources: deploying at least 200-meters
away from major roads to avoid large motor vehicle traffic contributions and deploying
downwind of airport runways. Each stationary site has a climate-controlled enclosure that
allows for year-round sampling and are located in residential and mixed land use areas to
capture and characterize exposure to nearby communities where people live, work, and
play. In this dissertation, we specifically analyze PNC data collected atop a third story
rooftop in a mixed use area of Chelsea, MA, located approximately 2.5 km northwest of
Logan Airport. Chelsea, MA is a densely populated environmental justice community
that boasts some of the highest rates of asthma and other cardiorespiratory diseases in
MA.364 The monitoring site was outfitted with a TSI Model 3783 water-based
condensation particle counter (CPC), which can record 1-second average concentrations

of PNC between 7 nm and 1000 nm. This fast time resolution of the CPC is a key
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advantage for monitoring UFP exposures in rapidly changing environments, such as

street canyons and airports.

PM Elemental Analysis in Mansfield and Bedford, MA

We conducted two separate measurement campaigns across two GAAs in
Massachusetts from Summer 2023 — Fall 2024 to characterize particulate matter
elemental composition and size distribution. The same experimental design and analytical
methods were used across campaigns: single-stage Harvard Personal Exposure Monitor
(HPEM, 1-single 37mm 3-um pore size filter, 10L/min) to collect bulk particles <2.5um,
and multi-stage Sioutas Personal Cascade Impactors (PCIS, 1 37mm filter, 2 25mm
filters, 9L/min) to collect specific size fractions of particles (coarse, accumulation, and
quasi-UFP). Teflon filters were analyzed at Alliance Technical Group (Tigard, OR) for
gravimetry and elemental concentrations via energy dispersive X-ray fluorescence
spectrometry (XRF). We studied Mansfield Municipal Airport (ICAO: 1B9, located in
the towns of Mansfield and Norton, MA, approximately 30 miles south-west of Boston)
and Hanscom Field (ICAO: KBED, located in Bedford, MA, approximately 15 miles
north-west of Boston), both GAAs surrounded by residential communities including
homes within a few hundred meters of the airport runways. We opportunistically selected
to study these two airports which created a unique opportunity to contrast air pollution
concentration among heterogenous GAAs. Monitoring at 1B9 was conducted as part of a
pilot study to better understand methods for measuring and apportioning aviation-related
air pollution, while monitoring at KBED was conducted as part of a community-driven
research project to understand community impacts from a proposed airport expansion

project.
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ABSTRACT
Mobility reductions following the COVID-19 pandemic in the United States were higher,
and sustained longer, for aviation than ground transportation activity. We evaluate
changes in ultrafine particle (UFP, Dp<100 nm, a marker of fuel-combustion emissions)
concentrations at a site near Logan Airport (Boston, Massachusetts) in relation to
mobility reductions. Several years of particle number concentration (PNC) data pre-
pandemic [1/2017 — 9/2018] and during the state-of-emergency (SOE) phase of the
pandemic [4/2020 — 6/2021] were analyzed to assess the emissions reduction impact on
PNC, controlling for season and wind direction. Mean PNC was 48% lower during the
first three months of the SOE than pre-pandemic, consistent with 74% lower flight
activity and 39% (local) — 51% (highway) lower traffic volume. Traffic volume and mean
PNC for all wind directions returned to pre-pandemic levels by 6/2021; however, when
the site was downwind from Logan Airport, PNC remained lower than pre-pandemic
levels (by 23%), consistent with lower-than-normal flight activity (44% below pre-
pandemic levels). Our study shows the effect of pandemic-related mobility changes on
PNC in a near-airport community, and it distinguishes aviation-related and ground

transportation source contributions.
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INTRODUCTION

Natural experiments have provided insight about air pollution source impacts. For
example, policies to reduce vehicular traffic and congestion during the 1996 Olympics
(Atlanta, Georgia, USA) reduced peak daily ozone concentrations by 28%°%; the
temporary shutdown of a large steel mill in Utah (USA) in 1986 reduced PMio
concentrations by nearly half®; and during the 2008 Olympics (Beijing, China) air
pollution emission controls reduced traffic-related emissions between 21-61%.7 A recent
and significant change to source activities coincided with the onset of the COVID-19
pandemic in 2020. In that year, road transportation and commercial flight activity
decreased globally by 50% and 60%, respectively, relative to pre-pandemic levels.®® In
comparison to the shutdown of commercial aviation operations in response to the
September 11, 2001 attacks, the COVID-19 pandemic disrupted aviation service more
substantially in the short term (96% during COVID-19 vs 33% following 9/11), and
travel restrictions continued for a longer period of time.®

Changes in air quality associated with the COVID-19 pandemic have been
documented in numerous locations, including Asia’®’!, Europe’?, India’?, and the United
States.”* These studies largely focused on short-term (i.e., two to three months) impacts
during periods of pandemic-related economic and social disruptions. However, such
short-term studies may not adequately capture air pollution changes from differential
activities across sectors, especially for pollutants with strong seasonality. This is
important for pollutants like ultrafine particles (UFP; <100 nm in aerodynamic diameter)

in urban areas with multiple emission sources. Few studies have documented the UFP air
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quality impacts of the COVID-19 pandemic; a systematic review’> noted only two
articles measuring ultrafine particles, with an additional article published more recently.
The studies measuring or modeling UFP were short-term in nature, with the longest
monitoring campaign being ~7 weeks, and all were focused on road traffic.”®8 Although
UFP exposure in near-airport communities has been shown to be elevated!” in the
U.S.31%7 as well as other countries?*?>-8%8! during normal airport operations, to date little
work has been done to characterize air quality impacts due to sharp decreases in aviation
activity during the pandemic.

The goal of this study was to quantify the changes in UFP (measured as particle
number concentration, or PNC) at a near-airport site in response to an unprecedented
change in flight activity. We analyze PNC measurements collected over multiple years at
a rooftop site near a major airport (Logan International Airport, Boston, Massachusetts,
USA). Our objectives were to (1) quantify the overall decrease in PNC during the early
state-of-emergency (SOE) period that coincided with the maximum decrease in activity
for all modes of transportation, and (2) examine if changes in PNC in the year following
the start of the SOE corresponded to the differential rates of recovery of aviation and road

traffic.
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MATERIALS AND METHODS

Boston Logan International Airport and Monitoring Site

Logan International Airport is located 1.6 km east of downtown Boston. The
airport has six runways, with a preferred operational runway configuration for each wind-
direction quadrant. Continuous monitoring of PNC was conducted atop a three-story
building located in a mixed-use (including residential) community in Chelsea, 4.0 km
NW of the airport. This site and the surrounding area have been described elsewhere;>>52
briefly, the site is near several other transportation modalities (major roadway 400 m to
the west, a commuter rail line 50 m to the north, and an active shipping channel 1 km to
the southeast; see Supporting Information (SI) Figure S1)). During SE winds, which
occur at 7% frequency and orient the site downwind of the airport, emissions from the

airport (i.e., from ground transportation and idling and taxiing aircraft) as well as aircraft

landing on runway 15 are advected toward the monitoring site.

Massachusetts State-of-Emergency (SOE)

In response to the COVID-19 pandemic, a state-of-emergency (SOE) was
declared in Massachusetts on March 10, 2020, which was lifted on June 15, 2021.%3 At
the beginning of the SOE period a stay-at-home-advisory was issued, requiring all non-
essential businesses, schools, and other organizations to close their physical workplaces,
and recommending residents to stay home and avoid travel. The ending of the stay-at-
home-advisory on May 18, 2020 initiated the reopening of the Massachusetts economy,

with restrictions being relaxed in a gradual process according to four pre-determined
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phases. However, after restrictions were eased from May 2020 through November 2020,
they were increased again starting in November 2020 given increasing COVID-19 cases
and hospitalizations, and gradually rescinded starting in February 2021. Air quality
measurements were made from April 2020 through June 2021 and were compared with

pre-pandemic measurements from 2017 and 2018.

Instrument and Data Acquisition

Ambient PNC was monitored using a water-based Condensation Particle Counter
(CPC, TSI Inc. Model 3783, Dso of 7 nm) from January 2017 through June 2021, with
several discrete periods where monitoring did not occur, notably October 2018 through
March 2020. Field procedures, the quality assurance (QA) protocol, and the calibration
procedures are described in the SI (Table S1). Approximately 5% of data were removed
prior to analysis mainly due to automatically flagged CPC parameter exceedances (e.g.,
nozzle pressure and pulse height). Hourly landing and takeoff (LTO) (hourly totals for
landings (arrivals) and takeoffs (departures)) from January 2017—June 2021 were
obtained from the Federal Aviation Administration Aviation System Performance
Metrics Database.®* Meteorological data collected at Logan Airport (KBOS) were
obtained from the National Centers for Environmental Information Automated Surface
Observing Systems (ASOS) program and aggregated to hourly resolution via the U.S.
Environmental Protection Agency’s AERMINUTE and AERMET processors.®> In short,
AERMINUTE converts the ASOS 2-minute wind direction to x and y-component wind
directions and follows a unit-vector approach to average within a given hour to calculate

the hourly wind direction; further details can be found elsewhere.?%8” Monthly average
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daily traffic (MADT) from January 2017—June 2021 was obtained from the
Massachusetts Department of Transportation Data Management System.®® Four traffic
counters were used, with three counters representing local roads (Rt 1A Revere (Station
ID 8087), Rt 1A Boston (Station ID: AET16), and US 1 Boston Tobin (Station ID:
AET15)), and a fourth representing an interstate highway at Medford 1-93 (Station ID:

82) (Figure S1).

Data Processing and Analyses

Data collected prior to August 2017 were recorded at 30-second averaging periods,
with subsequent data recorded at 1-second averages. Processed data were aggregated to
hourly resolution (n = 41,904 h) and merged with flight activity (landings, takeoffs, and
sum of landings and takeoffs [LTO]), meteorological data, and MADT. Data were
classified into impact-sector or non-impact-sector depending on whether the hourly
average wind direction positioned the site downwind of the airport. Impact-sector was
defined as 135° to 175° based on the azimuth angle of the site to the widest span of
runways as done previously (Figure S2).°* Additionally, data were classified as pre-
pandemic (before March 10, 2020), the early SOE period (March 11, 2020 — March 2021,
when Massachusetts returned to its Phase III Step 2 reopening) and the late SOE period
(April — June 2021). Monthly average and 25", 50, 75 95t and 99" percentile PNC
were calculated for these three periods.

We used an approach analogous to emissions reduction impact methods within air
quality modeling to evaluate the changes in PNC and transportation activity throughout

the study period. This approach, described elsewhere?, estimates the impact of a source
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on pollutant concentration when emissions are reduced in a given sector. First, Equation
1 was applied to PNC, road traffic, and aviation to scale the data by pre-pandemic mean

to visualize temporal trends:

Gl =" (M

where C is the measurement value at its highest resolution (hourly for PNC and LTO,
monthly for road traffic), 7 is the data type (PNC, road traffic, LTO), and p is the mean
measurement value for the i data type for data before March 10, 2020.

We examined aviation and road traffic activity over the entire study period to identify
changes in transportation patterns. To control for seasonal variation and the non-linear
nature of the COVID-19 activity restrictions, we stratified the dataset and performed
targeted analysis comparing the months of April, May, and June (AMJ) across the dataset
within the three time-periods (pre-pandemic, early SOE, late SOE) because these months
correspond with large changes in transportation patterns (Figure 2.1C).

These changes were analyzed following Equation 2:

A, = Bma1=Mmz o 400 )

Wm,2

where pm,1 is the 3-month (AMJ) mean in 2020 or 2021, tmz is the 3-month (AMJ) mean
in 2017-2019, and 4,, is the % change. We did not record PNC data for 2019, but LTO
and MADT were available for all three preceding years. Given the influence of
meteorological variability on PNC and to control for it, we limited the comparison to the
same season (spring/summer months) and further, the mean and standard deviations of

key variables (e.g. temperature, precipitation, relative humidity, etc.) were compared



24

between years; we observed no substantial differences in our time period of interest
(Table S2).

To visualize and explore PNC trends with respect to wind direction and wind speed,
we created bivariate polar plots that group PNC by wind speed and direction using the

‘openair’ R package.®
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RESULTS

Changes in Transportation Activity During the Pandemic

Both flight and ground traffic were reduced following the start of the SOE. While
flight activity was reduced by 74%, road traffic was reduced by only 39% based on
counts from the three nearest surface road counters and 51% on the nearest interstate
highway counter during AMJ 2020 compared to the pre-pandemic (2017-2019) average
for the same months. Upon easing of the travel restrictions, road traffic recovered to pre-
pandemic volume (+ 10%) by AMJ 2021; however, flight activity remained 44% lower
(Table S3 and Figures S7-S8).

The diurnal pattern of flight activity during early and late SOE was similar to pre-
pandemic years, but at lower volumes (Figure 2.1). Flight activity peaked in the morning
(0600 — 1000 hours) and the afternoon (1500 — 1900 hours); the morning had a higher
percentage of departures and the afternoon had a higher percentage of arrivals (Figure 2.1
(A)—~(B)). Throughout the study period flight activity during 0100 — 0400 hours was

minimal, in accordance with noise abatement policy.
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Figure 2.1. (A-B) Landings and takeoffs per hour for (A) Arrivals and (B) Departures at
Logan Airport from 2017 to 2021 for the months of April, May, and June (AMJ). (C) Time
series for PNC (particles/cm3) for all wind directions, automobile traffic at US1 Boston
Tobin (AET15, Monthly Average Daily Traffic), and combined landings and takeoffs
(operations h™') scaled by pre-pandemic mean (before March 10, 2020) following Equation
1. Points represent the monthly average of the pre-pandemic mean scaled value per
respective time series. Highlighted boxes within the dotted lines represent the time periods
selected for analysis, AMJ 2017-2019 (black), AMJ 2020 (orange), AMJ 2021 (purple).

Changes in PNC During the Pandemic
Overall, mean PNC was 48% lower during early SOE compared to pre-pandemic

mean for AMJ (Figure 2.1 (C)), but by late SOE it was comparable to pre-pandemic
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mean (+ 5%). Reductions during early SOE were greater for impact sector winds (-
61.4%) than non-impact sector winds (-48.0%). During late SOE (AMJ 2021), mean PNC
remained lower than pre-pandemic for impact sector (-23.1%) but not non-impact sector
winds (+5.4%).

During the early SOE both the concentrations and the impact sector vs. non-impact
sector difference were reduced (Table S3). Mean impact sector PNC (14000 £+ 8600
particles/cm?) was 2.1 times higher than mean non-impact sector PNC (6700 + 4000
particles/cm?) in early SOE compared to mean impact-sector PNC (36300 + 24900
particles/cm?) being 2.8 times higher than mean non-impact sector PNC (12900 + 9100
particles/cm?) in the pre-pandemic period. These patterns (i.e. impact-sector PNC greater
than non-impact sector PNC, a reduced relative difference between impact sector and
non-impact sector PNC during early SOE, and a recovery to pre-pandemic levels for non-
impact sector PNC but not impact-sector PNC during late SOE) were consistent across all
hourly aggregations of PNC (25, 50', 75t%, 95t and 99™ percentile PNC — Table S3
and Figure S9).

Furthermore, the greatest decrease in impact-sector PNC in the early SOE period
occurred during regular LTO activity (0500 — 0000): a 62% decrease compared to pre-
pandemic (Table S4), i.e., 40900+ 24900 particles/cm? vs. 15600 + 9100 particles/cm?.
During regular LTO activity, impact-sector PNC in early SOE period (15600 + 9100
particles/cm?) was essentially comparable to non-impact sector PNC pre-pandemic
(13700 + 9500 particles/cm?). Prior to the pandemic, during impact sector winds PNC

was 2.7 times higher during regular LTO (60 flights h™') as compared to periods of
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limited LTO (2 flights h'!); however, in early SOE, impact sector wind PNC was only 1.8
times higher during regular LTO (14 flights h!) than during limited LTO (1 flight h™!).
Analyses by wind speed and direction (Figure 2.2) indicate a pronounced signal under
impact sector winds at relatively high wind speeds during regular LTO activity pre-

pandemic, which is muted in the SOE periods during regular LTO activity.
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Figure 2.2 Polar plots showing the interaction between the hourly mean PNC (particles/cm®)
during April, May, and June (AMJ), wind speed (ms™), and wind direction. Columns subset
data by pre-pandemic (mean AMJ of 2017 and 2018), in the early months of the
Massachusetts State of Emergency (SOE) (AMJ 2020), and a year later (AMJ 2021), while
rows subset by periods of limited LTO (0100 — 0400) and regular LTO (0500 — 0000). Dotted
red lines represent winds from the aviation impact sector. Variations in plot shape are a
function of wind speed and wind direction while variations in color are a function of PNC
(particles/cm®).
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DISCUSSION

Air quality management involves identifying and quantifying the emissions sources
that contribute most to air pollution levels in a given area or region. The dramatic
decrease in transportation sector activity in response to the COVID-19 pandemic
provided a natural experiment with which we could better understand the emissions
reduction impact of transportation sources on ambient PNC in a near-airport setting.
During the early months of the COVID-19 pandemic, we observed that PNC was
dramatically reduced (48% on average, for all wind directions) near an international
airport, and that daytime PNC was similar to pre-pandemic PNC during nighttime hours
with no flight activity. In addition, we observed that mean PNC mirrored automobile
ground traffic volume patterns throughout the pandemic, but that under wind conditions
that placed the monitor downwind from the airport, mean PNC more closely followed
flight activity volume patterns. The fact that the two predominant source types in a near-
airport setting had different activity profiles and different associations with wind speed
and direction allowed us to better differentiate their relative impacts on ambient PNC.
While the highest PNC was observed when the site was downwind from the airport
throughout the study period, the difference between downwind and non-downwind PNC
was negligible during the early SOE, providing a sharp contrast to clearly indicate airport
contributions under aviation-impact sector winds.

Our findings can be compared with previous studies of PNC during the pandemic,
although most previous studies were conducted over a shorter duration and with a

primary focus on road traffic-related emissions. For example, Hudda et al. 202076
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quantified changes in air quality in Somerville, MA due to traffic reductions using a
seven-week-long mobile monitoring campaign at the onset of the pandemic. They found
daily traffic on a major highway in the community (I-93) decreased approximately 50%
and that median PNC was 44—-57% lower in March—May 2020 as compared to pre-
pandemic concentrations. We found a similar magnitude reduction though with the ability
to better distinguish between specific source contributions over time. Xiang et al. 20207
found a more modest 7% reduction in PNC near a major interstate in Seattle, WA, USA,
where median traffic volume decreased by 37% at the onset of pandemic-related activity
restrictions. They identified larger relative decreases in smaller diameter ultrafine
particles (<20.5 nm), but were only able to compare with approximately 2 weeks of UFP
measurements prior to the onset of the pandemic. Dai et al. 202178 used dispersion-
normalized positive matrix factorization analysis to investigate source contributions to
PNC before and during the COVID-19 outbreak in a suburban site in Tianjin, China.
They found that traffic-related PNC decreased 44% after the outbreak, and that
residential heating was the largest source of PNC before and during the outbreak. The
magnitude of PNC decrease we observed during the pandemic is comparable to the road-
based study in Boston, MA, USA’® and the suburban site study in Tianjin, China’ but
were substantially larger than the road-based study in Seattle, Washington, USA.
However, our study is the only one performed to date in a near-airport community with a
long-term monitoring campaign specifically sited to distinguish the separate contributions

from roadway and airport emissions.
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A limitation of natural experiments is that they are observational in nature and
potential confounders cannot be manipulated; therefore, it is necessary to try to control
for them in analysis.”! For a pollutant like PNC that exhibits substantial seasonality, it is
essential to have the appropriate comparison period, which we addressed by matching
month-to-month percent change in PNC across three distinct time periods within a given
season. While we had approximately 20 months of PNC data to establish baseline
conditions, we had a data gap in 2019. However, our findings regarding impact sector
PNC in our baseline period agree with a prior study assessing aviation impacts on UFP in
Boston.> This reinforces the value of long-term monitoring for UFP and other pollutants
to capture both acute and gradual shifts in source contributions, ideally with monitoring
locations that capture emissions sources beyond road traffic to allow for analyses of
source impacts in complex urban environments which contain multiple emission sources.

Such data can provide the foundation for more accurate source attribution analyses.
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ABSTRACT

Ultrafine particles (UFP, Dp < 100 nm) are emitted in large numbers by aircraft,
and impacts on ambient concentrations have been observed far from airports. However,
quantifying aircraft contributions to UFP number concentrations (PNC) remains
challenging due to limited understanding of plume dynamics and meteorology. We
applied a machine learning (ML) model to a multi-year PNC dataset collected at an urban
site near Boston Logan International Airport to distinguish aircraft contributions by
arrival and departure runway to hourly PNC, accounting for road traffic, on-ground
operations, and meteorology. Using interpretable ML to explain model output (R’ =
0.66), we found that aircraft arrivals contributed more to PNC than departures or airport
on-ground operations, particularly during use of runways oriented perpendicular to the
monitor-airport axis. This suggests that aircraft not flying directly overhead can
substantially impact ground-level air quality through lateral dispersion under crosswinds.
Aviation impacts were further modulated by boundary layer dynamics, with the strongest
contributions from arrivals occurring under mixing heights that were shallow enough to
limit dilution but deep enough to entrain overhead plumes. This approach enables hourly-
resolved source attribution for retrospective exposure assessment and provides a
transferable framework for characterizing aviation-related UFP exposure in near-airport

communities.

Key Words: air pollution, aircraft, ultrafine particulate matter, landing and takeoff

operations, source apportionment, XGBoost, interpretable machine learning, SHAP
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Synopsis: We apply interpretable machine learning methods to distinguish in-flight

aircraft activity’s contribution to ambient PNC by runway and operation.
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INTRODUCTION
Ultrafine particles (UFPs; particulate matter with an aerodynamic diameter <100
nm) are ubiquitous in urban air and pose significant health risks.*® Due to their small size,
UFPs can penetrate deep into the lungs contributing to local and systemic
inflammation.!%!1-9293 UFPs originate from multiple combustion sources, including motor
vehicles and aviation activities, and can also form through atmospheric chemical
reactions.!®** Aircraft operations, particularly during arrivals and departures, release

UFPs smaller than those emitted by road vehicles,!®-20-5%-9

raising concerns about
heightened health risks near airports.'®2-2> While motor vehicles are typically regarded
as the primary UFP source in urban areas,”*?%7 the omission of aviation emissions in
many air quality studies has created a gap in understanding their impact.!7-%8

Although aircraft exhaust plumes are considered to be the largest source of
airport-related UFP emissions, airports encompass multiple emission sources —
including ground support equipment, auxiliary power units, and passenger vehicles —
making it difficult to isolate the role of in-flight aircraft.”> Disentangling in-flight aircraft-
related UFP emissions from other sources is further complicated by the transient and
dynamic nature of aircraft movements and plume dispersion near airports.*® Present
knowledge on aviation UFP concentrations is mostly limited to local modeling studies
and in situ measurements that treat the airport complex as a single source. High-
resolution dispersion modeling studies in near-airport communities remain challenging,

given emission uncertainties, sparse and discontinuous ambient monitoring infrastructure,

coarse model resolution, and challenges with modeling nonlinear and complex source
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characteristics (i.e., high speed mobile sources moving in 3-dimensions).*%100-102 T

practice, statistical methods such as wind direction impact-sector correlations,
multivariable regression, and receptor models have been more commonly applied for
source apportionment in major international airports — including Los Angeles
(LAX),>193.104 T ondon Heathrow (LHR),?%!9 Berlin-Tegel (TXL),'° Amsterdam
Schiphol (AMS),® Seattle-Tacoma (SEA),!” and Boston Logan (BOS)**10%:198 __to
separate aviation UFPs from other sources. These methods offer simpler ways to isolate
sources but often fail to account for nonlinear dynamics and complex emission patterns
generated across various airport operations, especially under changing weather
conditions. Addressing these limitations is critical for improving health research in near-
airport communities; the limited number of epidemiological studies have relied on
principal components analysis to assign exposure,?* or particle size as a proxy for source
attribution,?® by linking smaller particles to aviation and larger particles to road traffic.
These approaches are not able to fully capture the nonlinear interactions of aircraft UFP
dispersion and could introduce exposure misclassification.

Machine learning (ML) models are increasingly employed in air pollution studies
to address these limitations.!?*!1% Unlike traditional statistical methods, non-parametric
ML models excel at capturing nonlinear relationships and interactions among multiple
variables and have consistently outperformed linear approaches in predicting air pollutant
concentrations, including UFPs.!!!-115 Prior ML-based UFP studies have primarily
focused on road traffic emissions, neglecting aviation-related predictors,!!>~122 despite

evidence that aircraft emissions significantly contribute to UFP levels near airports.
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However, the complexity of ML models, particularly ensemble approaches combining
multiple learners, makes them difficult to interpret, often obscuring how specific factors
influence predictions.'?* Addressing these challenges requires ML methods that
incorporate granular aviation-specific predictors, generate high-temporal-resolution
predictions, and provide physically interpretable insights to advance exposure assessment
and health research.

In this study, we applied a ML model to a multi-year UFP dataset collected in a
community near Boston Logan Airport, incorporating aircraft flight activity, on-ground
airport operations, meteorology, and road traffic predictors. To enhance interpretability,
we leveraged SHapley Additive Explanations (SHAP) — a game-theory-based approach
developed to fairly attribute value in collaborative systems — to quantify both
independent and interactive effects of these predictors on UFP concentrations .!24!25 Qur
temporal model provides source attribution at hourly resolution, allowing us to isolate in-
flight aircraft from other sources and quantify fine-scale UFP variations at a fixed site in
a near-airport urban community. This capability advances the understanding of aviation’s
role in UFP pollution and supports retrospective exposure assessments, improving the
ability to link aviation-related UFP pollution to potential health outcomes in

epidemiological studies.
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MATERIALS AND METHODS

Study Site and UFP Monitoring

We monitored PNC at a site in Chelsea, Massachusetts, USA (Figure 3.1) from
January 2014 through December 2022. The dataset builds upon one described previously
in Mueller et al. 2022.1%7 Compared to our earlier work,!?” the new dataset includes
several more years of data, approximately doubling the sample size. The monitoring site
is approximately 4.0 km northwest of Boston Logan International Airport (Boston, MA,
USA) and oriented downwind of the airport during southeasterly winds, which occurred
7% of the time during the study (Figure 3.1a-b). We define winds that orient the
monitoring site downwind of the entire airport complex as impact sector winds, 135° to
175°, as has been done previously.> To minimize the influence of hyper-local emission
sources on measurements, the monitoring site was located on the roof of a 3-story
building and greater than 200 m from major roadways. Given the substantial decay in
concentration of UFPs as a function of distance from roadway,'?° this study design
ensures that observed UFP concentrations reflect broader pollution trends rather than just
localized traffic contributions. Logan Airport has six runways, and the runways are
operated to allow aircraft to take off and land into the prevailing wind in ideal weather
conditions (Figure S1 of the Supporting Information). During ideal weather conditions,
the airport can accommodate >100 operations per hour utilizing a three-runway

configuration.
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Figure 3.1. (a) Runway configuration at Logan International Airport (Boston, MA, USA)
and location of the monitoring site. The numbers on an airport runway indicate the
magnetic heading and its position relative to other runways, with “L” indicating “left” and
“R” indicating “right”. (b) Wind rose of 2014-2022 hourly data from the High-Resolution
Rapid Refresh (HRRR) model.
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We used a water-based condensation particle counter (CPC, TSI Inc. Model 3783,
Dso of 7 nm) to collect particle number concentration (PNC) measurements. The
instrument was operational for 62% of the hours between 01/06/2014 and 12/29/2022,
with data collected across multiple distinct monitoring campaigns interspersed with
periods of no monitoring, notably from October 2018 to March 2020 (Figure S2).
Approximately 4.5% of data were removed prior to analysis primarily due to
automatically flagged CPC parameter exceedances (e.g., nozzle pressure and pulse
height). Additional details on the CPC quality assurance and quality control (QA/QC)
protocol, calibration, and data cleaning are described in the Supplementary Information

(Table S1).

Model Input Features

Flight activity, traffic data, and meteorology serve as independent variables in our
machine learning regression model and are referred to in the text as model ‘features’
(Table S2). Flight activity data were obtained from the Federal Aviation
Administration’s Count of Operations (CountOps) database.!?” In addition to hourly
counts of arrivals and takeoffs by runway, we used hourly summations of estimates of
taxi time for arriving and departing flights from the FAA’s Aviation System Performance
Metrics (ASPM) database to assess ground-based activity at the airport.3*

Hourly traffic counts were obtained from the MassDOT Transportation Data
Management System.®® Given the limited number of hourly traffic counters in our study
domain, we opted to use one counter to represent the general temporal traffic patterns in

the study area, assuming that local traffic patterns had similar diurnal, day of week, and
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seasonal patterns as those measured at the selected highway traffic monitor. The road
counter represents traffic from a major interstate leading to Boston (Location ID 8011,
Interstate 93 South of Ramp I-93 North Bound to Route 60) and is approximately 6.5 km
northwest of the PNC monitoring location. The nearest major roadway to the monitoring
site is approximately 400 m west.

We used the NOAA Earth System Research Laboratory High-Resolution Rapid
Refresh (HRRR) model for hourly 3-km resolved meteorological parameters.'?® HRRR
has been validated against ground-based monitors and its parameters have been used
previously as independent variables in air quality regression models.!?*!3 We extracted
13 meteorological parameters from the HRRR analysis dataset (FOO) using the Amazon
Web Services S3 Open Registry Archive in Zarr format'*! and GRIB2 format via the
Herbie!3? package in Python (V3.10.12) for the grid cell with the closest Euclidean
distance to our PNC monitoring site. These parameters were wind speed (m/s) and
direction (°) at 10 m above surface and 850 millibars (mb), henceforth referred to as
surface and aloft winds, respectively, surface temperature (K), surface pressure (Pa),
dewpoint at 2 m above surface (K), surface moisture availability (%), convective
available potential energy (J/kg), middle cloud cover (%), atmospheric reflectivity (dB),
geopotential height at 850 mb (gpm), and planetary boundary layer height (m). See SI

Text 1 for further details about HRRR feature acquisition and selection process.

Data Harmonization and Pre-Processing
1-s PNC measurements that passed QA/QC procedures were aggregated to hourly

resolution and merged with flight activity, traffic data, and meteorological data by
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timestamp. We chose a study period of September 30, 2014 to December 29, 2022 to
reflect the first instance of available HRRR data. We included temporal indicators for
Hour (0-23), Month (1-12), Year (2014-2022), and a dummy variable for Weekend (1 =
yes, 0 =no). Only records with valid, non-missing PNC measurements were retained for
modeling (N=41,742 hours of data). Further details about data pre-processing are in SI

Text 2.

Machine Learning Model Development

The primary objective of our ML approach is to investigate the relationship
between in-flight aircraft activity and predicted PNC, and to consider how this is affected
by meteorological conditions.
We used the extreme gradient boosting algorithm (XGBoost, Python 3.10.12, Scikit-
Learn API) to predict hourly PNC. XGBoost sequentially builds decision trees, with each
new tree correcting errors from previous trees via gradient descent, capturing complex
and infrequent patterns.!33!134 Given the sporadic but substantial influence of aviation-
impact sector winds on PNC at our site,>*!%7 XGBoost’s iterative error correction
provided advantages over other tree-based methods. Unlike linear regression, XGBoost
handles correlated predictors effectively, but the interpretation methods we use for
feature importance are sensitive to multicollinearity.'*> To address this, we computed
Spearman’s Rho (p) among features, confirming correlations were within acceptable
limits used in prior air pollution studies (Figure S3).!11:136

Model evaluation strategy depends on the intended model application; we selected

a random hold-out validation approach to assess interpolation accuracy, aligning with
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best practices for retrospective exposure assessment.!3” We randomly selected 80% of the
dataset to train the model using 5-fold cross validation with Bayesian hyperparameter
optimization to create an optimized model that was predictive and parsimonious
(n=33,394). The final model was applied to the held-out 20% of the dataset to test model
generalizability (n=8,348). This process was repeated 10 times with different train-test
splits and hyperparameters to verify robustness. We evaluated model performance on the
following metrics: 1) coefficient of determination (R?), 2) root mean square error
(RMSE), and 3) mean absolute error (MAE). Cross-validation metrics were averaged
across folds and then across models, while generalizability metrics are reported as means
and standard deviations from the test-sets. Final hourly PNC predictions were obtained

by averaging predictions from all 10 XGBoost models.

Model and Feature Interpretation

We used partial dependence plots (PDPs) to visualize the marginal contribution of
a feature to predicted PNC. PDPs quantify the marginal contribution of a feature to
predictions by showing how changes in a feature's value affect predictions, while holding
all other features constant; for example, how one additional arrival on runway 22L would
change PNC. This process increments over the full range of the feature of interest to
illustrate its average impact on the model's output.'8

We used SHAP values to quantify each feature’s contribution to predicted PNC
(9, particles/cm?). SHAP is a post-hoc, model-agnostic, additive approach for explaining

machine learning model predictions at the individual record level. It applies cooperative

game theory principles to fairly distribute the difference between y and the mean model
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prediction (¢) by assigning each feature (i) a contribution (¢;), which represents its
marginal effect on the prediction after considering all possible feature interactions.!?+123
Because SHAP values are in the same unit as the model’s dependent variable (PNC,
particles/cm?), ¢; directly quantifies how much a given feature in a given record
increased or decreased the predicted PNC relative to J. To capture nonlinear feature
interactions, we also computed SHAP interaction values (¢;;) which measure the
pairwise interaction effects between features i and j.!* To systematically summarize
global feature contributions, we calculated mean absolute SHAP values (MASV,
Equation 1) to assess overall feature importance, and Spearman’s p between MASV and
feature values to quantify the directional relationship between feature magnitude and its
effect on PNC.

MASV; = =30 1]

(Equation 1)
Where N is the total number of records and qbi(r) is the SHAP value for feature 7 in record
r. We evaluate MASYV for individual features and collective feature groups (in-flight
aircraft, road traffic, on-ground airport operations, etc.) because many variables in our
dataset represent related processes. Because SHAP values are derived from the trained
model, and we generated ten distinct models (as detailed in Section 2.4), we computed
SHAP values and SHAP interaction values for all records in each iteration to ensure
consistency in comparisons. Final values were obtained by averaging the contributions
across the ten runs for each record. To assess feature importance stability across models,

we calculated the standard deviation of MASV and expressed it as a percentage of the
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corresponding mean value. To improve interpretability and reduce overplotting in
visualizations of the SHAP dataset (N=41,742) we binned SHAP values by feature
magnitude in select plots. SHAP and SHAP interaction values were generated via the

TreeExplainer, using the ‘shap’ Python package (V0.43.0).
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RESULTS AND DISCUSSION

Descriptive Statistics and Model Performance

PNC at the monitoring site were lognormally distributed, exhibited seasonality
(the highest concentrations were observed in winter [December—February] and lowest in
summer [June—August]), generally decreased from the start of the study period [2014] to
the end of the study period [2022], were higher on weekdays than on weekends, and
exhibited a bimodal diurnal pattern (peaks in morning 06:00—-08:00 and evening 18:00—
20:00) (Figure S4). These patterns are consistent with prior research on PNC in our study
site.53.79.107,108

Overall, mean PNC was 14,700 £ 12,200 particles/cm? and was approximately

50% higher during impact sector winds (135-175°, Figure S5). Previously, Hudda et al.
2016 reported PNC measured from January 2012—August 2015 at the Chelsea site was,
on average, 100% higher during impact sector winds.>* Our lower estimate can be
explained in part by the prolonged decrease in aviation activity as a result of the COVID-
19 pandemic.!” The fact that our dataset includes a wide range of transportation activity,
including previously unseen conditions such as substantially reduced flight and road
traffic during typical operating hours, validates its applicability under a wider range of
conditions.

Runway-specific operations and their alignment with prevailing wind conditions
influence PNC levels at the monitoring site. PNC were most correlated with arrivals on
runway 22L (22L-Arrivals, p = 0.27) and departures on runway 22R (22R-Departures, p

=0.25). As part of the airport’s preferred configuration during southwest winds, these
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two runways were frequently used in tandem, with simultaneous operation occurring 78%
of the time when either runway was in use, resulting in a high correlation (p = 0.87,
Figure S6). Although runways 22L-22R are preferentially operated during southwest
winds—runways aligned perpendicular to the vector connecting the airport and the
monitoring site (Figure 2.1a)—they operated during southwest winds only 34% of the
time. Southeast winds, which elevate PNC at the monitoring site (i.e. impact sector
winds), occur during a comparable proportion of operations for 22L.-22R and 15R:
southeast winds are present during 11-12% of 22R-22L operations and 14% of 15R
operations. However, the total average hourly count of operations on 22R-22L is 8-fold
greater than on 15R, amplifying their potential impact during impact sector winds.
Although 15R is aligned parallel to the vector connecting the airport and the monitoring
site — making its emissions more likely to directly impact the site during impact sector
winds — the substantially higher activity levels on 22R-22L during crosswinds likely
drive the observed correlations with PNC. This reinforces how advection, in combination
with runway-specific activity levels, plays a critical role in determining PNC variability
at the monitoring site.

Across all iterations of the XGBoost model — regressing PNC on flight
operations by runway, airport ground operations (via taxi time), automobile road traffic,
meteorological conditions, and temporal components — the mean (standard deviation)
model fit statistics on the test-set were as follows: R?= 0.66 (0.014), RMSE = 7200 (150)
particles/cm?, and MAE = 4300 (75) particles/cm? (Figures S7-S8). Performance on the

test-set was consistent across all runs and was similar to the respective run’s training-CV
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metrics (R? = 0.65 + 0.004), suggesting a robust model outcome. Model residuals were
non-normally distributed and exhibited heteroscedasticity (Figure S8). The model
performed better for measurements at or below the 75" percentile (17,900 particles/cm?),
where the mean (standard deviation) RMSE and MAE were 4600 (100) particles/cm? and
3000 (50) particles/cm?, respectively. This outcome is consistent with both the data's
distribution and the nature of model optimization for global error minimization. This
performance difference highlights how the infrequent high ‘spikes’ in PNC values
disproportionately affected model accuracy. Very high but infrequent and short duration
events have been noted to affect machine learning model accuracy for air pollution
prediction;'% methods to address this have noted a tradeoff between global performance
and peak performance.!!3 Addressing this tradeoff remains an important area for future

air pollution research.

Key Drivers of Particle Number Concentrations

Our results show that surface meteorology had the largest overall influence on the
model — evaluated by mean absolute SHAP value (MASV) + standard deviation
(expressed as a percentage of MASV) across the 10 XGBOOST model runs, with
Spearman’s p indicating the correlation between feature value and change in PNC
prediction — with surface wind direction (MASV: 2,230 + 2% particles/cm?,
Spearmans’s p = non-significant [NS]), surface temperature (2,190 + 2% particles/cm?, p
=-0.91), and surface wind speed (1,910 + 2% particles/cm?, p = -0.84) representing the
three most important features (Figure 2.2a). The analysis also identified the planetary

boundary layer height (1,420 + 3% particles/cm?, p = -0.92) as a strong contributor to
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predicted PNC. The broad, right-skewed distribution of SHAP values for these surface
and upper air features suggest nonlinear associations and substantial interactions with
other features. Among emissions-related features, transportation activity was positively
correlated with increased predicted PNC, with road traffic (1,600 + 4% particles/cm?, p =
0.87) emerging as the most important emission feature. Because this reflected a traffic
counter 6.5 km from the monitoring site and given the siting of our monitor > 200 m
from major roads, this term likely reflects temporal trends in traffic contributions
integrated across the region. Among aviation features, arrivals on runway 22L (22L-
Arrivals, 1,290 £ 7% particles/cm?, p = 0.80) and departures on runway 22R (22R-
Departures, 840 + 8% particles/cm?, p = 0.73) contributed most to predicted PNC, with
their mean absolute impacts doubling under impact sector winds (22L-Arrival = 2,700
particles/cm?, 22R-Departure = 1,800 particles/cm?®). In contrast, the runway with the
highest mean flight volume (33L, Figure 2.1c) had a de minimis impact (MASV<100
particles/cm?), indicating minimal influence on PNC at the monitoring site. SHAP values
for road traffic clustered tightly around small positive contributions to predicted PNC,
while aviation features exhibited right-skewed distributions, indicative of episodic high-
impact events and stronger interactions with other variables.

53,108 and other near-airport

Prior studies in near-airport settings in Boston
locations!93104140.141 haye shown that aircraft and roadway sources exhibit distinct wind
speed-direction dependencies on PNC, with elevated concentrations at higher wind

speeds more indicative of aircraft impacts. Our SHAP results capture these differential

effects on predicted PNC, reinforcing the physical interpretability of the model and the
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utility of SHAP for source attribution (Figure 2.2b). We observed elevated contributions
to predicted PNC from 22L-Arrivals and 22R-Departures under high speed impact sector
winds. This pattern is consistent with buoyant aircraft plumes transported by wind driven
advection.!**1% In contrast, SHAP values for road traffic showed minimal dependence
on wind speed-direction. Given the short atmospheric lifetime and limited transport range
of near-surface UFPs,!26:145 these results support the interpretation that elevated PNC
under specific meteorological conditions is primarily attributable to in-flight aircraft
emissions rather than local surface sources (Figures S9-12).197 Although U.S. and
European emissions inventories implicate road traffic as the dominant source of particle

number emissions,’*!4¢

our results highlight the important role on in-flight aircraft on
PNC in a near-airport community. Previous studies in other near-airport communities
using statistical or receptor-based methods have, on average, attributed comparable PNC
contributions to aviation and roadway sources.’>!*° Our analysis aligns with these
findings, while further demonstrating the value of machine learning interpretation tools
like SHAP in capturing local nonlinear interactions between emissions and meteorology

— beyond what is feasible with standard linear or second-order interaction terms (Figure

S13).
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Marginal Effects of Arrival vs Departure Aircraft

The joint marginal effect of wind direction and runway operations reveals
complex, nonlinear associations with PNC, underscoring the challenges of source
attribution when multiple interacting factors influence pollution levels (Figure 3.3). We
present results for runway-operation configurations with the highest MASVs, 22L-
Arrivals and 22R-Departures, and for runway 15R, which is oriented to operate during
impact sector winds (see Figure S14 for road traffic and aircraft taxi). Runways 221 and
22R are typically used simultaneously under southwest winds, while runway 15R
operates during southeast winds, directly aligning with the aviation impact sector.
Marginal effects on PNC were minimal for 22L-Arrivals and 22R-Departures during their
operationally aligned southwest winds (20 and 30 particles/cm? per operation-hr,
respectively). During southeast winds (i.e., crosswinds), however, 22R-Departures
exhibited a greater marginal effect on PNC (270 particles/cm? per departure-hr)
compared to 22L-Arrivals (150 particles/cm?® per arrivals-hr), consistent with prior
findings that departures produce higher emissions due to greater engine thrust during
takeoff.> 147 However, our results suggest that arriving aircraft exert a greater cumulative
influence on PNC (Figure 3.2a), particularly during low-activity periods, due to their
more consistent impact across a range of conditions. These findings are corroborated by
prior field observations near a Louisville, KY, USA airport; Loehr and Turner (2023)
noted that sustained crosswinds can lead to elevated ground-level PNC, as a longer
segment of the flight path contributes emissions to the site through lateral dispersion.!*?

15R-Arrivals contributed to elevated PNC during high flight activity periods (> 20
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arrivals/hr), while 15R-Departures had minimal impact on PNC. This pattern likely
results from 15R’s alignment, positioning arriving flights directly over the monitoring
site. Flights departing 15R, by contrast, may reach higher altitudes more rapidly because
of the steeper climb-out, or deviate more quickly from the runway path, characteristic of
departing aircraft. Thus, despite 15R’s proximity and alignment with impact-sector
winds, its overall impact on PNC was smaller than runways 22R-22L. While the model’s
partial dependence analysis shows distinct relationships between runway operations and
PNC, these effects are likely interdependent due to the airport's operational constraints,
especially its reliance on wind direction and the simultaneous use of multiple runways.
This operational coupling highlights the difficulty of attributing sources when multiple
factors interact, making it challenging for global marginal contribution methods, like

PDP, to capture the full complexity of the airport’s impact on PNC.

-
[

1.0

Figure 3.3. Bivariate partial dependence plots for predicted particle number concentration
(particles/cm®) showing the joint marginal contribution of surface wind direction and
operations on runways (a) 22R (b) 22L (c-d) 15R.
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Aircraft Operations and Meteorology Interactions on Modeled PNC

To better understand the conditions under which in-flight aircraft influence PNC
in a near-airport community, we examined the main (SHAP) and interaction (SHAP
interaction) effects between 22L-Arrivals and key meteorological features (Figure 3.4).
Among the most important features, surface wind direction, temperature, and planetary
boundary layer height (PBL) exhibited highly nonlinear main effects and interacted
strongly with arriving aircraft.

While the dependence of aircraft plume behavior on wind direction and speed has
been documented previously, 941421493 SHAP enables direct quantification of these
interactions with greater granularity. Winds from the defined aviation-impact sector
(135°-175°) consistently increased predicted PNC (i.e., positive SHAP values),
contributing to the highest model estimates (> 100,000 particles/cm?). In contrast, winds
outside this sector typically reduced predicted PNC (71% negative SHAP values). SHAP
values during impact sector winds ranged widely (+1,600 — +29,700 particles/cm?),
largely driven by interactions with aircraft activity. SHAP interaction values between
impact sector winds and arrivals on 221 were elevated (+2,000 — +6,000 particles/cm?)
when arrivals exceeded 10 per hour. Crucially, SHAP analysis revealed substantial
interactions between arriving aircraft and winds outside the traditional impact sector,
specifically under east-southeast winds (90°-145°). This further supports the hypothesis
that aircraft plumes can be laterally advected and impact ground-level air quality beyond

148

the conventionally defined downwind corridor.'* These findings effectively extend the

boundaries of the previously established impact sector and demonstrate that crosswind
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conditions can contribute to elevated PNC near the airport.

Surface temperature exhibited an inverse relationship with predicted PNC, with
the strongest aviation-related interactions occurring near freezing temperatures (~275 K)
during periods of high flight activity. Several studies in urban areas have shown a
seasonal influence on PNC, with some identifying positive correlations with

90.141 while other report negative or mixed associations.!?”-14%150 'We postulate

temperature
that elevated PNC in our study domain reflects reduced vertical mixing and suppressed
particle growth rates.!>! While seasonal variation in emission activity and engine
efficiency (e.g., cold-start effects) may also elevate PNC under cold conditions,!3%153
minimal interaction was observed between temperature and road traffic (Figure S15).
Furthermore, photochemically driven nucleation is unlikely to fully explain these
patterns, as such events require intense solar insolation and low preexisting condensations

sinks, 154156

conditions uncommon in Boston’s winter. These results suggest that cold
conditions may amplify the contribution of aircraft to local PNC, motivating a closer
examination of vertical mixing potential via PBL height.

While PBL main effects similarly showed an inverse relationship with predicted
PNC, interactions between PBL height and arrival aircraft were most elevated in the
morning (0000 — 0600 ET) and evening (1800 — 0000 ET) hours when the PBL was
shallow (100—-600 m) but dynamically evolving (Figure S16). These transitional periods
coincide with peak flight activity!?” and limited vertical mixing potential, creating

conditions conducive to emissions accumulation near the ground. This finding is

consistent with results from the Louisville airport study, which conducted nighttime and
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early morning measurements specifically to capture the effects of shallow boundary
layers on ground-level UFP concentrations.'*® Our findings extend this physical
interpretation: when the PBL was extremely shallow (<100 m), SHAP interaction values
became negative during periods of high flight activity, suggesting that under very stable
conditions, aircraft plumes may remain aloft and not be entrained into the surface layer.
This nuance highlights that while shallow PBLs generally enhance near-source pollution
levels, there is a threshold below which insufficient mixing prevents ground level
entrainment of aloft emissions. Whereas linear and receptor models often identify main
effects (e.g. decreasing PNC with increasing temperature), they may either deem
variables like PBL statistically insignificant** or lack the ability to directly incorporate
meteorology into factor loadings.!®%° In contrast, our SHAP-based approach better

elucidates these complex meteorological and aircraft plume interactions.
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Figure 3.4. Feature main effects conditioned on aviation interaction effects. Binned SHAP
values versus feature values for three meteorological variables: (a) surface wind direction,
(b) surface temperature (K), and (c) planetary boundary layer (PBL) height (m). Each
panel shows the average SHAP value (i.e., estimated impact on predicted particle number
concentration, PNC, in #/cm?®) within bins of the feature value (x-axis) and corresponding
SHAP value (y-axis), colored by the mean SHAP interaction value between each respective
feature and 22L runway arrival activity. Gray bars along the bottom of each panel
represent the feature distribution.



61

IMPLICATIONS

Our machine learning models quantify how in-flight aircraft activity interacts with
meteorological conditions to influence PNC in near-airport communities, accounting for
automobile traffic and on-ground airport operations. We identify arrivals as the most influential
source of aviation-related UFPs, with impacts extending beyond the immediate downwind sector.
Specifically, we demonstrate that lateral plume dispersion during crosswind conditions can
expose areas not directly aligned with runway axes. We also find that in-flight activity contributes
more to predicted PNC than on-ground airport operations — differences that have been
challenging to disentangle using standard statistical approaches. Furthermore, SHAP interaction
analysis reveals a boundary layer threshold effect: when the boundary layer is too shallow,
emissions may remain aloft and fail to reach ground-level, while deep layers may dilute
emissions before they impact the surface. These nonlinear effects would likely be missed by
traditional linear or receptor modeling approaches. Importantly, this work yields a high-resolution
dataset of aviation-attributable PNC that can support retrospective exposure assessments for
epidemiologic analyses. Elevated UFP has been measured in communities located several
kilometers from airport complexes, and as air traffic continues to increase globally,’
understanding how aircraft emissions influence ground-level air pollution is critical for protecting
public health. Future research should integrate interpretable machine learning with receptor and
chemical transport models, where ML outputs can help parameterize emissions or dispersion
inputs, enabling hybrid approaches that improve source apportionment and characterization of

aviation-related UFP exposure across diverse locations.
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ABBREVIATIONS

100LL Low Lead Aviation Gasoline (100 octane rating)
1B9 Mansfield Municipal Airport

As Arsenic

Avgas Aviation Gasoline

Br Bromine

CDC U.S. Centers for Disease Control

CSA Commercial Service Airports

CSN Chemical Speciation Network

EF Enrichment Factor

EPA U.S. Environmental Protection Agency

FAA U.S. Federal Aviation Administration

GAA General Aviation Airports

ICAO International Civil Aviation Organization
ICP-MS Inductively Coupled Plasma Mass Spectrometry
IMPROVE Interagency Monitoring of Protected Visual Environments
KBED Hanscom Field

MDL Minimum Detection Limit

Pb Lead

PEA Piston-Engine Aircraft

PM: 5 Fine Particulate Matter; aerodynamic diameter < 2.5 microns
TFMSC Traffic Flow Management System Counts

WHO World Health Organization
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ABSTRACT

Hazardous PM: 5 elemental constituents associated with aviation activity—
including lead (Pb), bromine (Br), and arsenic (As)—have been identified at large
commercial service airports (CSAs), yet their presence at general aviation airports
(GAAs) remains largely unexplored. This gap is concerning, as GAAs vastly outnumber
CSAs in the United States, with thousands of facilities serving piston-engine aircraft
(PEA) that primarily operate on leaded aviation gasoline (avgas). While prior studies
have linked GAAs to airborne Pb emissions, the potential contribution of additional air
pollutants of concern from GAA activities have received limited scrutiny. To address
this, we conducted ambient PMz.s elemental monitoring at two Massachusetts, U.S.
GAAs—Mansfield Municipal Airport (1B9) and Hanscom Field (KBED)—quantifying
38 elements, including known aviation-associated hazardous air pollutants. Enrichment
factor and particulate size fractionation analysis identified Pb, Br, and As as primarily
from anthropogenic sources, with concentrations declining with distance from the airport.
Comparisons with regulatory monitoring networks highlight gaps in existing frameworks
for capturing localized exposures. These findings highlight the need for expanded
monitoring at GAAs to assess a broader range of emissions, informing regulatory efforts
following the U.S. Environmental Protection Agency’s 2023 endangerment determination
for PEA emissions. Our study provides critical data to support exposure assessments and

mitigation strategies in near-airport communities.
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INTRODUCTION

General aviation airports (GAAs, defined as having < 2,500 annual enplanements)
represent a substantial yet understudied source of air pollution due to their role as primary
hubs for the United States’ (U.S.) estimated 170,000 piston-engine aircraft (PEA) fleet
operating primarily on leaded aviation gasoline (avgas).!>” 100 Low Lead (100LL,
maximum Pb concentration of 0.56g/L) avgas is the primary fuel for these PEA,'>8
containing tetracthyl lead (CsH20Pb) as an anti-knock agent, making it the largest single
contributor to airborne lead (Pb) emissions in the United States.* PEA that use avgas are
widely distributed across approximately 3,000 airports in the U.S. Although these airports
are typically located near population centers, they are not always within major
metropolitan areas. In contrast, larger Commercial Service Airports (CSAs, defined as
having > 2,500 annual enplanements) are located only in a few major metropolitan
areas.!>%160 Collectively, the PEA fleet and the airports that service it form a critical
infrastructure for general aviation,!>® yet one that disproportionately impacts nearby
communities due to continued reliance on leaded avgas.!®! The U.S. Centers for Disease
Control and Prevention (CDC) states “no safe blood lead level in children has been
identified”,*® with cognitive impairment seen at low blood lead levels. With GAA
operations projected to increase,'®? the urgency of addressing these environmental health
challenges is growing. In recognition of this issue, the U.S. Environmental Protection
Agency (EPA) issued a final determination in 2023 that lead emissions from PEA
endanger public health and welfare. Under the Clean Air Act, this finding compels the

EPA to propose and promulgate regulatory standards to address lead emissions from
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piston-engine aircraft engines.*> However, the scientific literature provides limited
guidance to inform these efforts, particularly regarding exposures to near airport
communities.?*16!

Air pollution monitoring, exposure and health studies of near GAA communities
have remained understudied compared to commercial service airports.!®. Existing studies
of ambient air pollution in near-field GAA communities have focused predominantly on
lead-bounded particulate matter and often rely on distance to airport as a proxy for
exposure. Studies have consistently reported that individuals living within 500 meters to
1 kilometer of airports face elevated air pollution and lead exposure risks.3%3-6% All
studies we found assessing the impact of lead exposure of near-field community health
simplified the spatial and temporal complexity of pollutant dispersion with this distance
based metric. For example, while Zahran et al. 2023 expanded beyond distance to
integrate wind direction and PEA volume to improve exposure assessment,’ empirical
validation of lead emissions monitoring attributable to PEA to support the distance to
airport proxy exposures remains limited in near-GAA communities which is important to
support the aviation-assigned health impacts Furthermore, the potential contribution of
other hazardous air pollutants from aviation beyond lead to localized pollution has been
largely overlooked. Emerging research highlights the need to expand the focus of GAA
exposure assessments to include a broader analysis of air pollutants beyond lead. Studies
at commercial service airports indicate that several hazardous air pollutants are associated
with aircraft engine emissions: sulfur (S), arsenic (As), lead (Pb), chromium (Cr), zinc

(Zn), cobalt (Co), nickel (Ni), cadmium (Cd), and mercury (Hg).**-61-62 Together, these
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findings indicate the need for comprehensive monitoring of heavy metals near airports,
including GAAs.

Our study addresses these gaps by providing empirical data relevant to the EPA’s
impending requirement for regulatory standards under the Clean Air Act. Specifically, we
conducted ambient monitoring of PM 5 elemental constituents near two Massachusetts
GAAs—Mansfield Municipal Airport (ICAO: 1B9) and Hanscom Field (ICAO:
KBED)—which differ significantly in scale and activity. By measuring toxic elements
such as bromine, arsenic, and others in addition to lead, we provide a more
comprehensive understanding of the pollution profile associated with PEA activity and
the resulting exposures in near-field GAA communities. We also present a comparison of
concentrations measured across MA through the EPA’s monitoring network to evaluate
the adequacy of existing frameworks for capturing localized exposure risks. By
integrating direct measurements of multiple hazardous air pollutants with an assessment
of spatial and temporal pollutant dynamics, we aim to inform the EPA’s regulatory
decision-making process and emphasize the need to assess a broader range of emissions

to mitigate the health risks posed by GAAs.
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MATERIALS AND METHODS

Description of Study Area

Massachusetts is home to 79 airports, with 30 classified as GAA.'** We studied
Mansfield Municipal Airport (ICAO: 1B9, located in the towns of Mansfield and Norton,
MA, approximately 30 miles south-west of Boston) and Hanscom Field (ICAO: KBED,
located in Bedford, MA, approximately 15 miles north-west of Boston). Both 1B9 and
KBED GAAs are surrounded by residential communities including homes within a few
hundred meters of the airport runways. Among the state’s airports, we opportunistically
selected to study these two airports which created a unique opportunity to contrast air
pollution concentration among heterogenous GAAs. Monitoring at 1B9 was conducted as
part of a pilot study to better understand methods for measuring and apportioning
aviation-related air pollution, while monitoring at KBED was conducted as part of a
community-driven research project to understand community impacts from a proposed
airport expansion project. 1B9 is a smaller GAA classified as “General Aviation” and has
an average of 3 operations per day, while KBED is the largest GAA in the New England
region and is classified as a “Reliver with Commercial Services” and averages 140
operations per day.'®* 1B9 has a majority of piston-engine aircraft usage (82% PEA),
while KBED has a majority of jet-engine aircraft (73% Jet-engine, 11% PEA, Figure
4.1).1% KBED has two asphalt-grooved runways while 1B9 has two runways, one asphalt

and one turf .
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Figure 4.1 (A) Study domain (Massachusetts, U.S.A.) and monitoring sites. Pie charts
identify proportion of operations by engine type at co-located general aviation airports. (B)
Hanscom Field (KBED) monitoring site with windrose for 2017-2024 (C) Mansfield
Municipal Airport (1B9) monitoring site with windrose for 2017-2024.




Monitoring Locations and Pollutant Measurements

Table 4.1 Monitoring Period Summary (Flight Activity, Distance to Airport, Meteorological Conditions)

. Monitoring Site Airport Airport Piston- . Aviation-Impact
- I Proximal . . . Proximal o
Monitoring Monitoring . distance to Average Daily Engine . Sector (%, Jul-
. Airport . . . o, | Meteorological
Site Network (ICAO) nearest Airport | Operations | Operations (%, Station Sep, 0700-1800,
Centroid (km) | (2021-2024) 2021-2024) 2021-2024)
M-32 SPBI (BU) 1B9 0.3 SE 3 82 KOWD ASOS 15
B-29 HFALCL(CE)MP’ KBED 0.3 NE 140 11 KBED ASOS 39
B-23 HFAC (EMP, KBED 0.5N 140 11 KBED ASOS 29
LLC)
B-11 HFAC (EMP, KBED 0.7W 140 11 KBED ASOS 16
LLC)
M-04 SPBI (BU) 1B9 1.ONW 3 82 KOWD ASOS 18
B-05 HFAC (EMP, KBED 1.1 SW 140 11 KBED ASOS 7
LLC)
Chicopee | IMPROVE (EPA)| KCEF 22W 6 10 KCED ASOS 15
Boston CSN (EPA) KBOS 7.3 SW 865 7 KBOS ASOS 8
Aquinnah | IMPROVE (EPA)| KMVY 16 SW 60 36 KMVY ASOS 10
Truro CSN (EPA) KPVC 20 SE 10 77 KPVC ASOS 6

*SPBI = Small Particles Big Impact, BU Ignition Funding

*HFAC = Hanscom Field Advisory Committee
*IMPROVE = Interagency Monitoring of Protected Visual Environments
*CSN = Chemical Speciation Network

IL
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Monitoring was conducted at two sites aligned with the runways of 1B9 and four
sites aligned with the runways of KBED (Table 4.1), conducted in two phases: 1B9
monitoring occurred intermittently from July 17, 2023 — July 17, 2024, and at KBED
from July 17, 2024 — October 1, 2024. During 1B9 monitoring, sampling occurred
simultaneously at the two sites; at KBED, sampling occurred simultaneously at up to two
of the four sites, with site pairs rotating over the monitoring period. We refer to each
monitoring site based on the airport runway they are oriented towards (M-04, M-32, B-
29, B-23, B-11, and B-05). Across both phases, weather-resistant enclosures were set up
at ground level at each monitoring site to house the air quality instruments. Time-
integrated PMa. s samples were collected on PFTE (Teflon) filters for elemental analysis.
We used both single-stage Harvard Personal Exposure Monitor (HPEM, 1-single 37mm
3-um pore size filter, I0L/min) to collect bulk particles <2.5um, and multi-stage Sioutas
Personal Cascade Impactors (PCIS, 1 37mm filter, 2 25mm filters, 9L/min) to collect
specific size fractions of particles (coarse, accumulation, and quasi-UFP). Duplicates, lab
blanks, and field blanks (clean filtered handled like samples deployed in the field not
connected to an active sampling pump) were collected and analyzed alongside
experimental samples to account for impurities added inadvertently to the filters during
lab and field activities. Samples were analyzed via gravimetry and energy dispersive X-
ray fluorescence spectrometry (XRF) at Alliance Technical Group (Tigard, OR) to
quantify PM> s mass concentrations as well as the elemental content (38 elements
inclusive of Na and Pb). Sites were serviced every 2—3 days for air flow audits; filter

changes occurred every 1-2 weeks and instruments were cleaned between deployments.
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Mean sampling time per sample in 1B9 sites was 11.8 days +/- 3.0 days, while mean

sampling time per sample in KBED was 7.41 days +/- 1.9 days.

Data Acquisition and Processing

Flight activity statistics for 2017-2024 were downloaded from the FAA
Operations & Performance Database to examine longer-term spatial and temporal
patterns across several airports with different airport class usages across MA.!% Traffic
flow management system counts (TFMSC) are operational counts created when pilots file
flight plans and/or when flights are detected by the national airspace system (NAS),
usually via RADAR. While GA operations at airports with FAA and contract traffic
control service decreased significantly between 2019 and 2020, operations levels made a
near full recovery in 2021.162 Subsequently, we retained data from 2021 onwards for
flight activity and subsequently described covariates, to capture multi-year patterns that
were not impacted by the COVID-19 GAA transportation related activity changes.

We leveraged the U.S. EPA long-term speciated PMz 5 publicly available datasets
to compare our findings with regulatory monitors. The Massachusetts Department of
Environmental Protection (MassDEP) operates four particulate matter composition
monitoring stations: two through the Chemical Speciation Network (CSN; Boston [Site
0042], Chicopee [Site 0008]) and two through the Interagency Monitoring of Protected
Visual Environments program (IMPROVE; Aquinnah [Site 0001] and Truro [Site 0002].
While the CSN and IMPROVE networks were designed with different objectives, they
apply similar analytical methods to filter samples and report many of the same species

that we collected. While the CSN monitors typically represent more urban populated



74

locations, IMPROVE monitors are placed in Federally protected areas (i.e., Class 1).
Both CSN and IMPROVE collect particulate matter on PTFE filters over 24 hours and
are analyzed using XRF at the same laboratory (University of California, Davis). These
networks generally show good collocation agreement when measurements are above the
minimum detection limit (MDL).!$” The MDLs for CSN are generally higher than those
for IMPROVE because the CSN sample deposit is less dense.!$” However, while broadly
the EPA’s PM speciation methods and ours follow the same protocol (i.e., time-
integrated PTFE filters analyzed via gravimetry and XRF), EPA’s methods differ from
our methods on several facets: time-integration, sampler, flow rate, filter size, and filter
storage/transportation temperature requirements. Notably, several MassDEP PM
speciation sites are located proximally to commercial and non-commercial airports (Table
4.1). Data on PM2 s bound-metals was acquired from January 2021 — May 2024,
representing the latest publicly available data at the time of this writing. CSN sites collect
particulate matter on PFTE filters over 24 hours and are analyzed using energy dispersive
X-ray fluorescence for a suite of 33 elements, operating on a 1-in-3 day sample collection
schedule. We retained only EPA records with either no qualifier or a qualifier that the
sample was below MDL. Given the challenges with CSN and IMPROVE agreement
among samples below MDL, we ran a sensitivity analysis, including and excluding MDL
samples.

Meteorological data collected at KBED via automated surface observing stations
(ASOS) were obtained from the Integrated Surface Database (ISD) at hourly resolution.

1B9 does not have an automated weather observing system, instead it relies on an on-site
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windsock and information from other near-by airports for operational meteorology. We
used ISD from Norwood Memorial Airport (ICAO: KOWD) ASOS, approximately 21
km northeast of 1B9, to represent local wind conditions. Notably, we chose not to
represent 1B9 meteorological via nearby coastal airports nor the closest airport (Taunton
Municipal Airport, 20km from 1B9 centroid) because of topographical differences in the
adjacent terrain. The other matching monitoring sites, proximal airports, and
representative meteorological sites are listed in Table 4.1. Hours were classified into
impact-sector winds on whether the hourly average wind direction positioned the
monitoring site downwind of the proximal airport based on the azimuth angle of the site
to the widest span of runways as done previously.>*!%7 We report aviation-impact-sector
winds for a subset of data matching conditions when active monitoring was occurring,

not impacted by COVID-19, during typical flight operation hours: 0700 — 1800.

Enrichment Factors

Crustal enrichment factors (EFs) were used to distinguish naturally occurring
crustal elements from those released by anthropogenic sources.!%® We compared filter-
extracted elemental concentrations X to background continental concentrations from
Rudnick and Gao'®, normalized by measured crustal iron (Fe) concentrations, which is
predominantly from natural sources (Equation 1). By comparing air concentrations to soil
concentrations, we can estimate the extent to which our air samples align with natural
sources (e.g. dust resuspension) or anthropogenic activities. This method provides a

conservative estimate of anthropogenic contributions, as the Fe fraction in soil is spatially
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t170

consistent' ' and any anthropogenic Fe in the air would reduce the calculated enrichment

factor.

X
EFX — [ /Fe]Filter (1)

X
[ /Fe]Rudnick and Gao
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RESULTS and DISCUSSION
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Figure 4.2 (A) Mean PM, 5 mass concentrations (ug/m’) at GAA sites Mansfield Municipal
Airport (1B9) and Hanscom Field (KBED) with standard deviation bars shown. Overlaid
red bars show total measured elemental mean mass concentrations for each site with
standard deviation. (B) Mean PM, s elemental concentrations (ng/m’) by GAA site for
elements with >25% detections.
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The mean PM> s mass concentrations at each monitoring site are shown in Figure
la. Of the six sites, B-29 had the highest mean PM s levels at 12.4 +/- 6.9 ug/m?, closely
followed by B-11 at 12.3 +/- 6.4 ug/m?® and M-32 at 11.0 +/- 5.4 ug/m? (SI Table 1).
Important QAQC considerations: (1) simultaneous samples at the same airport site were
largely in agreement in PM 5 concentrations, indicating no individual site was
disproportionately influenced by an external emission source, (2) duplicate measurements
were within +/- 10% of measured concentrations, indicating high precision, (3) field
blanks showed no evidence of contamination (95% of field blank measurements were
below XRF MDL) and no subsequent blank corrections were made (SI Figure 1).
Elements above XRF detection limits for > 25% of samples were considered; Cd, In, Pd,
Sb, Ag, Mo, Y, Ge, La, Co, and Sn did not satisfy this requirement, and are not discussed
here. Individual elements were examined to understand their distributions across sites. On
average, S, Si, K, Fe, Al, Na, Ca, and Mg were the most abundant elements at both
sampling sites Figure 4.1a. S is a pollutant that is emitted by combustion of aviation fuel
and has been seen at elevated levels in commercial service and general aviation
airports.®"!"! Si, K, Fe Al, Ca, Mg derive mainly from crustal sources.!””> Among the
indicated elements S, K, Na, Mg, P, Cl, Mn, Cu, and As had higher concentrations on

average at 1B9 in comparison to KBED.
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Figure 4.3 Crustal enrichment factors for PM: s relative to crustal ratios of the given
element and iron (Fe) vs their background concentration per Rudnick and Gao (2002),
Enrichment factors vary by orders of magnitude depending on the element.
Enrichment factors > 100 indicate elements with largely anthropogenic sources.'®®!70 The
highest levels of enrichment across the study domain (space and time) were Se, Br, S, As,
Pb, and Zn (Figure 4.3). From Equation 1 an element can have a high EF for two reasons:
the element is significantly enriched due to anthropogenic sources, or the background
concentration (from natural sources) is low, biasing the EF. For example, Figure 4.2a
indicates Se is highly enriched (EF > 100), but this may be a function of a low natural
baseline per Rudnick and Gao.'® Elements Se, Br, S, As, Pb, Cu, and Zn are enriched at

levels that indicate largely anthropogenic sources. The S, Br and Pb enrichment are



81

indicative of aviation activities: ethylene dibromide (C2H4Br») is added to leaded avgas to
prevent Pb accumulation in engines.!”® Similarly, As has been reported to be emitted
from aircraft engine exhaust.*” Zn is frequently attributed to tire wear.!”* Particle size
distributions can also provide insights into likely sources, where anthropogenic emissions
tend to produce smaller size particles compared to those generated from natural dust
resuspension.'** We see evidence that, across all study sites, Pb, Br, As, and S are
dominated by particles in the quasi-ultrafine range (SI Figure 3). This contrasts with the
Fe particles, which show no evidence of enrichment, and are dominated by the coarse
particle fraction, indicating crustal origin. Global Se concentration derive mainly from
coal combustion!”, but since there are no coal emitting sources it could reflect the

dominant aviation-emissions.
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Figure 4.4 Mean PM, 5 concentrations (ng/m°) for enriched elements across study sites and
EPA monitoring network sites. Bar charts with standard deviation are ordered from closest
to furthest distance from the nearest airport centroid.

Figure 4.4 presents Pb, Br and As mean mass concentrations at the GAA sites

compared to EPA sites. Our GAA study sites, Pb and Br concentrations were similar
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across sites, with average concentrations decreasing with greater distance from the airport
centroid. As concentrations were 2.5-fold higher at the closest 1B9 site (M-32) as
compared to all other sites. As concentrations at M-32 were right-skewed, however,
removing the largest sampled As concentration from the dataset did not have a material
effect on the site average As concentration (mean +/- sd: with highest reading: 2.15 +/-
1.40, without highest reading: 1.82 +/-0.85). During the highest measurement sample, net
PM: s mass concentrations were within a factor of 1.5 between 1B9 sites (M-32: 9.0
ug/m3, M-04: 6.5 ug/m® and 6.8 ug/m?), indicating potential moderate influences from
local emissions sources. We explored this further, noting that the predominant wind
direction during the summer of 2023 was from the south, however, during the 2-week
sampling period, the winds were predominantly from the west-northwest, which positions
M-32 downwind from 1B9 (SI Figure 2). Our Pb measurements are smaller in magnitude
compared to other studies at GAAs: Hudda et al. 2022 monitored at a residential site
located 0.3 km from Santa Monica Airport and reported 14-day integrated PMa.s Pb of
4.7 +- 2.0 ng/m?® from a sample of two sets of duplicate samples.!”! These differences
could be due to differences in flight activity (SMO average daily operations in 2017 [220]
were nearly double the operations of the MA GAAs), fuel composition, and site specific
meteorology in Santa Monica Airport in 2017 compared to the airports we monitored.
The greatest difference between GAA and EPA sites was observed in the As
concentrations: As was detected in >90% of samples in the GAA sites, but only had one
measurement above detection limit among the EPA sites. This could be explained due to

limitations with XRF when samples contain Pb: As and Pb have overlapping XRF
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emission lines, meaning their peaks can interfere in the spectrum, creating difficulty in
distinguishing their contributions.!’® To explore this hypothesis, we digested a subset of
samples via an alternative analytical method, Inductively Coupled Plasma Mass
Spectrometry (ICP-MS) and noted As and Pb concentrations +/- 10% of XRF readings
for the samples, indicating the As readings from our samples are measuring As in the
sample. Although our monitoring protocol mirrors EPA protocols (i.e. time integrated
PTFE filter analyzed via XRF), these differences in As detection between our study and
EPA samples may be due to nuanced differences in data collection and sample analysis.
Global monitoring has shown enriched airborne As, deriving from anthropogenic sources,
with the single U.S. urban site (Atlanta, Georgia) showing enriched As.!”” Mean EPA Pb
concentrations from the CSN sites mirrors average measurements at the GAA sites, while
the IMPROVE sites show smaller mean Pb. Lead emissions are primarily associated with
anthropogenic activities, and thus the sites located next to a (1) general aviation airport
(e.g. leaded avgas) and (2) urban area'’® (e.g. industrial, soil, buildings) would have
higher Pb concentrations compared to IMPROVE sites in protected federal areas. We see
the opposite for Br: with Br levels at the EPA IMPROVE sites mirroring average
measurements at the GAA sites, while the CSN sites show smaller mean Br. Br is often
emitted from sea salt aerosols!”®, which is indicative of the coastal IMPROVE monitoring
site locations used here. However, the Chicopee CSN site is 2 km upwind from a GAA
which we would hypothesize would have Br concentrations on the order of what we
measured at the GAA sites. However, this highlights that GAAs are not homogeneous:

KCEF has low average daily operations and only 10% of these operations involve piston
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engine aircraft (Table 4.1), which would be operating primarily on leaded aviation
gasoline with bromide additives. This, coupled with the low relatively aviation-impact
sector winds (Table 4.1), can help explain the observed low Br concentrations at the site

2 km from a GAA.

IMPLICATIONS

There are guidelines for the concentrations of Pb and As in ambient air. The US
National Ambient Air Quality Standards exposure limit for Pb is a 3-month mean
concentration of 150 ng/m? in total suspended particulate matter.’® While our observed
air concentrations are orders of magnitude below the NAAQS (and were not taken for
regulatory purposes), it is important to note: (1) CDC states that there is no safe level of
lead, and that adverse effects can be observed even at low levels®! (2) the guideline for
total suspended particulate matter encompasses a wider size range of particulates than
what we reported (PM2:5), so measured concentration of PM> s-Pb may underestimate the
ambient concentrations. The World Health Organization reports that there is no safe level
for As inhalation, with an excess lifetime risk level of 1:1,000,000 at an air concentration
of 0.66 ng/m?, which is comparable to the average concentrations measured at the GAA
sites.*® While no ambient air standard has been promulgated for Br, ethylene dibromide
(avgas additive) is listed as a Hazardous Air Pollutant under the US EPA Clean Air Act
and is “likely to be carcinogenic to humans” based on strong evidence of carcinogenicity
in animals and inconclusive evidence in humans. '8

Our results underscore the need for reliable, scalable methods to assess avgas

exposure in communities near PEA-servicing airports, given the EPA’s recent
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endangerment findings. Our study confirms that distance from the airport is a helpful
metric for exposure, particularly for time-integrated samples such as those used in the
EPA’s 3-month rolling average Pb NAAQS. We further demonstrate that, for such
samples, proximity may outweigh downwind/upwind meteorological considerations,
reinforcing the importance of where pilots perform their engine run-ups during pre-
takeoff checks.?® Importantly, our findings extend beyond lead, highlighting potential
exposure to additional PM 5 elemental constituents such as bromine (Br) and arsenic
(As), which may pose carcinogenic risks. These findings emphasize the importance of
expanded environmental monitoring to quantify contributions from avgas and other
potential sources. By providing an empirical assessment of exposure metrics via time-
integrated elemental composition, this study offers tools for communities and regulators

working to mitigate risks associated with PEA traffic.
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CHAPTER FIVE. CONCLUSIONS

This dissertation employed in situ environmental monitoring coupled with
statistical modeling to apportion aviation-related emissions and evaluate their impacts on
ambient air quality in communities near airports. This research provides comprehensive
new insights into the contributions of aviation activities to UFP and PM2 s pollution,
while accounting for complex non-linear interactions with meteorology and other
concurrent emission sources. Collectively, these findings enhance our understanding of
how aviation emissions intersect with community exposures, offering valuable

implications for regulatory policy and targeted air pollution mitigation strategies.

Chapter Summaries

Chapter Two: Changes in ultrafine particle concentrations near a major airport
following reduced transportation activity during the COVID-19 pandemic
Chapter Two investigates the contributions of two major sources of urban

ultrafine particles (measured as particle number concentration, PNC)—automobile road
traffic and airport operations—at a monitoring site in Chelsea, Massachusetts, U.S.A.
located near a major interstate-highway and Logan International Airport. By leveraging
the unprecedented mobility reductions following the COVID-19 pandemic as a natural
experiment, we were able to differentiate the contributions of these sources more clearly.
Given that reductions in aviation activity were both larger and more sustained than those
for ground transportation, this period offered a unique opportunity to isolate the impact of

aviation on PNC. By comparing air quality data collected before the pandemic, during the
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Massachusetts state-of-emergency (SOE), and up to a year following the SOE, we found
that mean PNC generally mirrored changes in road traffic activity. However, the highest
PNC levels were consistently observed when winds carried emissions from the airport,
highlighting aviation as a significant and complex contributor. These elevated pollution
periods were notably diminished during the period of SOE reduced aviation activity. This
chapter lays the groundwork for distinguishing aviation-related contributions to ambient
PNC in near-airport communities. More broadly, it quantifies how shifts in transportation
patterns can influence local air quality and highlights the need to consider aviation as a
distinct and impactful source when assessing exposure and developing mitigation

strategies.

Chapter Three: Quantifying aviation-related contributions to ambient ultrafine particle
number concentrations using interpretable machine learning
Chapter Three builds on the previous chapter by quantitatively assessing how in-

flight aviation activity contributes to PNC at the Chelsea, Massachusetts monitoring site
at an hourly basis. We applied a machine learning (ML) model to isolate in-flight
aviation-related impacts while accounting for other influences such as road traffic,
ground-level airport operations, and meteorological conditions. Our approach captured
the complex, nonlinear interactions between PNC and aviation activity, using the Shapley
Additive Explanations (SHAP) interpretable machine learning tool to reveal how these
variables collectively influence hourly PNC. Results showed that specific flight
activities—particularly arrivals on certain runways—significantly impacted local air

quality, with effects varying based on wind direction and atmospheric conditions. This
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work establishes a framework for retrospective exposure assessment by generating a
high-resolution dataset that can delineate in-flight aircraft contributions. This dataset
offers valuable opportunities for future epidemiological studies to assess the health

impacts of aviation-related air pollution in near-airport communities.

Chapter Four: Exposure to hazardous air pollutants in communities near U.S. General
Aviation Airports

In Chapter Four, we expanded our study domain beyond Commercial Service
Airports to study the impacts of General Aviation Airports (GAAs) on near airfield
community air pollution exposure. GAAs are defined as public airports with scheduled
service of <2500 passenger boardings annually and serve as primary hubs for the U.S.’
approximately 200,000 piston-engine aircraft fleet operations primarily on leaded
aviation gasoline (avgas). We collected data on particulate-bound elements at two
contrasting GAAs (one piston-engine dominated, one jet-engine dominated) and
compared measurements with U.S. Environmental Protection Agency (EPA) monitors.
Samples indicated aviation signatures and were enriched in Bromine, Arsenic, Lead,
Sulfur, and Zinc at levels indicating substantial anthropogenic sources. Our results
reinforce distance as an important indicator of pollutant concentrations and highlight
other potential pollutant exposures beyond Lead that near-airport communities may be

exposed to.
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Study Strengths

This dissertation adds to a growing body of literature on aviation-specific
emissions contribution to ambient air quality. Currently, only a small number of analyses
have attempted to disentangle aviation-specific emissions from other sources. Our work
can be distinguished from others in several ways: (1) We leveraged a uniquely long-term
dataset of ultrafine particles measurements collected in the community (not just at the
airport fence line) where people live, work, and recreate. Long duration monitoring at 1-
second resolution (used in Chapters 2 and 3) provided the statistical power to discern
influences and rare events. (2) We exploited the unprecedented COVID-19 related
mobility reductions of 2020-2021 to observe the atmosphere under dramatically altered
source conditions (i.e. sharp declines in flight and road traffic). This scenario allowed us
to train and validate models under a wide range of conditions — including scenarios of
very low aviation activity — strengthening the generalizability of the model developed in
Chapter 3. (3) We implemented rigorous quality assurance and control in data collection
and analysis, improving confidence in our apportionment results. (4) We expanded the
research domain beyond CSAs to include GAAs, initiating one of the first detailed field
investigations of general aviation emissions in community air (Chapter 4). Given there
are ~3,000 GAAs in the U.S., our study at two sites provides a template for broader
assessments. (5) Our study was designed specifically to capture aviation impacts: we
sited UFP monitors at least 200 m from major roadways to minimize direct traffic
influence and in alignment with runways to maximize sensitivity to aircraft plumes. This

strategic placement improved our ability to detect aviation signals. (6) Lastly, we
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incorporated relevant covariates for both surface and upper-level meteorology, as well as
an on-ground aircraft activity proxy (taxi/runway time) in the Chapter 3 UFP model,
which helped us to distinguish landing versus takeoff contributions by runway. Together,
these strengths mean that our findings are robust and our methods can be adapted to other
locations to continue advancing air quality research.

Study Limitations

While each chapter discusses its specific limitations in detail, there are several
overarching limitations to acknowledge.

A primary challenge is the generalizability of our findings beyond the specific
sites and conditions studied. Chapters 2 and 3 relied on data from a single monitoring
location near one major airport (Logan Airport). Thus, the UFP source apportionment
model we developed is optimized to the mix of emissions and meteorology patterns
characteristic of that site. Given that UFPs are highly influenced by local meteorology
and tend to remain in the atmosphere on the order of minutes, collecting localized data is
essential for accurate model development. However, this reliance on site-specific data
can limit the direct transferability of the model developed in Chapter 3 to other
geographic locations or timeframes. Despite this limitation, the methodological
framework — applying machine learning models combined with SHAP interpretation
using analogous data inputs — remains broadly applicable. This approach can be
effectively adapted to other communities to assess aviation-related UFP contributions.
Similarly, Chapter 4 involved only two GAAs with limited non-concurrent samples. The

small number of sites and samples constrains our ability to perform more sophisticated
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spatial analyses.

Another limitation involves the trade-offs of our methodological approaches. In
Chapters 2 and 4, we used primarily descriptive and inferential analyses (comparing
period, calculating enrichment factors), which are useful for hypothesis generation and
for quantifying different, but they do not provide a mechanistic explanation. In Chapter 3,
we utilized an empirical-based statistical model instead of a first-principles dispersion
model. We made this choice because certain microphysical processes governing UFP
formation and evolution in aircraft plumes (e.g. interactions between hot exhaust and
ambient humidity, nucleation bursts in cooling plumes) are still not fully understood or
readily parameterized.*® By using ML, we circumvented the need to explicitly model
these processes; however, this means our model’s predictors and SHAP interpretation,
while insightful, do not replace a causal atmospheric process model. A physics-based
dispersion model (with chemistry) could directly simulate scenarios (e.g. introducing
sustainable aviation fuels or altered flight paths) in ways our statistic model cannot with
new training data. Thus, our approach should be seen as complementary to, rather than a
replacement for, chemical transport modeling efforts.

We also recognize that airports are complex emission environments and our
models include only proxies for some of these various emission sources. In Chapter 3, for
instance, we included a covariate for total aircraft taxi time per hour as an indicator of
ground emissions from aircraft and support equipment. This helped isolate the in-flight
signal, but it is an imperfect measure that cannot fully capture all ground-based activities

(ground support vehicles, auxiliary power units, etc.). There likely remains residual
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contributions from these sources that we did not explicitly model.

Furthermore, instrumentation and measurement limitations present another
caveat. Our UFP data come from concentration particle counters (CPCs) measuring total
particle number concentrations (PNC) above a certain minimum detection limit (Dso 7
nm). While PNC is a widely used proxy for UFP exposure, it does not provide size-
resolved information. Different UFP size fractions have different behaviors and health
implications, and particle size distribution measurements are frequently used to
distinguish source characteristics. A key challenge lies in the lack of a universally
accepted definition for UFPs; the most common threshold (Dp < 100 nm) is somewhat
arbitrary and does not effectively capture total particle number (dominated by nucleation
mode, Dp < 30 nm) or particle mass (dominated by accumulation mode, 100 nm > Dp >
1000 nm).'®! The lack of standardized metrics for UFP size classification, detection
methods, instrument calibration, and quality control complicates cross-study
comparisons. In Chapter 4, our filter-based sampling integrated measurements over 7-14
days, so we could not directly tie elemental peaks to specific short-term airport activities
or meteorological events. Despite these constraints, our multi-method approach provided
complementary perspectives that offer valuable insights into source contributions and
exposure assessment in near-airport communities.

Moreover, while the insights from Chapters 2, 3, and 4 offer valuable
contributions to understanding aviation-related air pollution in near-airport communities,
further work is needed to extend these findings to epidemiological applications.

Specifically, for our models to be applied in population-level health studies, there must
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be a deeper understanding of the spatial variation in UFP concentrations within
communities, as well as across different microenvironments. Total personal exposure to
UFPs is influenced not only by ambient concentrations, but also by individual time-
activity patterns, including time spent indoors, commuting, and in occupational settings.
79182183 Without accounting for these contextual factors, exposure misclassification could
bias health effect estimates.

Public Health Impact

Commercial and general aviation operations in the U.S. are projected to grow
significantly in the coming decades, and this growth — coupled with the EPA’s recent
finding that leaded avgas endangers health — creates an increasing urgency to understand
and mitigate the environmental health consequences of aviation. Our research highlights
several key public health implications of aviation emissions, particularly their
disproportionate impact on populations living near airports.

Chapters 2 and 3 demonstrated that people in airport-adjacent communities are
regularly exposed to elevated UFP levels. In our study area, the average 1-hour PNC
throughout 20142022 was on the order of 15,000 particles / cm?®, which approaches the
WHO’s suggested 1-hour guideline of 20,000 particles / cm?. During hours affected by
aviation emissions, 1-hour average UFP counts were often two-fold higher than this
guideline, indicating episodes of very poor air quality by the WHO UFP guidelines. It is
important to note that UFPs remain unregulated and largely unmonitored in the U.S.,
even though they have significant potential to harm human health due to their size and

reactivity. Our findings add to a growing recognition that airport-related UFP exposure is
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a distinct concern: unlike roadway UFP, which dissipates within a few hundred meters,
aviation UFP can affect communities many kilometers away, potentially impacting a
larger population footprint. This begets policymakers to considering monitoring UFP in
near-airport areas and evaluating the need for UFP-specific guidelines, as a complement
to existing PM standards.

Although the potential health risks of UFP exposure are well recognized, their
direct role in adverse health outcomes remains debated. The EPA Integrated Science
Assessment found short-term UFP exposure to be suggestive of cardiovascular and
respiratory effects, but not sufficient to infer a causal relationship. Similarly, the Health
Effects Institute concluded that existing evidence does not definitively link health effects
to UFP exposure alone. Both organizations emphasized the need for further research of
UFP spatial and temporal variability and the importance of distinguishing UFP impacts
from those of other co-pollutants. By quantitatively apportioning aviation UFP from other
sources, our work can help improve exposure classification in future studies — for
example, allowing researchers to compare health data between time periods or locations
with high modeled aviation UFP versus low aviation UFP. Such improved exposure
assessment is a step toward clarifying the role airport UFP exposures contribute to health
effects. Our research shows that, even in the absence of formal UFP regulations, there are
practical mitigation opportunities that airport authorities could pursue. Chapter 3’s
granular results on contributions from different operational modes provide actionable
data: airport managers could use this dataset to optimize taxiing routes or adjust runway

usage patterns during certain wind conditions to reduce community exposures.
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Additionally, acknowledging that jet fuel composition influences UFP formation, the
aviation industry’s ongoing transition toward sustainable aviation fuels (SAFs) offers a
potential strategy to reduce UFP emissions at the source. While SAF adoption raises
concerns regarding land use changes and competition with food production, our work
provides a baseline against which such changes could be measured, and it emphasizes the
need to consider trade-offs in the broader context of public health benefits.

In contrast to UFP — an emerging pollutant of concern — Chapter 4 addresses a
well-known hazard: lead exposure. Lead’s toxicity has been recognized for centuries, and
it can damage virtually every organ system, with children being particularly vulnerable
and persistent racial and ethnic disparities in lead exposure. Through past policy
interventions, the U.S. achieved dramatic reductions in lead exposure from sources like
vehicle fuel and paint, resulting in a significant reduction in average childhood blood lead
levels over the last few decades. However, this success story has a notable exception in
the aviation sector. The Clean Air Act (CAA) enabled the EPA to regulate lead as a
criteria pollutant and set vehicle fuel standards, but aviation fuel was not subject to the
same regulations because authority over aircraft fuel lies with the FAA. Given the EPA’s
2023 endangerment finding on leaded aviation gasoline, regulatory action is now
required. However, uncertainty remains regarding exposure pathways, particularly given
the widespread use of piston-engine aircraft—nearly 170,000 across 2,500 general
aviation airports (GAAs) in the U.S. Our study reinforces why this action is vital: we
found that ambient lead levels around GAAs are elevated above background, confirming

that communities near GAAs are continually exposed to this health hazard. We also
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provided field validation for using distance as a proxy for lead exposure — a simpler
metric often used in risk assessments and policy discussions. The fact that lead
concentrations in our data dropped off with distance supports the current practice of
focusing mitigations (like land-use restrictions or educational outreach for blood lead
testing) on the most proximate neighborhoods. However, our findings also raise new
concerns. The detection of other hazardous elements (such as arsenic and bromine)
around GA airports suggests that phasing out lead alone will not eliminate all pollution
risks from piston-engine aircraft. While removing lead from avgas will yield tremendous
health benefits, communities near GAAs may continue to experience air quality impacts
from the combustion of 100LL’s replacement fuel, as well as from the remaining
activities at these airports. The cumulative environmental health impact of GA airports —
considering noise, lead, UFPs, and other pollutants — warrants further study and
attention. In the interim, public health officials in affected areas might consider additional
measures, such as installing filtration systems in schools near busy GA runways or
implementing buffer zones and operational changes on high-pollution days to protect
residents.

In conclusion, this dissertation’s findings come at a pivotal moment for the
aviation industry. The sector is balancing ambitious growth and modernization plans with
environmental responsibilities. Airlines and airports have committed to net-zero
greenhouse emissions by 2050, but achieving this will require not only addressing CO-
through cleaner fuels and efficiency but also tackling co-pollutants like UFPs and lead

that directly affect local communities. Our work provides a scientific basis for some
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immediate steps: it identifies when and where aviation emissions matter most for local air
quality, and it suggests that interventions targeting specific aspects of airport operations
can yield tangible exposure reductions. As aviation regulators and stakeholders work to
craft policies, we hope that the evidence presented here — quantifying the distinct
contributions of landings vs. takeoffs, separating aircraft emissions from road traffic, and
revealing the multi-pollutant nature of GAA plumes — will inform risk assessments and
mitigation efforts. Continued research should build on these findings, expanding to more
airports and incorporating health outcome data, to ultimately ensure that the benefits of
aviation do not come at the expense of the health of those living under the flight paths.
Directions for Future Work

While this dissertation has advanced our understanding of aviation emissions and
their public health impacts, it also highlights several research gaps for further
investigation:

e Engine Exhaust Plume Dynamics: Further research is needed to characterize the size,

composition, and transformational behavior of both volatile and non-volatile particles
as they are transported downwind from aircraft exhaust plumes.

e Alternative Fuels and UFP: As sustainable aviation fuels are tested, it is important to

investigate changes in UFP emissions under varying sulfur contents beyond
controlled settings to assess the trade-offs of sustainable aviation fuels.

e LTO cycle and UFP: Our work suggests arriving aircraft can contribute at least as

much to community UFP exposures as departures, aligning with some studies while

diverging from others. Understanding the conditions under which arrivals versus
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departure aircraft dominate UFP impacts will be key for optimizing flight operations
to minimize pollution.

Standardization of UFP Measurement Protocols: A recurring issue in UFP research is

the lack of standardized measurement protocols. Studies use different size cut-offs,
averaging times, and instrumentation, which hampers direct comparison. There is a
need for the scientific community and regulators to converge on standard UFP
metrics and methods. This could involve establishing a reference method for UFP
number concentration or size distribution, akin to how PM; s is standardized, and
conducting inter-comparison workshops for UFP monitors.

GAA Monitoring Infrastructure: With thousands of GAAs in the country and a wide

diversity among them, our Chapter 4 findings should be validated and extended.
Setting up monitoring at a representative sample of GAAs — capturing different
climates, operational scales, and surrounding community types — would help
determine how generalizable our observations are. Such studies should not only
monitor lead but also other pollutants (UFP, black carbon, VOC:s, etc.) to provide a
better estimate of the cumulative air quality burden borne by nearby communities.

GAAs are highly heterogenous in terms of engine types, operations, and emissions.

Addressing these future work areas will further close the research gaps identified
in this dissertation. Through continued interdisciplinary efforts, including
engineering, atmospheric science, exposure assessment, and epidemiology, we can
ensure that the benefits of aviation are balanced with health-protective measures for

nearby communities.
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