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ABSTRACT

FAMILIAL VARIATION IN PERSONAL PM; s EXPOSURE WITHIN A RURAL

RWANDAN COMMUNITY PRE AND POST CLEAN ENERGY INTERVENTION

Exposure to fine particulate matter (PM3 5) from solid fuel combustion is a major
determinant of global morbidity and mortality. However, demographic variations in personal
exposure remain uncertain across many high-risk populations. Liquefied petroleum gas (LPG)
stoves have been proven to emit far less PM> s than traditional biomass burning stoves and
significantly reduce personal exposures in randomized control trials. However, there is
uncertainty surrounding the difference in exposure reductions produced by LPG stove
interventions among men, women, and children. This work describes personal PM; 5 exposures
and exposure reductions among household members (adult men, adult women, and children) in
rural sub-Saharan Africa, where biomass fuel was the primary household energy source, before
and during a whole-household energy intervention. LPG stoves were used to replace traditional
biomass burning stoves, and solar-based electric lighting replaced traditional kerosene lamps.
Personal PM 5 exposures were assessed using wearable monitors that combined real-time
sensing, time-integrated (gravimetric filter) sampling, and continuous location-activity tracking

over 48-hr sampling periods.

First, the baseline variation in PM s exposures among adults (men and women) and
adolescent/pre-adolescent children within two rural Rwandan villages was assessed prior to the
introduction of clean energy technology, when all participants still relied on their traditional

forms of household energy. Linear mixed models, controlling for household, were used to

il



examine the variation in baseline exposures among family members. A spaciotemporal analysis
was also employed to apportion personal PM» 5 exposures into unique time-activity patterns,

revealing previously unknown behavioral patterns between the demographics.

For the intervention phase of the study, an intent-to-treat (ITT) framework was used to
examine the variation in personal PM> 5 exposure reductions achieved by the whole-household
energy intervention among men, women, and children within the community. Results from this
analysis indicate that interventions for household energy systems, in conjunction with familial
lifestyle and behavior modifications, are necessary to reduce personal PM; s exposures in rural

sub-Saharan African communities.
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PREFACE

A standard dissertation is typically drawn from three unique bodies of work. However, I
begin my time at CSU during the summer of 2020, right as the COVID-19 pandemic began
taking full effect. Because of this, the SHEAR study was delayed and new funding came in to
support work mitigating the spread of airborne diseases. Therefore, my initial PhD work
consisted of characterizing the emission rates and size distributions of large salivary (spit)
particles produced by humans during the acts of talking, singing, and playing woodwind
instruments. While my committee found this work novel and of value to the scientific
community, we decided there was no feasible way to bridge the gap between it and my SHEAR
study work. So, my COVID music study work will not be included as a chapter in my general
dissertation. However, we added the manuscript produced from this work as Appendix D at the

end of this dissertation document for anyone interested.

The manuscript describes emission rates and size distributions from large salivary
particles (dp > 35 pm in aerodynamic diameter) produced by 70 volunteers of varying age and
sex while vocalizing and playing woodwind instruments. Mitigation efficacies for face masks
(while singing) and bell covers (while playing instruments) were also examined. We did not
include any supplementary material for this work as a fifth appendix. But, for anyone wanting
that information, the full article and associated SI can be found here. All the figures, tables,
equations, and literature citation numbers (including ones referencing the SI document) use their
original manuscript numeration. Appendix D has a numeration coding completely independent

from the rest of the document.
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CHAPTER 1: BACKGROUND AND INTRODUCTION

1.1 Health Effects of PM2.s Exposure

Exposure to PM; 5 (particulate matter with an aerodynamic diameter less than 2.5 pum)
was responsible for an estimated 7.8 million premature deaths and 231 million disability-
adjusted life years (DALYSs) lost globally in 2021."2? Health outcomes attributed to PM s
exposure include incidence and exacerbation of chronic obstructive pulmonary disease, asthma,
ischemic heart disease, acute lower respiratory tract infections, stroke, and lung cancer, among
others.>”” Black carbon (BC) a fractional component of PM; s often associated with PM produced
from combustion, has also been implicated in the contribution to many adverse health effects

including stroke, cardiopulmonary morbidity, and premature mortality.3!!

1.2 Discrepancies in Personal Exposure Monitoring by Region and Demographic

The PM: 5 exposure burden remains uncertain for many demographic groups and across
various geographic regions due to a lack of collected personal PMz 5 exposure data. For example,
a recent review of 140 personal exposure studies that met established quality-control criteria
(having at least 10 unique participants, a minimum of 20 hours of continuous monitoring, and the
use of the same type of monitoring equipment throughout the duration of the study) found that
none of these studies compared personal PMz 5 exposure among men, women, and children in
either low-income or low-middle-income countries (LICs and LMICs).'? Another recent review
article comparing the methodologies used to asses household PM2 s pollution in sub-Saharan
Africa concluded a considerable lack of research on household pollution measurements of any

kind in this region, with an increasing population using unclean fuels.'?



1.3 PM:z.5s Emissions from Daily Energy Needs

Unfortunately, it is often these same regions where the highest rates of biomass burning
for daily cooking and heating needs are experienced.'*'® Traditional cooking with biomass fuel
is often carried out with inefficient cookstoves and in poorly ventilated spaces, producing
dangerously high concentrations of PM> s and associated BC.!” As of 2020, it was estimated that
84% (CI: 82, 86%) of people in sub-Saharan Africa relied on biomass fuel for daily cooking, and
this percentage was projected to decrease only to 81% (CIL: 76-85%) by 2030.!° Further, in most
rural regions of sub-Saharan Africa, traditional cooking using biomass fuel remains ubiquitous,
with the rate estimated to be >99% in rural Rwanda.!® Access to clean energy has been proposed
as a basic human right and liquefied petroleum gas (LPG) is a promising, often feasible
alternative to traditional biomass fuel stoves.'®!” Laboratory tests have suggested LPG stoves

can produce 99% lower PM, s emissions than a traditional biomass burning three-stone fire.?%!

Much of sub-Saharan Africa also relies on kerosene burning lamps to provide lighting.
This style of lighting has been shown to produce high concentrations of PM; 5 on its own (10x
WHO guidelines), however when combined with the emissions from biomass burning
cookstoves, these lamps further exacerbate personal PMx 5 exposure.?? > Kerosene lamps are
often overlooked due to their relatively smaller emissions factors than biomass burning
cookstoves, but self-reported use of kerosene lamps in the SHEAR pilot study was associated
with an 80% increase in personal PMb s exposures (p<0.001). Integrated exposure curves have
been developed for describing the non-linear relationships between personal PM» 5 exposures and
various associated health risks (COPD, ischemic heart disease, etc.).® These curves indicate that
the reductions in personal PM; s exposures associated with LPG interventions may be enough to

mitigate some health risks; however, it is unclear whether they are enough to mitigate the risk for



more sensitive conditions, like stroke incidence. Therefore addressing PM emissions from all
forms of household energy has been proposed as a way to lower personal exposures to a level

that mitigates all associated health risks.?’
1.4  Demographic Diversity in Previous Personal Exposure Studies

Prior LPG intervention personal exposure studies have shown switching participants’ fuel
source from biomass to LPG can significantly reduce personal PM» s and BC exposures.?6-°
However, these studies were usually limited to examining only the exposure change of adult
females in the population, and only addressed emissions associated with traditional cooking (not
whole-household energy). Similarly, most of the non-intervention personal PM exposure studies
conducted in sub-Saharan Africa have mainly just focused on women and/or young children (0 to
5 years).’!3* The rationale behind this focus is that women are the primary cooks for the vast
majority of homes in these study regions, and are therefore assumed to be at greatest risk for
health complications attributed to household air pollution exposure. However, higher background

rates of major air pollution related diseases have been observed for men, leading some researches

to question the validity of these assumptions.

Children are a particularly vulnerable demographic to the adverse health effects of air
pollution due to their heightened breathing rate, developing respiratory system, and immature
immune system.>”*! Children are often assumed to have identical exposures to their primary
guardian (usually their mother) due to perceived similarity in daily activities and exposure
patterns.*? These types of assumptions for relative demographic exposures to PM s are referred
to as equivalent exposure ratios, and they are used in the mortality and morbidity calculations
made by the global burden of disease study.** Some researchers have argued that these type of

assumptions may contribute to underpredicting premature deaths by as much as 220%, especially

3



in geographic locations with sparse data on personal exposure.** Overall, the lack of exposure
data for men and children (5 to 17 years) in sub-Saharan Africa limits our understanding of the
nature of the exposure burden for this understudied region of the world, and in turn also limits

efforts to mitigate this risk.**

1.5  Personal Exposure Monitoring: The ‘Gold Standard’

Personal exposure (i.e., data collected from within one’s breathing zone) is considered
the “gold standard” for estimating individual risks because it accounts for variations in exposure
that occur as a function of time, location, activity, and behavior. Personal exposure data are
especially important for risk assessment differentiation between various demographic groups
within the same geographical region.!>* Understanding individual PM, s exposure patterns in
sub-Saharan Africa is especially crucial since this region accounts for an estimated 31% of
global deaths related to household air pollution, despite having only 15% of the global

population in 2021.14

Personal PM: s exposure studies in this region have been limited due to a lack of
wearable, robust, accurate and scalable (i.e. quickly deployable with standardized quality
assurance measures) PMa.s monitoring technology. This technical limitation has been a defining
reason for the lack of exposure data on men and older children in previous studies.* However,
recent improvements in personal PMz s monitoring technology have increased our ability to track
exposures in space and time with less disruption to individual’s daily routines.?**3>® This work
utilized one such technology to monitor the personal PM» s exposure levels of individuals in a
rural Rwandan community over a 3 year period, both before (15-months) and during (17-months)

a whole-household energy randomized control intervention.



1.6 Overview and Objectives of this Work

This work provides two novel contributions illuminating the nature of personal PM; s
exposure in rural Rwanda: a baseline analysis of the demographic variation in PM> 5 exposure
within a rural Rwandan community, and an intent-to-treat (ITT) analysis examining the effect of
a combined LPG/solar-based electric lighting intervention within the community. Chapter 2
introduces the SHEAR (Sustainable Household Energy Adoption in Rwanda) project, a clean
energy intervention project (where LPG replaces biomass burning stoves, and solar-based
electric lighting replaces kerosene burning lamps) that provided the framework for all the data
presented here. This chapter discusses the sampling and analysis methods common between the
baseline and intervention phases of the study. Chapter 3 analyzes the baseline variation in PMz 5
exposures among adults (both men and women) and adolescent/pre-adolescent children (aged
between 8 and 17 at the time of enrollment, hereafter referred to as “child” or “children”) within
the two SHEAR villages prior to the clean energy technology introduction, when all participants
still relied on solid biomass fuel as their sole form of household cooking energy, and most relied
on kerosene lamps for additional lighting. Space-and-time-resolved personal exposure data are
combined with a machine-learning cluster analysis and geocoded land-use feature data to
apportion personal PMa s exposures into unique time-activity patterns. Chapter 4 employs an ITT
framework to examine the reductions in personal PM» s and BC exposure achieved during the
fully subsidized clean energy intervention among men, women, and children within the same
community. This analysis employes linear mixed effect models to determine the variation in
exposure reductions between men, women and children at both the household and community

levels.



CHAPTER 2: THE SHEAR STUDY

2.1 Study Setting

The SHEAR project (Sustainable Household Energy Adoption in Rwanda) is a 3-year
randomized control trial (2022-2025; US ID: NCT05668624) located in the communities of
Karambi and Isangano within the Eastern Province of Rwanda. Figure 2.1 provides a map of the

study region.

Rwanda

Agricultural Fields
Ambient Air Monitors

Homes

Schools

2km N |

Figure 2.1: Map of the Study region. Green dots represent the locations of SHEAR study
households (n = 579), blue dots depict the AMOD deployment locations (ambient air monitoring
sensors n = 4), the yellow polygons are various fields participants conduct agricultural work in,
and the red polygons show the school boundaries. The inset map of Africa in the top left corner of
the figure highlights Rwanda, the country where this study is located and the blue dot within this
inset map shows the exact location of the SHEAR study. The bottom left insert image depicts a
typical roadside in one of the study villages.

The villages were chosen because they will not be receiving distributed electricity during

the study period (there is a plan to connect them to the national grid eventually) and traditional



energy sources for cooking and lighting were used nearly universally amongst the households in
the region, prior to the energy intervention. These villages typify rural sub-Saharan African
subsistence farming communities with limited resources and virtually no access to modern forms

of household energy (e.g. grid electricity or pumped natural gas).

2.2 Experimental Design

The SHEAR project introduced a clean household energy intervention to homes within
the community, employing LPG to replace biomass fuel for cooking and solar-based electric
lamps to replace kerosene burning lamps for lighting. Households were randomized into three
study arms: 248 into the full subsidy arm receiving clean energy (and the associated technology)
free of charge, 141 into the random subsidy arm having to pay for the clean energy at various
discounted rates, and 235 into the control arm not receiving any clean energy (until the end of the
study, as an incentive). Participants were visited up to seven times over the course of the 3-year
study for responding to surveys, gathering data on health metrics, and monitoring their personal
PM> s exposures. Regardless of which study arm households were assigned, no household
received any clean energy technology during the first visit. This visit was used to establish

participants’ baseline health measures and PM2 s exposure levels prior to the intervention.

The personal PM2 s exposure data collected during the initial baseline visit are the focus
of Chapter 3, while the exposure data collected from households within the full subsidy
(treatment) and control arms during the intervention phase of the study are the focus of Chapter
4. Other aspects of the SHEAR project not described in this work include the characterization of
associations between PM; 5 exposure and indicators of morbidity (e.g. blood pressure, lung

function), and for the random subsidy arm an investigation into the causal relationship between



the randomized cost of LPG/solar electricity, the measured use of the LPG/solar electricity, and

personal PM> 5 exposures.

23 Study Enrollment Eligibility Criteria

To be eligible for participation in the study, households must have conformed to
following inclusion criteria: (1) located in the study area of Isangano and Karambi; (2) had an
adult male and female, or a single adult, head of household over 18 years, and at least one child 8
to 17 years of age; (3) non-smoking; (4) primarily used an open fire or wood/charcoal stove; (5)
did not do any commercial cooking; (6) were not currently pregnant (women); and (7) did not
plan to move within the next 3 years. Participants provided informed consent approved by the
Rwanda National Ethics Committee (# 00001497) and by the Institutional Review Board at

Colorado State University (IRB # 3946).

2.4 Household Characteristics

At the time of enrollment, participants completed an initial baseline household survey
providing information on each participating family member’s gender, age, and occupation, along

with other household details like who is the primary cook, how many stoves are in the home, etc.

Households in the study region were predominantly constructed of locally produced mud
bricks with metal roofs. Floors in houses varied from packed dirt to poured concrete pads. Tiled
or painted concrete floors were present in higher income homes. Houses ranged from one to five
bedrooms, often adjoining a large multipurpose communal room. Smaller houses only had one
entrance with a metal door, and rooms were often separated with cloth barriers. Rooms could
have small windows allowing limited light into the house. Higher quality windows had glass

panes, but most remained open and some had wooden shutters. Houses were commonly enclosed



in a walled compound, providing storage and space for working and cooking. Kitchens could be

either open air, an alcove consisting of three walls and a roof, or a separate annex. When a

separate kitchen was present, there was often only a door and a single window providing

ventilation. Chimneys were not regularly employed to redirect cooking smoke. Table 2.1

Provides a summary of household characteristics data and Figure 2.2 shows a collage of typical

kitchen set ups and home exterior conditions.

Table 2.1: Household Characteristics Summary Table (n = 628 households)

Value/Number Percentage
Average Number of Rooms (SD) 2.4 (0.7)
Average Number of Stoves Used Regularly (SD) 1.2 (0.4)
Kitchen Locations
In Separate Building 515 82.0%
Outside the House 98 15.6%
Room Adjacent to Bedroom 10 1.6%
Separate from Bedroom, Inside 3 0.5%
Don’t Know 2 0.4%
Primary Stove Type
Traditional Cookstove 611 97.3%
Charcoal Stove 13 2.1%
Other 4 0.8%




Figure 2.2: Collage of Typical Kitchen and Home Exterior Appearances. (A) Typical kitchen
setup for a home with the kitchen in a separate building. (B) Example of traditional stove. (C)
Example of home exteriors.

2.5  Personal Exposure Monitoring

2.5.1 The UPAS V2 Plus

Personal PM; 5 exposure sampling was conducted during visits 1 (baseline), 3, 4, 5, and 7
and consisted of wearing a UPAS V2 Plus (Ultrasonic Personal Aerosol Sampler; Access Sensor

Technologies, Fort Collins CO) in the breathing zone for a continuous 48-hour period, during
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which participants went about their daily routines.*® The UPAS is a wearable air quality monitor
that uses a quiet piezoelectric pump to draw air at 1 L-min"! through a 2.5 pm size-selective
cyclone inlet and onto a 37 mm PTFE sampling filter (PT37 MTL LLC, Minneapolis, MN).>” A
separate stream pulls air into a light-scattering sensor (SPS30, Sensirion AG Stifa, Switzerland)
at the front of the unit to estimate PM, s concentration at 30-second intervals.’® The UPAS V2
Plus also records GPS, accelerometry, air temperature, relative humidity, and atmospheric

pressure data at the same 30-second intervals.
2.5.2 The UPAS Harness

Participants were asked to wear the UPAS on their chest during waking hours, via a
custom harness produced by a local tailor. The harness was designed to be as durable and
nondisruptive to participants’ daily lives as possible. A single length-adjustable shoulder strap
allowed for a wide range of motion and orientation flexibility (depending on the participant’s
dominant arm). The lightweight locally sourced kitenge fabric provided breathability while
minimizing any community stigma associated with participating in a foreign sponsored research
project, and the locally sourced fishing net pouch (used to support the majority of the UPAS
weight) facilitated ample air flow to and from the UPAS inlets and outlets while maintaining
durability for the duration of 3-year study. Figure 2.3 shows an image of participants collecting a

sample from the UPAS wearing the harness.
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Figure 2.3: UPAS Harness. Three participants (man, woman, and child) wearing the UPAS V2 Plus
in the locally produced kitenge fabric and fishnet harnesses.

2.5.3 The UPAS Charging Cradle

To obtain a continuous 48-hour sample, a small battery-powered charging station was
provided to each participant to recharge their UPAS overnight. Participants were instructed to
keep the UPAS and charging station as close to their breathing zone as feasible while they slept.
The charging cradle consisted of a 20 Ah battery (INIU Portable Charger, 18W PD QC
20000mAh USB C Power Bank) connected to a magnetic microUSB connector housed within a
19 cm x 10 cm x 5 cm polystyrene enclosure. The outside of the cradle utilized a 3D-printed
retainment structure to keep the UPAS upright, air vents exposed, and magnetic microUSB

connection intact during the charging process. No device modification or setup was necessary for
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participants; they were instructed to simply take the UPAS out of their wearable harness and put
it into the charging cradle before going to bed. Participants could also remove the UPAS and
keep it nearby when bathing or using the restroom. An example of the UPAS charging cradle is

provided in Figure 2.4

A)

Figure 2.4: UPAS Charging Cradle. (A) Charging cradle without UPAS, showing magnetic
connection port. (B) Charging cradle with UPAS.

2.5.4 UPAS Wearing Compliance

Device wearing compliance was assessed by UPAS accelerometry data, evaluated
between the hours of 6:00 and 21:00 (waking hours) When the UPAS was not on the charging
cradle. To establish the compliance metric, the 80% of samples with a working accelerometer
were partitioned into 15-minute windows and the standard deviation (SD) of x-axis acceleration
(mG) was calculated for the 30-second observations from each. Then, the distribution of the 15-
minute window SDs for times when the UPAS was and was not connected to the charging cradle

were examined, Figure 2.5.
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Figure 2.5: Standard Deviation of UPAS Acceleration. The distribution of standard deviations for
acceleration in the x-axis (mG) among 15-minute time windows while the UPAS was on and off the
charging cradle. The red line represents the 6 mG cutoff value determined as a threshold for adequate
movement for a 15-minute time window.

It was determined that a 6 mG (red line) or greater SD for a 15-minute window meant the
UPAS detected sufficient movement during the time window to suggest the participant was
wearing the UPAS in that window. After establishing this movement cutoff value of 6 mG SD
for the 15-minute windows, the fraction of time windows having SDs beyond the threshold for
each sample were calculated. Results from this user compliance analysis (stratified by
demographic and age) are provided in section 3.2.6 for the baseline samples and in section 4.2.6
for the intervention phase samples. Compliance was incentivized among participants by
promising compensation worth approximately 7000 RWF to households with study members
(adults and children) who wear the UPAS for at least 75% of the time during waking hours for

the 4 study visits that included monitoring (they also must complete all 7 visits in total).
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2.5.5 Gravimetric Filter Handling and Analysis

The time integrated gravimetric filter data were used to correct the UPAS’s 30-second
PM, s concentration data on a per-sample basis using methods outlined in Tryner et al. 2020.%°
This correction was necessary because low-cost light scattering PMb> s sensors are sensitive to
changes in aerosol size, refractive index, and ambient relative humidity, all of which can vary
during sampling.%® Post-sampling filters were stored in the SHEAR study office freezer (-20°C)
between the bi-monthly air freight shipments back to Colorado State University where they were
then stored in a -80 °C freezer before equilibration in climate-controlled environment
(temperature: 20-23 °C; relative humidity: 30—40%) prior to gravimetric analysis. After
equilibration, filters were weighed in triplicate using a high precision microbalance (XS3DU,
Mettler-Toledo, Columbus, OH, USA) via an automated robotic process.®! The same weighing
process was applied to each filter prior to deployment in Rwanda, allowing for the calculation of

filter sample loadings; the filter’s post sampling weight — pre sampling weight (ug).

Before each UPAS deployment, a ‘blank’ filter was loaded into one of the UPAS units
scheduled for use that day. This filter was left inside the turned-off unit for 1 to 5 minutes before
being removed, labeled as a ‘blank’, and stored for shipment with the rest of the post-sampling
filters in the SHEAR study office freezer. These blank filters were weighed via the same process
as the sample filters, both pre- and post-deployment in Rwanda, and their loadings were
calculated as ‘blank filter loadings’. Filter loadings from personal samples were subtracted by the
monthly average ‘blank filter loading’ for each sample’s corresponding month (i.e., the monthly
arithmetic mean of all blank filter loadings was subtracted from the filter loading of each

personal exposure sample), providing background-corrected sample filter loadings; accounting
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for potential measurement artifacts encountered during shipping and handling. A time series plot

of blank filter loadings for the duration of the study is shown in Appendix Al.

A gravimetric limit of detection (LOD) value was calculated for each month using the

blank filter loadings, defined by Equation 1.
LOD = yu, + 30, (1)

Where pp is the mean blank filter loading for the month and o is the blank filter loading standard
deviation for the month. The 3 comes from the probability density function for the normal
distribution, implying values above the LOD have a 99:1 chance of being correctly identified as

above zero (i.e. three standard deviations away from the normal distribution center at ub). The

few filter loadings found to be below the LOD for their associated month were replaced by LOTZD

as prescribed by Hewett and Ganser 2007.5> However, all the samples with filter loadings below
the LOD (for both the baseline and intervention phases) ended up excluded from our analysis
anyways due to invalid sampling criteria (described in the subsequent chapters). A timeseries

plot of our estimated gravimetric LOD values by month is shown in Appendix A2.
2.5.6  Gravimetric Correction for Real-time PM> s Estimates

Background-corrected, LOD-adjusted filter loadings were divided by the total volume of
air passed through each filter during sampling to find the gravimetrically derived average PM> 5
sample concentration. Then, the average real-time light scattering sensor reported sample
concentration (averaged only for times when the filter pump was on) was divided by this
gravimetrically derived average concentration, producing a real-time to gravimetric correction

ratio for each sample. This calculation is represented by Equation 2.
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. . Creaiti
Correction Ratio = -Rel-time (2)
Crilter

Where Creal-time 1S the sample average real-time reported PM» s concentration (30-second
observations) for times the filter was in use, and Criler is the gravimetrically derived
concentration based on the filter loading and the recorded volumetric flowrate. The inverse of
this correction ratio was multiplied to each 30-second PM> s concentration estimate for each
corresponding sample. This process provided 30-second PM> 5 concentration estimates uniquely

corrected for each 48-hour sample by its own gravimetric correction ratio.

To maintain sample quality, our field staff removed and cleaned the interior surfaces of
all UPAS cyclones on a weekly basis. Our QA/QC procedures at CSU also noted any tears, holes
or other anomalies in the filters during weighing, including documenting evidence of “spotting”,
“overloading”, or unusual particle deposition across the filter surface. None of the filters used in

our analysis were flagged for large particle breakthrough.
2.6 Linear Mixed Effect Models

All Data analyses were conducted using R (version 4.2.2). Linear mixed models were
developed to examine the statistical significance, at a type 1 error rate of 5%, for the differences
in personal exposures among men, women, and children while accounting for household using
random intercepts. PM» 5 exposure concentrations were natural log-transformed to meet the
model assumptions (reducing right-skewedness and heteroscedasticity), taking the form of

Equation 3:

Yij = Bo + B"Xij + a; + € (3)
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Where Y;; is the log-transformed average PM» s exposure concentration from the ith household
and the jth participant, X;; is the set of fixed predictor variables, B is the vector of coefficients
for the predictor variables, a; is a random intercept term for household i and €;; represents the
residual model error (assumed to be normally distributed with mean zero and constant variance).

For the ITT analysis, an interaction term was specified between the demographic and study

group variables to test specific pairwise differences.
2.7  Ambient Air Quality Monitoring

2.7.1 The AMODs

Ambient PM> 5 levels were routinely monitored using 4 Aerosol Mass and Optical Depth
monitors (AMODs, developed at Colorado State University) set upon 4m (13.1 ft) poles at two
central and two edge locations in Karambi, shown as the blue dots in Figure 2.1.97% These

ambient air quality monitors functioned similarly to the UPAS personal exposure monitors.

The AMODs had both a real-time PM light scattering sensor (Plantower PMS8003), and
a separate PMz s filter train. This setup provides the AMODs with similar gravimetrically
corrected real-time PM> 5 concentration estimations to the ones calculated for the UPAS personal
exposure monitors. The main differences are that the AMODs had more weatherproof
enclosures, larger batteries, and a different PM> 5 light scattering sensor. The AMODs also record
PM: 5 concentrations at 10-minute intervals instead of 30-second ones like the UPAS because
ambient PM> 5 concentrations change a lot slower than personal exposures, and a 10-minute

resolution was decided on as a reasonable compromise allowing for longer battery runtimes.

These ambient air quality monitoring units were set up at least 4m above the ground (and

away from household kitchens) to avoid tampering during sampling campaigns. As a result,
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these units monitored background (ambient) PM; 5 levels within the village. See Figure 2.6 for an

image of one of the AMODs and its sampling pole set up.

.{ 59_.!3;3

%

Figure 2.6: AMOD and Sampling Location. On the left is an image of one of the modified
AMODs (with the AOD turret covered) used for ambient PM, s monitoring. The dark-green circle at
the front of the unit is the size-selective (d, < 2.5 um) cyclone inlet that sits in front of the PTFE filter
for collecting gravimetric samples. The black inlet on the left face of the unit is the real-time PM, 5
light scattering sensor port. The right side of the figure shows one of the original wooden sampling
poles and its replacement metal pole used to hold the units ~4 m above the ground while sampling.
The AMODs were set up on wooden poles for the first 5 months of the study before getting replaced
by metal ones to ensured greater longevity for the remainder of the 3-year study.

2.7.2  Stripping of the AMOD abilities

The AMODs were originally designed to monitor aerosol optical depth (AOD) along with
real-time PM2 s concentration. They used a camera attached to a turret on top of the unit that
swiveled to find the sun every 20 minutes.*> The camera measured the intensity of light when

aimed directly at the sun throughout the day to calculate the AOD. However, to allow for longer
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battery runtimes for the SHEAR study, this feature was disabled and the AOD turret was covered
up. The AMODs used in the SHEAR study only monitored the real-time PM> 5 concentrations
while collecting an integrated filter sample, along with recording other real-time environmental

conditions like atmospheric temperature, pressure, etc.

2.7.3  Gravimetric Filter Handling and Analysis

Filters were not collected with every sample as they were with the personal exposure
UPAS samples due to the bandwidth of the field staff and the assumption that ambient air quality
has less compositional variation than personal exposures. The 4 AMODs were typically
deployed on Friday afternoons and recorded real-time PM; 5 concentration estimates every 10-
minutes until their batteries died. These sampling periods (i.e. the battery life) lasted about 3
days when a gravimetric filter sample was collected in parallel, and around 5 days when only

real-time data was monitored.

‘Blank’ filter collection, background subtraction, and real-time correction ratios were all
conducted in a similar manner to the UPAS personal exposure samples (detailed in sections 2.5.5
and 2.5.6), but the AMODs did not have a unique correction ratio for each deployment because
filters were not collected for every sampling period. Instead, the median real-time to gravimetric
PM; 5 correction ratio was used to correct all filter and non-filter AMOD samples. Filter samples
were typically collected every 4th AMOD deployment, averaging about one ambient air filter
sample per month. The median correction ratio was determined to be the best option for the
correction of all samples due to the smaller sample size of ambient air filter deployments and the
large standard deviation among these samples. Appendix A3 depicts a histogram of the ambient
filter sample calculated real-time to gravimetric PMz s correction ratios along with the median

line value used for in the analysis for all ambient real-time PMa s corrections (median correction
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ratio value used: 1.94). A temporal analysis for daily average ambient PMb> 5 concentrations by

AMOD location over the course of the SHEAR study is provided in Appendix A4.
2.8 SHEAR Field Team

Monitor deployment, collection, in-field filter handling, and participant interactions were
conducted by trained local staff. Integrating staff from the community improved the project’s
rapport among participants and helped establish trust within the larger community, as most

participants only spoke Kinyarwanda.
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CHAPTER 3: FAMILIAL DIFFERENCES IN BASELINE PERSONAL PM; s EXPOSURE

EXPLAINED WITH SPATIOTEMPORAL APPORTIONMENT

3.1 Introduction

Exposure to PM s was responsible for an estimated 7.8 million premature deaths and 231
million disability-adjusted life years lost globally in 2021." Health outcomes attributed to PM s
exposure include incidence and exacerbation of chronic obstructive pulmonary disease, asthma,
ischemic heart disease, acute lower respiratory tract infections, stroke, and lung cancer, among
others.>”” The PM> 5 disease burden, however, remains uncertain for many demographic groups
and across various geographic regions due to a lack of collected personal PM; 5 exposure data.
For example, a recent review of 140 personal exposure studies that met established quality-
control criteria (having at least 10 unique participants, a minimum of 20 hours of continuous
monitoring, and the use of the same type of monitoring equipment throughout the duration of the
study) found that none of these studies compared personal PM; s exposure among men, women,
and children in either low-income or low-middle-income countries (LICs and LMICs).!? To date,
most personal PMz s exposure studies in sub-Saharan Africa have focused on women and/or
young children (0 to 5 years), as these groups are assumed most likely to have the closest
proximity to cooking emissions.!*?%31-3% Exposure data are lacking for men and children (5 to 17
years) in these settings; these data are necessary to define exposure burden more accurately as a

function of population demographics.

Personal exposure (i.e., data collected from within one’s breathing zone) is considered
the “gold standard” for estimating individual risks because it accounts for variations in exposure

that occur as a function of time, location, activity, and behavior. Personal exposure data are
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especially important for risk assessment differentiation between various demographic groups
within the same geographical region.!>*%® When personal exposure data are lacking, mortality
and morbidity burden estimates rely on a combination of satellite imagery, chemical transport
modeling, regional source-receptor estimates, and fixed-site outdoor concentration measurements
(which can be several km away from many at risk populations).'>#4667-70 These methods are
commonly used to estimate exposure-response relationships for ambient PM» s, but they are less
reliable at quantifying indoor air pollution exposure, which is characterized by more spatial and
temporal variation.?®?3>2 Understanding individual PM, s exposure patterns in sub-Saharan
Africa is crucial since this region accounts for an estimated 31% of global deaths related to
household air pollution, despite having only 15% of the global population in 2021.'47
Unfortunately, personal PMb» s exposure studies are often limited due to a lack of wearable,
robust, accurate and scalable (i.e. quickly deployable with standardized quality assurance
measures) PMz s monitoring technology.** However, recent improvements in personal PM s
monitoring technology have increased our ability to track exposures in space and time with less

disruption to individual’s daily routines.

The primary objectives of the work in this chapter were to quantify the PM2.s exposures
and demographic variations among adults (both men and women) and adolescent/pre-adolescent
children (aged between 8 and 17 at the time of enrollment) in a rural sub-Saharan African
community that relied on solid biomass fuel as their sole form of household cooking energy.
Space-and-time-resolved personal exposure data, a machine-learning cluster analysis, and
geocoded land-use feature data were combined to apportion personal PMz s exposures into

unique time-activity patterns. These patterns helped reveal source-receptor relationships for
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PMb 5 exposure that explain demographic variations in daily exposures among men, women, and

children in this rural setting.

3.2 Methods

3.2.1 Study Setting and Participant Eligibility

The SHEAR project (Sustainable Household Energy Adoption in Rwanda) is a 3-year
randomized control clean household energy intervention trial (2022-2025; US ID:
NCT05668624) located in the communities of Karambi and Isangano within the Eastern
Province of Rwanda (see Figure 2.1 for a map of the study region). The villages were chosen
because they will not be receiving distributed electricity during the study period (there is a plan
to connect them to the national grid eventually) and solid fuels for cooking are used nearly
universally amongst the households in the study area. These villages typify rural sub-Saharan
African subsistence farming communities with limited resources and virtually no access to
modern forms of household energy (e.g. grid electricity or pumped natural gas). Data presented
in this chapter were collected during the SHEAR baseline period, prior to the intervention that
introduced LPG for cooking and solar-based electric lamps for lighting. A total of 630
households were initially enrolled in SHEAR with the following inclusion criteria: (1) located in
the study area of Isangano and Karambi; (2) had an adult male and female, or a single adult, head
of household over 18 years, and at least one child 8 to 17 years of age; (3) non-smoking; (4)
primarily used an open fire or wood/charcoal stove; (5) did not do any commercial cooking; (6)
were not currently pregnant (women); and (7) did not plan to move within the next 3 years.
Participants provided informed consent approved by the Rwanda National Ethics Committee (#

00001497) and by the Institutional Review Board at Colorado State University (IRB # 3946).
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Additional details on the SHEAR study design, enrollment criteria, household characteristics,

and participant surveys are provided in sections 2.2 through 2.4.
3.2.2  Personal PM s Exposure Monitoring

Personal PM; 5 exposure sampling consisted of wearing a UPAS V2 Plus (Ultrasonic
Personal Aerosol Sampler; Access Sensor Technologies, Fort Collins CO) in the breathing zone
for a continuous 48-hour period, during which participants went about their daily routines. The
UPAS is a wearable air quality monitor that uses a quiet piezoelectric pump to draw air at 1
L-min! through a 2.5 um size-selective cyclone inlet and onto a 37 mm PTFE sampling
filter(PT37 MTL LLC, Minneapolis, MN).>” A separate stream pulls air into a light-scattering
sensor (SPS30, Sensirion AG Stifa, Switzerland) at the front of the unit to estimate PM> 5
concentration at 30-second intervals.’® The UPAS V2 Plus also records GPS, accelerometry, air
temperature, relative humidity, and atmospheric pressure data at the same 30-second intervals.
Air sampling filters were pre- and post-weighed in triplicate (XS3DU, Mettler-Toledo,
Columbus, OH, USA) inside a climate controlled environment via an automated robotic process
at Colorado State University and shipped to and from the field via air freight every other
month.®! Filters were stored in an on-site freezer (-20 °C) after sample collection between the bi-
monthly air freight shipments. Post-sampling filters were stored in a -80 °C freezer once received
by CSU before equilibration in the climate-controlled weighing chamber prior to gravimetric
analysis. Filter field blanks were collected at the beginning of each sampling day and used to

account for potential measurement artifacts encountered during shipping and handling.

Participants were asked to wear the UPAS on their chest during waking hours, via a
custom harness (Figure 2.3) produced by a local tailor. To obtain a continuous 48-hour sample, a

small battery-powered charging station was provided to each participant to recharge their UPAS

25



overnight (Figure 2.4). Participants were instructed to keep the UPAS and charging station as
close to their breathing zone as feasible while they slept (see sections 2.5.2 and 2.5.3 for
additional details). Participants could also remove the UPAS and keep it nearby when bathing or
using the restroom. Device wearing compliance was assessed by UPAS accelerometry data,
evaluated between the hours of 6:00 and 21:00 (see section 2.5.4 for more details). Data
presented in this chapter are from the SHEAR baseline survey of study participants; each sample
represents a single 48-hr measurement (n=1,280 samples total with no repeated measures). All
real-time PM> 5 estimates used in this analysis were corrected using the gravimetric correction

ratios described in section 2.5.6.

3.2.3 GPS Cleaning

Each 30-second PM> 5 observation was apportioned into one of 8 distinct
microenvironments based upon its GPS coordinates: home, near home, agricultural field, school,
in transit (within village), in transit (outside of village), other, and no-GPS. To do this, first a
GPS cleaning algorithm was applied to all the raw GPS observations removing nonsensical
outliers. This algorithm set the latitude and longitude values of observations to “NA” if the
calculated speed of a participant based on sequential observations exceeded 18 km/h (very few
people drove vehicles in the village and bike traffic was often slow due to the many hills, foot
traffic, and unpaved roads). All the successive coordinates of an initial “bad point” were also set
to “NA” until the coordinates indicated a participant was either back in one of the study villages,

or within 2 km of the last previous “good” GPS observation.
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3.2.4 Clustering Algorithm

A machine-learning clustering algorithm (dbscan, from the fpc package) was then used to
categorize participants’ GPS coordinates into distinct clusters.”! This function employs an
unsupervised learning non-linear algorithm to categorize data into groups with similar
characteristics or clusters. The three inputs used for the function were a data frame containing all
the latitude and longitude points from a participant’s sample, the eps (epsilon neighborhood
radius, i.e. the maximum radius used to define cluster neighborhoods)’, and MinPts or the
minimum number of points within the neighborhood radius required for establishing/addition to
a cluster. For our analysis the eps was set to 0.00018, which is the GPS degree equivalent of ~20
m (calculated using the Haversine formula), and our MinPts to 60 which is equivalent to 30

minutes for our data, which had a 30-second time resolution.

The algorithm established a cluster for a participant when one GPS point had 60 or more
GPS points within a 20 m radius. The 60 GPS points used to establish the cluster were only
labeled as being a part the cluster if they also had 60 points within a 20 m radius of them
(including points already labeled as part of the cluster). The process continued until the edge
points of the cluster were established, where points further away had less than 60 other points
within a 20 m radius of them. These points with less than 60 other points inside their 20 m radius

were assigned to cluster “0”, or “no cluster”.

This process established “hot spots™ or clusters of GPS locations where a participant
spent at least 30 minutes of their sampling time. It should be noted that these clusters were not
limited just to the 20 m radius of the initial GPS point used to establish the cluster, as the radius
shifted to determine additional points within clusters iteratively for every GPS point in a

participant’s sample. An example of one participant’s cluster map is displayed in Figure 3.1.
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Figure 3.1: Example of a Participant’s Clustering Map. The green dot represents the preestablished
coordinates of this participant’s home, and the orange dot represents the location of the SHEAR study
office. All the other dots are GPS coordinates recorded for this participant’s sampling period. Black
dots indicate locations not part of any cluster (i.e. the participant spent less than 30 minutes within a
20 m radius of these points), and colored dots show the different clusters that were established.

3.2.5 Microenvironmental Assignment

The field staff provided GPS coordinates along with a brief description for various
gathering spots within the study communities. From these initial points polygons were drawn
around the boundaries of the gathering spots using Google Earth, then converted to .shp files. For
the “field” microenvironment, 7 separate polygons were originally created to distinguish the

different fields people worked in, but due to similarities in exposures among the fields we
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decided to agglomerate them all into one general “field” microenvironment (this same procedure
was applied to churches, schools, and restaurants). These .shp files were input into R creating a
geocoded boundary matrix that when combined with the clustering analysis outputs described
above, helped to assign each unique 30-second GPS observation to one of the following
microenvironments: home, near home, field, school, church, restaurant, fishing, community

center, in transit (within village), in transit (outside of village), other, and no-GPS.

To assign observations to the ‘home’ microenvironment, the participant’s cluster whose
centroid had the minimum distance to the median GPS coordinates of one of the household
members (typically the woman) was determined between the hours of 23:00 and 4:00 (it was
assumed participants were home during this time). This was then stratified this further by
assigning all points within this “home” cluster that were > 30 m away from the household
centroid as “near home”, and the points closer than 30 m as “home”. GPS points that were part of
a cluster but had more than half of their points outside any of the geocoded microenvironmental
boundaries were assigned to the “other”” microenvironment. Clusters with over half of their
points within one of the geocoded microenvironment polygons were all assigned to that
microenvironment, and points that were not assigned to any cluster, regardless of whether they
were within one of the geocoded microenvironmental boundaries or not, were labeled either as
“in transit (within village)” or “in transit (outside of village)” depending on whether the point
was inside or outside of one of the two geocoded village boundaries. An exception was made for
children within one of the two “school” polygons, all these points regardless of belonging to a
cluster or not were assigned to the “school” microenvironment. Finally, all observations that did
not have GPS recorded, or had their GPS coordinates removed during the GPS cleaning stage

were assigned to the “no GPS” microenvironment, 8.6% of the 30-s observations.
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3.2.6 Valid Sample Criteria

Three metrics were used to determine whether a participant’s personal exposure sample
was retained for analysis. The first was that logged real-time PM; 5 data must have exceeded 36
hours. This threshold was determined by comparing the Spearman and Pearson correlations
between samples’ mean 48-hour PM: 5 concentration and their respective mean 48 - n hour
concentrations (where ‘n’ is the number of hours taken away from the end of the sample). The
goal of this analysis was to find the shortest amount of sampling time that was still representative

of full 48-hour exposures. Figure 3.2 depicts the results from this analysis.

Pearson — Spearman
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Figure 3.2: Correlation (r, p) Between 48-hour Sample Mean PM; s Concentrations and Their
Respective 48 - n Hour Sample Mean Concentrations.

With the 899 samples that had at least 48-hours of logged PM> s concentration data, we
initially found each one’s mean 48-hour concentration. Then, each of these samples’ mean 48 - n

PMb s concentration (where n represents lagged hours prior) was found, iteratively removing one
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hour at a time and calculating a new mean PM> s concentration for each sample, eventually
calculating the mean for only the first hour of each sample’s runtime. Next, the Pearson (r) and
Spearman (rho) correlations were determined between the means of the full 48-hour sample
concentrations and their respective mean 48 - n hour concentrations. These correlations were
plotted against the number of hours kept in the samples in Figure 3.2 to determine that 36 hours
was a reasonable threshold time for a valid sample. Samples with at least 36 hours of data were
representative of their full 48-hour average PM> 5 concentrations to 92% confidence. A total of
139 personal exposure samples were removed from the analysis for having less than 36 hours of

real-time PM; 5 data.

Samples were also removed from the analysis if the acceleration threshold was not
achieved for over 75% of a sample’s 15-minute windows during waking hours (the acceleration
threshold for a 15-minute window was previously described in section 2.5.4). The baseline data
illustrated a high rate of compliance with little variation among demographics and ages (Figure
3.3). Based on this criterion, 46 total samples (~4%) were removed from the analysis due to
insufficient wearing compliance. An hourly breakdown of compliance among the three
demographic groups is provided in Appendix B1. The 20% of samples that did not have any
acceleration data recorded for analysis were retained. We assumed there was no systematic
reason for a difference in UPAS wearing compliance among samples with/without working
accelerometers, therefore it was inferred that ~4% of the 296 samples without working
accelerometers likely had insufficient wearing compliance, or about 12 samples. This means
about 0.9% of samples used in our analysis may report data that does not accurately reflect the

participant’s true breathing zone exposures.
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Figure 3.3: UPAS Wearing Compliance. The distributions of the fraction of samples’ 15-minute
windows where the UPAS accelerometer measured standard deviations above background levels (6
mG@G) during waking hours (6:00 -21:00) off the charging cradle vs age and demographic. The red line
shows the 75% compliance cutoff threshold used for sample retention.

The final criteria used to remove samples from the analysis was if they had gravimetric to
real-time PM> 5 concentration ratios beyond +/- 2 geometric standard deviations from the sample
population’s geometric mean (as described in section 2.5.6). This criterion removed an additional

53 samples from the baseline analysis (Appendix B2).
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3.3 Results and Discussion

3.3.1 Sample Culling

This analysis included a total of 1,280 valid samples. In total 199 samples were removed
from an initial 1,479, providing a final sample size of 1,280 valid samples. Table 3.1 illustrates
how many samples were removed based on the different validation criteria for each
demographic. From the initial 606 households with sampled data, 579 were retained. In total 304
samples from men, 495 from women, and 481 from children used in this baseline personal
exposure analysis. 139 (9%) samples were flagged for inadequate runtime, 46 (3%) were flagged
for poor wearing compliance, and 53 (3.5%) were flagged for having filter-to-sensor PM> 5
correction ratios beyond 2 geometric standard deviations from the geometric sample mean (see
section 3.2.6 for more details). Some samples were flagged for multiple validation criteria but
were only removed once. Men, women, and children had similar percentages of valid samples,

89.4, 89.0, and 82.5%, respectively.

Table 3.1: Valid Sample Removal Criteria. Samples were removed from the analysis if flagged for not
meeting one or more of the validation criteria. Some samples were flagged for multiple validation criteria
but were only removed once.

Demographic Initial Runtime | Poor User Invalid Total Total
Samples | <36 Wearing Filter-to- Removed Used
Collected | hours Compliance Real-time
Correction
Ratio
Children 583 76 21 25 102 481
Women 556 41 14 20 61 495
Men 340 22 11 8 36 304
All 1,479 139 46 53 199 1,280
Households 606 27 579
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3.3.2  Overall Personal PM> s Exposures

Overall, children had the highest 48-hour time-averaged PM; 5 exposures with a median
concentration of 193 pg-m=. Women had the second highest exposures with a median
concentration of 174 ug'm=, and men had the lowest exposures with a median of 94 pg-m-
(Figure 3.4, Table 3.2). These exposure levels greatly exceeded the WHO annual average interim

1 target (IT-1) of 35 pg'm>.” This guideline was chosen as an optimistic milestone for this study

population since the median daily average ambient PM; 5 concentration observed during this

baseline period was 23.0 pg'm=. The mean ambient PM; s concentration for these study villages

was 27.0 pg'm, which falls below the WHO IT-1 target of 35 ug'm™; however personal

exposures greatly exceeded that target. This finding demonstrates that even regions with low

ambient PMb> s levels can still have population exposures far exceeding health-based guidelines.

A Wilcoxon signed rank test suggested the difference between children’s and women’s

exposures within the household was distinct from 0 pg-m (CI: -46.6, -19.0 pg'm). The same

test suggested children’s exposures were even more distinct from the men’s within their

household (CI: -103.8, -71.5 pg-m™). Descriptive statistics for the 48-hour personal PM; s

exposure data are provided in Table 3.2.

Table 3.2. Descriptive statistics for 48-hour average PM, s concentrations (ug'm™) as a function of

familial demographics. IQR = Inter-quartile range.

48-hour Sample Average PM;s Concentration (ng-m)
Sample Standard | Geometric | Geometric . .
Size I()n) Mean Deviation | Mean SD* Median | Min | Max | IQR
Children | 481 248 177 199 1.96 193 31 1,235 | 214
Women | 495 227 233 174 2.01 174 28 3,551 | 173
Men 304 127 101 98 2.06 94 16 | 739 104
All 1,280 212 194 160 2.11 158 16 | 3,551 | 170

(a) Geometric standard deviation is dimensionless.
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Linear mixed modeling (n = 1280 participants in 579 unique households) accounting for
household as a random effect suggests children were exposed to 14% (CI: 6, 22%) higher PM2 5
concentrations than women in their household and 100% (CI: 85, 117%) higher concentrations
than the men (See Appendix B3 for details). All participant exposures were higher than the
median ambient air concentration, 23.0 ug-m™, indicating personal exposures were dominated by
proximity to localized PM sources. The demographic exposure differences, along with ambient

PMb s concentrations, are illustrated in Figure 3.4.

700
500

300
200

WHO IT-1 Target

PM, 5 (ug/m°)
3

Ambient Children Women Men
Days = 184 N =481 N =495 N =304

Figure 3.4: Boxplots represent the average (~48-hr for personal samples, and 24-hr for ambient)
PM, s concentration distribution among ambient air, and personal exposure samples of men, women,
and children. The Y-axis is logscale. The ambient box depicts the distribution of all the daily average
PM, 5 concentrations recorded across all sampling locations within the same 15-month window when
personal exposure sampling occurred. Center lines delineate the median; boxes represent the
interquartile range, and whiskers represent the extent of observations within +/- 1.5-IQR. The red line
is the WHO interim 1 target of 35 of pg'm=. The black diamonds represent the means.

The finding that children had significantly higher PM2 s exposure levels than their

mothers was unexpected, given prior reports of household air pollution exposures in
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Africa.!?313% Children are a particularly vulnerable demographic to the effects of air pollution
due to their developing respiratory and immune systems; yet, their primary guardians (often
assumed to be their mother) are frequently used as a proxy for their exposure due to assumed
similarities in daily activity patterns.”** Based on participant survey responses, women did the
majority of the household cooking tasks; 65% of women report being the “Primary Cook” and
39% report being “Both the primary cook and head of my household”. Cooking was the only
major source of PM» s within the community (vehicular traffic and trash burning were
infrequent), so it was notable that children had the highest levels of PM» s exposure among the
demographics. A prior study of personal PM; s exposures in rural Africa reported that Ugandan
women had 51% and 574% (60 and 151 pg-m™) higher 24-hour average exposures than their
female and male children respectively (aged 6 - 17 years old); Ethiopian women were shown to
have 53% and 578% (71 and 175 pug'm™) higher average exposures than female and male

children respectively.’!

The children’s PM2 s exposures reported here were also higher than children from LMIC
and LICs as reviewed by Lim et al. (2022). Children from our study had a median PM2 s
exposure of 193 pg'm compared to the 65 ug-m= reported for the groups of children from other
LMICs and LICs (n = 15 studies).!? Further, Lim et al. reported that all of the adult groups
(n=26) from LMICs and LICs had median PM> s exposures of 79.5 pg-m™. These adults groups
were not linked to the children groups (different samples from different studies), but across all
the studies reviewed, the children had lower median PM» s exposures.'? There are several
potential reasons for the relatively higher exposures found in the SHEAR study, including the
differences between rural/urban environments and artifacts of the PM measurement techniques.

Our results have implications for mortality and morbidity estimates from household air pollution
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for low- and middle-income countries around the world.!”#7#76 The elevated exposure ratio
experienced by children relative to women contradicts common assumptions made by the global
burden of disease study and highlights the need for additional research examining demographic

variation in personal PM, s exposure.*?

For the SHEAR baseline data, personal PM> s exposures between male and female
children were not significantly different. Linear mixed modeling suggested that boys had only
3% higher PM2 5 exposures (CI: -10 — 16%) than girls (see Appendix B4 for details) and that sex
was only a significant predictor of exposure differences for adults (See Figure 3.4 and Table 3.2).
Linear mixed modeling also suggested that along with gender, neither age nor height was a

significant predictor in PM2 s exposures among children (see Appendix B5 for details).

To examine why this analysis found that children had the highest exposures, the personal
PM; 5 exposure concentrations were stratified by hour of the day (Figure 3.5). Diurnal exposure
patterns revealed that participants tended to receive their highest exposures between the hours of
18:00 and 20:00. During the daily peak at 19:00, children’s exposures diverged substantially
from men’s and women’s, with the children exposed to 47% (CI: 33 — 61%) higher
concentrations than women and 100% (CI: 79 — 122%) higher than men when accounting for
household as a random effect (See Appendix B6 for model details). This diurnal peak (which
coincides with observed dinner times) suggests that the majority of personal PM» 5 exposures for
this population occur during evening meal preparation. These data suggest that children likely
participate in cooking or fire maintenance tasks and may also be near the fire as a source of
lighting to complete homework during this time window.?®> These notions were supported by

observational reports from project field staff.
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Figure 3.5: Boxplots display the diurnal variation in PM» 5 concentrations for personal exposures
among men, women, and children. The black dotted line shows the median ambient air PM, s
concentration. Hours 0 — 5 have been removed from plot due to similarity to other early morning
hours. Diamonds represent arithmetic means of PM, s exposure for each demographic-hour.

3.3.3  Spatiotemporal Analysis

Spatiotemporal exposure apportionment assigned 91.4% of all recorded observations to a
classified microenvironment, with the remaining 8.6% labeled as ‘no GPS’ observations. Men,
women, and children had an equal distribution of time apportioned to microenvironments, 90.0,
92.0, and 91.7%, respectively. Hourly microenvironmental apportionment results are depicted in
Figure 3.6, stratified by demographic group. This figure indicates the average percentage of time

that participants spent in each microenvironment, for each hour of the day.
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Figure 3.6: (A) Spatiotemporal distribution plot showing average percent of time spent in various
microenvironments at each hour of the day among the different demographic groups. (B) The
microenvironmental make up of full 48-hour sample averages among demographics. These data are
only representative of weekday activity patterns, as samples were not collected on the weekend.

During the peak PM> s exposure hour (19:00), children were at home 67% of the time,
women 63%, and men 50%. Men spent a lot of time in “other” environments throughout the day
with some staying in these locations until 20:00, after which most returned home. Children did
not spend as much time working in the fields compared to men and women. Instead, children
were more likely to be in school during the middle of the day, typically returning home around
17:00. Adults, men in particular, traveled outside the village during morning hours, with the
average microenvironmental apportionment for ‘In Transit (Outside Village)’ peaking around
8:00. Similarly, the average ‘Field’ microenvironment apportionment peaked in the morning for

both men and women, around 8:00. These activity patterns suggest adults often left the home in
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the morning to run errands and/or do agricultural work before returning home, or for some men,

to ‘other’ environments around mid-day.

Shown in Figure 3.7 are average diurnal distributions of PM2 s exposure by
microenvironment, depicting the timing, location, and magnitude of PM; s exposures for the three
demographic groups. In this figure, overall bar heights represent hourly average exposure across

participant groups, with the proportion of exposure by microenvironment indicated by color.

Field l In Transit (Within Village) I Home M School
A) In Transit (Outside Village) M Near Home Other M No GPS B)é—\ 230
£
800 o
o 2
c 600 - =
= Children c 200
S 400 )
3 ®
5" iallsiililn.. :
g 0 2 4 6 8 10 12 14 16 18 20 22 S 150
s O
8 800 o
S 600 N
8 Women b=
400 o
i, :
(@]
2 0o 2 4 s =
3 800 O 50
I (0]
© 600 o
o [Men| o
& 400 2
[)
< M “ o
0 2 4 6 8 10 12 14 16 18 20 22 C W M

Time of Day (hours)

Figure 3.7: (A) Spatiotemporal distribution plot showing, on average, when and where different
demographics received proportions of their daily PM» 5 exposures. (B) The full 48-hour sample
average PM, s exposure variation between demographics among microenvironments. These data are
only representative of weekday activity patterns, as participants were not sampled during the weekend.

Participants received the majority of their daily PM; s exposure at home, suggesting that
localized cookstove emissions within the home were the largest contributing source for this
population’s PM; 5 exposures (see Appendix B7 for a zoomed in version highlighting non-home
environments). Adult women spent an average of 58% of their time at home, compared with men
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at 50%, and children at 53%. Women were also the only demographic likely to receive a large
portion of their PM; 5 exposure around 11:00, suggesting some women performed a mid-day
cooking event independent of men and children, who were most likely at school or in “other”
environments at this time. However, when children were home in the evenings, they experienced
the highest overall increase in PM2 s exposure among all the demographics, with exposures 47%
(CI: 33 — 61%) higher than the woman and 100% (CI: 79 — 122%) higher than the man in their
home at 19:00. Anecdotal evidence from our field staff suggests that children are often tasked
with starting and maintaining cooking fires when they are home and available, while the women
do most of the food preparation and cooking. Children are also known to use fire for lighting in
the evenings while completing their homework.?* These behaviors are a possible explanation for
why children often have the highest in-home exposures, since the ignition and refueling steps are

usually the highest polluting stages of working with fire.””-’8

To corroborate observations from our field staff suggesting that children perform most
fire maintenance tasks, the variation in women’s PM2 s exposures at different times of the day,
depending on whether their child was present, were examined in Figure 2.3. Although only one
child was monitored per household (and other children who did not participate in the study were
unaccounted for in our exposure assessment), the results in Figure 3.8 suggest that women’s
exposures to PMz s may have been reduced when the monitored child was present at home during

the 19:00 hour.
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Figure 3.8: Boxplots and median connection lines showing how women’s in-home personal
exposures change throughout the day depending on whether a child was with them or not. Diamonds
represent the means.

For most of the day, women’s in-home exposures were unaffected by whether or not they
had the child being sampled home with them. However, at 19:00, women who were home with
the monitored child had exposures 4% (CI: 2 — 7%) lower than women who were ‘alone’ (see
Appendix B8 for details). This provides additional evidence to suggest that many children do
help with fire maintenance tasks, because having a child home with the woman in the evening,
on average significantly lowered her PM: 5 exposures. While this reported 4% difference is
small, the mean number of children households in the study had between the ages of 5 and 17
was 2.3, of which only one was monitored. Therefore, it is likely that the woman’s decrease in
exposure would be even more significant if all the children were accounted for rather than just

the one monitored child.
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Within the home environment, men were exposed to 48.9% less PM> 5 than women and
54.7% less than children (see Table 3.3), on average. This suggests a behavioral difference
between men, women, and children within the home environment. Observational evidence from
the field team alludes to men performing almost no meal preparation work compared to women
and children, with quantitative evidence from the spatiotemporal analysis supporting this notion
(Appendix B9). This analysis suggests clean cooking access may greatly reduce the PM exposure

burden for women and children within this and similar rural communities throughout the world.

Table 3.3. Descriptive statistics for microenvironmental PM; s exposure (ug-m)

Demographic Time Mean | Median Max Min | IQR
(days)
Home Children 505 309 254 1,678 12 246
Women 572 274 207 4,440 17 208
Men 299 140 108 515 13 126
Near Home Children 70 299 182 6,351 14 246
Women 59 264 162 2,465 13 244
Men 32 145 76 3,455 6 112
Fields Children 37 134 65 733 2 143
Women 86 123 55 1,452 1 98
Men 52 97 31 3,031 2 61
Other Children 81 222 120 3,076 3 201
Women 86 149 91 1,789 2 141
Men 86 138 93 2,402 3 123
School Children 83 90 71 459 5 80
Women 6 96 44 915 9 38
Men 2 83 66 217 13 81
In Transit Children 57 165 117 1,366 11 138
(Within Women 59 158 106 1,577 9 129
Village) Men 41 116 81 846 12 97
In Transit Children 29 106 63 2,269 1 76
(Outside Women 31 95 44 3,353 2 74
Village) Men 29 59 38 851 3 56
No GPS Children 77 187 75 10,902 5 110
Women 79 224 75 23,454 0 144
Men 57 86 54 685 2 84
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3.3.4 Seasonal Effects

Seasonal cycles also played a role in determining individual’s PM s exposures, with the
dry seasons (June to August and December to April) on average leading to 30% (CI: 19 — 43%)
higher personal exposure concentrations than the wet seasons (see Appendix B10 for details).
Weather data collected by a nearby Rwandan meteorological weather station (NDEGO AWS6
Station, about 2 km from the SHEAR study site) suggested the study region received 7.9 times
more rainfall during the wet season vs. the dry. This increased precipitation likely scrubbed
much of the ambient PM2> s from the atmosphere, increased the humidity in the region, and in turn
decreased the background PM; 5 pollution levels. Therefore, the observed seasonal difference in
personal exposure is likely due to several factors, such as dust suppression (from elevated
humidity) and washout of PM3 s from rainfall during the wet season. Similar seasonal variations

in ambient PM; 5 levels have been reported previously for sub-Saharan Africa.” 8!

Appendix B11 shows our reported differences in sample average PM; s exposures among
the demographics and between the seasons. It should also be noted that children had significantly
lower exposures during schooling months than during their school-break months (July and
August), with exposures 52% (CI: 44 — 60%) lower during their schooling months (see Appendix
B12 for details). We want to clarify that seasonal effects did not impact the household-level
analyses, since each family member from a household was sampled once during the same 48-hr

period.
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CHAPTER 4: THE EFFECT OF A WHOLE-HOUSEHOLD ENERGY INTERVENTION ON
PERSONAL PM>5s EXPOSURE AMONG MEN, WOMEN AND CHILDREN IN RURAL

RWANDA

4.1 Introduction

PM; 5 exposure (particulate matter with an aerodynamic diameter less than 2.5 pm) is a
leading cause of death and disease globally, with an estimated 7.8 million premature deaths and
231 million disability-adjusted life years (DALYs) lost globally in 2021.!* Health outcomes
attributed to PM> s exposure include incidence and exacerbation of chronic obstructive
pulmonary disease, asthma, ischemic heart disease, acute lower respiratory tract infections,
stroke, and lung cancer, among others.*’ Black carbon (BC) a fractional component of PM s
often associated with PM produced from combustion, has also been implicated in the
contribution to many adverse health effects including stroke, cardiopulmonary morbidity, and

premature mortality.® 1!

In many part of the world, the majority of people’s PM» s exposures come from solid fuel
(biomass) burning for daily cooking and heating needs.'*!>7* Additionally, many of these same
communities rely on kerosene burning lamps for lighting. This style of lighting has been shown
to produce high concentrations of PM> 5 on its own, however when combined with the emissions
from biomass burning cookstoves, the health effects associated with household air pollution are
exacerbated.’” ® Liquefied petroleum gas (LPG) stoves have been identified as a clean
alternative to traditional biomass burning cookstoves, producing much lower PM s and BC
emissions than their traditional, and improved-biomass-burning, counterparts in both in

laboratory and field environments.?!¥*-% Previous studies have shown LPG interventions can
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result in significant reductions in personal PM» s and BC exposures, however these studies were
limited in only focusing on female adults in their populations, and only addressed emissions
associated with traditional cooking (not whole-household energy).>’2%3¢ The reason for this
focus is because women are the primary cooks for the vast majority of homes in these regions
and are therefore assumed to be at greatest risk for health complications attributed to household

air pollution exposure.

However, results from the baseline phase of the SHEAR study (Chapter 3) indicate that
the children in this population had 14% (CI: 6, 22%) higher PM> 5 exposures than their mothers
and 100% (CI: 85, 117%) higher than their fathers. This is concerning because children are a
particularly vulnerable demographic to the adverse health effects of air pollution due to their
heightened breathing rate, developing respiratory system, and immature immune system.>’*!
Children’s personal exposures are often assumed to be identical to their primary guardian
(usually their mother) due to perceived similarity in daily activities and exposure patterns.*?
However, spatiotemporal analysis of the baseline data, along with anecdotal evidence from the
field staff suggest that children within this community likely participate in cooking or fire

maintenance tasks and may also be near the cookstove fire in the evening as a source of lighting

to complete homework.

Kerosene lamps are often overlooked due to their relatively smaller emissions factors
compared to biomass burning cookstoves, but self-reported use of kerosene lamps in the SHEAR
pilot study was associated with an 80% increase in personal PM> s exposures (p<0.001).
Integrated exposure curves have been developed for describing the non-linear relationships
between personal PM> s exposures and various associated health risks (COPD, ischemic heart

disease, etc.). These curves indicate that the reductions in personal PM s exposures associated
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with LPG interventions may be enough to mitigate some health risks; however, it is unclear
whether they are enough to mitigate the risk for more sensitive conditions, like stroke incidence.
Therefore addressing PM emissions from all forms of household energy has been proposed as a

way to lower personal exposures to a level that mitigates all associated health risks.??

There have been several notable interventions studies reporting personal PMa s exposure
reductions due to an LPG intervention, such as HAPIN (an LPG intervention study taking place
across 4 countries with one arm in rural Rwanda) which reported PM2 s exposure reductions
among 3,195 pregnant women and 418 woman aged 40 — 79, and GRAPHS (a clean cooking
intervention study taking place in rural Ghana with an LPG arm) which reported exposure
reductions for 361 pregnant women.?”¥+86 However, to the best of our knowledge there have
been no studies to date investigating personal PM; 5 exposure reductions resulting from a whole-
household energy intervention among men, women, and children within a biomass burning
community. The novel aspect of the SHEAR study is its approach to personal PM exposure
reductions from a whole-household energy perspective, and its monitoring of men and children

along with women within the households.

In this chapter an intent-to-treat (ITT) analysis is used to evaluate the impact of a fully
subsidized whole-household energy intervention on the personal PM» s and BC exposures among
men, women, and children within a rural sub-Saharan African community that relied on
traditional forms of household energy (biomass fuel for cooking and kerosene fuel for lighting)
prior to the study intervention. Using linear mixed effect models, the variation in exposure
reductions between men, women and children are examined at both the household and

community levels.
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4.2 Methods

4.2.1 Study Overview

The SHEAR project (Sustainable Household Energy Adoption in Rwanda) is a 3-year
randomized control clean household energy intervention trial (2022-2025; US ID:
NCT05668624) located in the communities of Karambi and Isangano within the Eastern
Province of Rwanda (see Figure 2.1 for a map of the study region). The villages were chosen
because they will not be receiving distributed electricity during the study period (there is a plan
to connect them to the national grid eventually) and traditional energy sources for cooking and
lighting were used nearly universally amongst the households in the region, prior to the energy
intervention. These villages typify rural sub-Saharan African subsistence farming communities
with limited resources and virtually no access to modern forms of household energy (e.g.,
distributed forms of electricity or natural gas). The SHEAR study recruited one man, one
woman, and one child from 624 households within the villages tracking their PM> s exposures
and health measures over the course of a whole-household energy intervention that replaced
solid fuel combustion with liquefied petroleum gas (LPG) and kerosene lamps with solar-based

electric lighting.

Households are visited up to seven times over the course of the study for: responding to
surveys, collecting data on their health metrics, and participating in personal PM2 5 exposure
sampling sessions. After the first visit (when baseline health metrics and PM2 5 exposure
estimates were collected), households were randomized into the 3 arms of the study. The full
subsidy arm consisting of 248 homes who received LPG and solar electricity free of charge, the
random subsidy arm consisting of 141 homes that had to pay for LPG and solar electricity at

various discounted rates, and the control arm consisting of 235 homes who did not receive any
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clean energy for the duration of the study. For randomization, participants drew pieces of paper
out of an envelope indicating which study arm they would be a part of for the duration of the 3-
year study. Blinding was not possible for the households, field staff, or the researchers due to the
nature of the study (i.e. participants would know if they were in the full subsidy arm because
they would receive LPG/solar electricity for free). No household received any clean energy
technology at the first visit, used to establish participants’ baseline health measures and PM

exposure levels under normal conditions.

Results reported here are presented as an ITT analysis representing the personal PMb s
and BC exposure changes from the baseline and follow-up (intervention) visits for the full
subsidy (treatment) and control arms of the SHEAR study. Since the study is still ongoing as of
the writing of this report, only data collected up to visit 5 will be reported. The baseline phase of
the study lasted ~16 months from November 2022 through March 2024 while the intervention
phase (up to visit 5) lasted ~17 months, from December 2023 through May 2025. Initially, a total
of 651 households were consented into SHEAR with the following inclusion criteria: (1) located
in the study area of Isangano and Karambi; (2) had an adult male and female, or a single adult,
head of household over 18 years, and at least one child 8 to 17 years of age; (3) non-smoking; (4)
primarily used an open fire or wood/charcoal stove; (5) did not do any commercial cooking; (6)
were not currently pregnant (women); and (7) did not plan to move within the next 3 years.
Participants provided informed consent approved by the Rwanda National Ethics Committee (#
00001497) and by the Institutional Review Board at Colorado State University (IRB # 3946).
Additional details on the SHEAR study setting, experimental design, enrollment criteria

eligibility criteria, and household characteristics are discussed in sections 2./ through 2.4.
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4.2.2  Study Visits

Home visits for PM2 s monitor deployments, health measures, in-field filter handling, and
participant surveys were conducted by trained local staff. Participants were visited on a weekday
up to seven times over the study period. Weekends and holidays were excluded due to field staff
availability and to avoid potential unusual cooking practices. Personal PM> 5 exposure
monitoring was conducted for everyone on visits 1 (baseline) and 7. For visits 3, 4, and 5
participants conducted personal exposure monitoring on two out of the three visits. No personal

PM exposure monitoring took place on visits 2 or 6.

4.2.3 LPG Distribution and Solar Electricity

Participants in the full subsidy (treatment) arm received LPG equipment following their
randomization assignment after the first visit. The SHEAR field team installed the LPG stoves,
fuel tanks, and wooden tables (to support the stove) at each home. The primary cook of the
household received training on how to operate the LPG stove safely. Posters were also given to
participants with visual and written instructions to provide additional safety, and cooking
techniques. Through the course of the study, the SHEAR field team provided LPG tank refills for
households whenever they scheduled service by contacting a SHEAR team member at the local
study office, or over the phone. To reduce the risk of households completely running out of fuel,
two 12 kg LPG cylinders were provided to each household during LPG installation and
participants were instructed to request a refill whenever the first tank had been emptied. During

the refill visits, tank weights were recorded to document LPG usage.

Participants in the treatment group, who were not already receiving Solar Home Systems

from the Rwandan government, were connected to micro solar grids. Mesh Power established
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and maintained the microgrids used in the SHEAR study. Solar panels were installed at a host
household, and power was distributed over cables to neighboring households. Households
connected to the grid received energy for lighting and phone charging. These treatment group
households received unlimited lighting and charging for the duration of the study while control

group homes did not receive any additional solar electricity.
4.2.4 Personal PM s Exposure Monitoring

Personal PM; 5 exposure sampling consisted of wearing a UPAS V2 Plus (Ultrasonic
Personal Aerosol Sampler; Access Sensor Technologies, Fort Collins CO) in the breathing zone
for a continuous 48-hour period, during which participants went about their daily routines.*® The
UPAS is a wearable air quality monitor that uses a silent piezoelectric pump to draw air at 1
L-min! through a 2.5 um size-selective cyclone inlet and onto a 37 mm PTFE sampling filter
(PT37 MTL LLC, Minneapolis, MN).>” A parallel air stream passes through a light-scattering
sensor (SPS30, Sensirion AG Stifa, Switzerland) to estimate PM> 5 concentration at 30-second
intervals.’® The UPAS V2 Plus also records GPS, accelerometry, air temperature, relative
humidity, and atmospheric pressure data at the same 30-second intervals. Air sampling filters
were pre- and post-weighed in triplicate inside a climate controlled environment (temperature:
20-23 °C; relative humidity: 30-40%) via an automated robotic process at Colorado State
University, and shipped to and from the field via air freight on a bi-monthly basis.®! Filters were
stored in an on-site freezer (-20 °C) after sample collection between the bi-monthly air freight
shipments. Post-sampling filters were stored in a -80 °C freezer once received by CSU before
equilibration in the climate-controlled weighing chamber prior to gravimetric analysis. Filter
field blanks were collected at the beginning of each sampling day and used to account for

potential measurement artifacts encountered during shipping and handling.
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Participants were asked to wear the UPAS on their chest during waking hours, via a
custom harness (Figure 2.3) produced by a local tailor. To obtain a continuous 48-hour sample, a
small battery-powered charging station was provided to each participant to recharge their UPAS
overnight (Figure 2.4). Participants were instructed to keep the UPAS and charging station as
close to their breathing zone as feasible while they slept (see sections 2.5.2 and 2.5.3 for
additional details). Participants could also remove the UPAS and keep it nearby when bathing or
using the restroom. Device wearing compliance was assessed by UPAS accelerometry data,
evaluated between the hours of 6:00 and 21:00 (see section 2.5.4 for more details). The data
presented in this chapter are from households assigned to either the control or full subsidy
(treatment) arms during the baseline (visit 1) and intervention (visits 3, 4, and 5) phases of the
SHEAR study. Baseline measures each represent a single 48-hr measurement (n=1,006 samples
with no repeated measures). Intervention measures can have repeated samples from a participant,
since each individual was scheduled for 2 separate PM exposure samples between visit 3 and
visit 5 (n = 1,198 total intervention PM samples collected with an average of 1.38 repeated
measures per participant). All PM; 5 estimates used in this analysis were corrected using the

gravimetric correction ratios described in section 2.5.6.
4.2.5 Black Carbon Measurements

Black Carbon filter loadings were estimated by measuring the attenuation of 880 nm light
passing through the filter using an optical transmissometer.®! Attenuation measurements were
performed for every filter—both field blanks and sample filters—before and after sampling.
These measurements were conducted as part of the same robotic process used for gravimetric
weighing. The attenuation system consisted of a tungsten halogen light source (HL-2000-LL,

OceanOptics, Cincinnati, OH, USA) and a wide-band spectrometer (FLAME-S-VIS-NIR,
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OceanOptics, Cincinnati, OH, USA), connected via fiber-optic cables. Light from the source was

directed through the filter, and the transmitted spectrum was recorded by the spectrometer across

the visible to near-infrared range. 48-hour sample average BC concentration were calculated in a

four-step process:

1.

Blank Correction. Net attenuation at 880 nm was calculated for each filter as the
difference between pre- and post- sampling values. To account for handling and
background artifacts, the monthly average net attenuation from field blank filters (SD:
1.62) was subtracted from each sample. If a monthly average blank attenuation value was
not available, the study average was used (8 out of 27 months, Appendix C1).

LOD Adjustment. A limit of detection (LOD) value was calculated monthly using the

field blank filter attenuations, via an analogous process as that described for the

gravimetric mass in section 2.5.6. Attenuations below the LOD were replaced by LOTZD as

prescribed by Hewett and Ganser 2007.%% A timeseries plot of calculated attenuation LOD
values by month is provided in Appendix C2.

Conversion to BC Mass. Background-corrected, LOD-adjusted attenuation values were
converted to surface mass concentrations (pg-cm?) using a mass absorption cross-section
(MAC) of 9 m?-g’! and then to total BC per filter (ug) using the effective sampling area of
the filter (7.55 cm?), following Presler-Jur et al. 2017.%7-88

Conversion to Air Concentration. Surface loadings were then converted to 48-hour
sample average BC concentrations in air (ug'm™) using the volume of air passed through

the filter during the sampling process.
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4.2.6 Valid Sample Criteria

Three metrics were used to determine whether a participant’s personal exposure sample
was retained for analysis. The first was that logged real-time PM> 5 data must have exceeded 30
hours. This threshold was determined using the Spearman and Pearson correlations between
baseline samples’ mean 48-hour PM2 s concentration and their respective mean 48 - n hour
concentrations (where ‘n’ is the number of hours taken away from the end of the sample) and
adjusting for intervention visit’s sample retention. Details of this analysis are available in section
3.2.6. Samples were also removed from the analysis if the acceleration threshold was not
achieved for over 70% of a sample’s 15-minute windows during waking hours (previously
described in section 2.5.4). Baseline samples illustrated a higher rate of UPAS wearing
compliance than the intervention samples (Figure 4.1). The 26% of samples that did not have any
acceleration data recorded for analysis were retained based on the reasoning outlined in section
3.2.6. The final criteria used to remove samples from our analysis was if they had gravimetric to
real-time PM2 s concentration ratios beyond +/- 2 geometric standard deviations from the sample
population’s geometric mean (as described in section 2.5.6). Appendix C3 provides a temporal
distribution of the gravimetric to real-time PMa.s concentration ratios for all personal PMz s

exposure samples collected over the course of the study, with the associated cutoff thresholds.

Details on the statistical models used to determine effect magnitude and significance can

be found in section 2.6.
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Figure 4.1: UPAS Wearing Compliance. The distributions of the fraction of samples’ 15-minute
windows where the UPAS accelerometer measured standard deviations above background levels (6
m@G) during waking hours (6:00 -21:00) off the charging cradle vs age and demographic and sample
set. The red line shows the 70% compliance cutoff threshold used for sample retention.
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4.3 Results and Discussion

4.3.1 Sample Retention

Figure 4.2 depicts the participant follow-up flow diagram, illustrating the number of
participants still enrolled in the study at visit checkpoints, and how many personal PM; 5
exposure samples were collected during these visits. We should note many participants were not
available during some visits, but also did not officially withdraw from the study, meaning they
were “followed” for those visits but did not have PM data collected. Some participants also had

to skip visits 5 and 6, jumping straight into visit 7 due to funding limits encountered by the study.
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Figure 4.2: Participant follow-up flow diagram. Visit 7 samples have been excluded from our analysis

due to ongoing data collection, visit 6 did not have personal exposure samples collected and visit 5

does not have all the withdraw data gathered yet.

57




A total of 2,707 PM personal exposure samples were collected from visits 1 to 5. In total
503 samples were removed due to invalid sampling criteria (described in section 4.2.6) providing
a final sample size of 2,204 valid samples. Table 4.1 illustrates how many samples were removed
based on the different validation criteria for each demographic and each sample set. From the
initial 651 households consented in SHEAR, 468 were retained for the ITT analysis (all random
subsidy arm homes were removed). In total 520 samples from men, 857 from women, and 827
from children. 309 (11%) samples were flagged for removal due to inadequate runtime, 202
(7.5%) were flagged for poor wearing compliance, and 57 (2.1 %) were flagged for having filter-
to-sensor PMz s correction ratios beyond 2 geometric standard deviations from the geometric
sample. Samples were removed from the analysis if flagged for not meeting one or more of the
validation criteria. Men, women, and children had similar percentages of valid samples, 83.9,
84.1, and 77.4%, respectively. The BC data presented is a subset of the samples with valid PM
data (those that had BC attenuation measurements and a calculated BC concentration lower than
its sample’s PM2 s concentration, n = 1,661). A sensitivity analysis was conducted to see how

results varied based on sample inclusion criteria (section 4.3.4).
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Table 4.1: Valid Sample Removal Criteria. Samples were removed from the analysis if flagged for not
meeting one or more of the validation criteria. Some samples were flagged for multiple validation criteria
but were only removed once. A household was counted if at least one member had a valid PM» 5 exposure
sample.

.. . Invalid Filter-
Initial Runtime | Poor I{ser to-Real-time Total Total Total
Samples <30 Wearing . o
Collected hours Compliance Correc.tlon Removed | Used | % Used
Ratio
Baseline Samples
Children 433 47 9 3 54 379 87.5%
Women 416 20 7 6 27 389 93.5%
Men 257 10 5 4 19 238 92.6%
All 1,106 77 21 13 100 1,006 | 91.0%
Households | 454 9 445 98.0%
Control Samples
Children 298 54 30 13 84 214 71.8%
Women 283 29 38 7 64 219 77.4%
Men 157 18 14 4 27 130 82.8%
All 738 101 82 24 175 563 76.3%
Households | 198 9 189 95.5%
Treatment Samples
Children 337 68 39 8 103 234 69.4%
Women 320 35 37 6 71 249 77.8%
Men 206 28 23 6 54 152 73.8%
All 863 131 99 20 228 635 73.6%
Households | 225 10 215 95.6%

4.3.2 PM:s: Intervention Effect

Overall, women had the largest differences in personal exposures to PM» 5 between
control and treatment groups, with median 48-hour time-averaged PM» 5 exposure differences of
94.5 ug'm>. Children had the second largest reductions with reported median exposure
differences of 64.1 pug-m=. Men had the smallest reductions in personal exposures, with
differences between treatment and control groups of 17.5 ug-m™ for PMzs. Table 4.2 provides
descriptive statistics for the 48-hour average personal PM» s exposures among the demographics

and study groups. Across all demographics there was no significant difference in the baseline
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PMb 5 exposures between the control and treatment groups (Welch two sample t-test: p = 0.9,

Appendix C4).

Table 4.2: Descriptive statistics for 48-hour average PM, s concentrations (pg'm™) as a function of
familial demographic and between study groups. IQR = Inter-quartile range. The baseline portion of the
table shows the control and treatment groups’ data combined (no significant difference).

48-hour Sample Average PM,.s Concentration (pg-m)
Sample Standard | Geometric | Geometric . .
Size I()n) Mean Deviation Mean SD* Median | Min | Max | IQR
Baseline Samples
Children | 379 245 179 194 1.99 190 17 1,235 | 197
Women | 389 217 176 170 2.00 167 19 1,386 | 164
Men 238 121 93 94 2.04 92 19 525 98
Control Samples
Children | 214 295 258 226 2.08 231 31 2,039 | 248
Women | 219 310 249 227 2.36 245 1 1,441 | 264
Men 130 162 134 124 2.14 124 4 966 119
Treatment Samples
Children | 234 223 248 163 2.2 164 24 3,188 | 189
Women | 249 208 169 159 2.11 165 19 1,365 | 173
Men 152 161 181 113 2.41 112 1 1575 110

(a) Geometric standard deviation is dimensionless.

While the treatment group had the lowest 48-hour sample average personal PM2 s
exposures, concentrations still greatly exceeded the WHO annual average interim 1 target (IT-1)
of 35 pg'm™ for all demographics.” The treatment and baseline groups had ~50% of their total
samples conducted in the wet season, while about ~63% of the control group’s samples were
taken during the wet season. Seasonal cycles played a role in determining individuals’ PM2 s
exposures, with the dry seasons (June to August and December to April) on average leading to
32% (CI: 23 — 41%) higher personal exposure concentrations than the wet seasons. When
isolating samples from the treatment group, this effect became even more pronounced, with the
dry season leading to an estimated 51% (CI: 33 — 71%) increase in personal PM» s exposures.
There was a lot of dust in the community (Figure 2.2) likely contributing to the elevated

exposures seen in the dry season.
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However, even the group with lowest recorded exposures, men in the treatment arm
during the wet season (n = 75) still had their 48-hour average PM 5 exposures well above the
WHO IT-1 target, with a median concentration of 83 ug'-m>. A comparison of the 48-hour
sample average PM> 5 exposures among demographics and study groups for samples taken
during the intervention phase of the study is provided in Figure 4.3. A temporal distribution of
PMb 5 concentrations between intervention groups among the demographics is provided in

Appendix CS5.

E2 Children B2 Women E3 Men

30 WHO IT-1 Target

Control Treatment Control Treatment Control Treatment
N =214 N =234 N =219 N = 249 N =130 N =152

Figure 4.3: Boxplots represent the average (~48-hr for personal samples) PM» s concentration
distribution among ambient air, and personal exposure samples of men, women, and children from the
control and treatment groups during the intervention phase of the study. The Y-axis is logscale. Center
lines delineate the median; boxes represent the interquartile range, and whiskers represent the extent
of observations within +/- 1.5-IQR. The red line is the WHO interim 1 target of 35 of ug'm=. The
black diamonds represent the means.

Exposures among all demographic groups during the intervention were higher than the

median ambient air concentration, 25.6 pg'm™, indicating personal exposures were dominated by
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proximity to localized PM sources, even in the treatment group. This suggests stove stacking
(using a separate biomass burning stove) or neighbor visitations for meals could have played a
large role in the personal exposure measurements for participants in the treatment group.?*#
Another study conducted just a few years before SHEAR examined personal PM» 5 exposures
among pregnant women within a similar, yet slightly more urbanized, village in Eastern Rwanda
(the HAPIN study) over the course of an LPG intervention. HAPIN reported the Rwandan
women in their treatment group to have median 24-hour average personal PM» 5 exposures of
33.6 pg'm (IQR: 23.8 — 50 pg'm™) and for the women in their control group, 79.6 ng-m (IQR:
48.5 — 129.6 pg'm™).% These exposures were substantially lower than our reported median 48-
hour exposure concentrations of 165 ug-m= (IQR: 96 — 269 pg'm™) and 245 pg-m> (IQR: 129 —
393 ug:m™) for the women in our treatment and control groups respectively. Pope et al.
conducted a review of other LPG intervention studies and reported a pooled mean exposure

concentration of 58 pg-m™ for participants in treatment groups among the 6 studies included in

their analysis.?*

While these studies reported values much lower than what was found for the women in
the SHEAR treatment group, the PURE study (which observed non-intervention personal PM; 5
exposures from men and women in 120 rural communities, spanning 8 countries) reported the
personal PMz s exposure geometric mean for African women using LPG and biomass fuels to be
146 and 153 pg-m> respectively.*’ These values are much closer to our monitored geometric
means among the women in our control and treatment groups of 159 and 227 ug-m respectively.
However, it is important to note the PURE study was an observational study, so all participants
from the LPG group were paying for their own fuel and likely used biomass (stove stacking)

intermittently when needed. The wide range in reported exposures for both LPG and biomass
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users in sub-Saharan Africa illustrates how important it is to account for variations in individual
exposure patterns between demographics at the community scale. A spaciotemporal analysis (as
reported for the baseline data in section 3.3.3) could illuminate differences in exposure patterns
among participants in these studies providing a clearer picture for the most important variables
impacting exposures. For example, a spaciotemporal analysis on our treatment group would
show if participants still received the majority of their exposures in the home environment,
which would suggest stove stacking, or if exposures were dominated by “other” environments

during the intervention phase.

Linear mixed modeling (as described in section 2.6) using the average personal PM> s
exposure among intervention visits per participant (since many participants had more than 1
intervention visit with PM exposure monitoring) accounting for interaction between
demographic and intervention group variables and using household as a random intercept (n =
868 participants in 404 unique households) suggests the intervention had a significant reduction
in overall PM2 s exposures for women and children. Model results estimated reductions for
personal PM2 s exposures in women and children of 28.2% (CI: 15.8, 38.8%) and 22.4% (CI: 8.6,
34.2%) respectively. HAPIN reported an estimated reduction of 61% (59, 63%) between control
and treatment groups among all the women in their study.®® For men in the SHEAR study, the
estimated reduction was not significant, at 11.5% (CI: -7.9, 27.5%). The model ICCs showed
high within-household variability (compared to between-household variability, ICC = 0.21)
suggesting on average large differences in personal exposures between members of the same
household. The reported ICC for repeated measurements among individuals was 0.23, suggesting

a similarly high variability between samples taken from the same person.
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These results contradict the hypothesis that children would experience the largest
reduction in personal PM2 s exposure from the whole-household energy intervention, which was
based on findings from the spaciotemporal analysis conducted in section 3.3.3. However, they
validate data collected from participant surveys, where 65% of women report being the “Primary
Cook” and 39% report being “Both the primary cook and head of my household” within the

community.

Welch two sample t-tests estimated absolute reductions in PMa s exposures associated
with the whole-household energy intervention to be 64.5 pg-m= (CI: 35.6, 89 ug:m™) for the
women and 55.2 ug'm~ (CI: 28, 78.6 ug'm™) for the children in the SHEAR study. This absolute
effect size is similar to what was seen in the HAPIN study where women were reported to have
personal PM s exposure reductions of 68 pg-m™ (CI: 63, 74 ug'm™) due to their LPG
intervention.®® A Wilcoxon signed rank test suggested the difference between children’s and
women’s exposures within the SHEAR study households was not significant (CI: -31.6, 40.9
ng'm™) for control homes or for treatment homes (CI: -29.3, 16.0 ug-m™). This furthers the
distinction from data collected during the baseline phase of the study, where the same test
suggested the difference between children’s and women’s exposures within the household was

32.8 pg'm (CI: 48.5, 15.6 pg'm™).
4.3.3 Black Carbon: Intervention Effect

Spearman correlations between PM2 s and BC concentrations for participants in the
control and treatment groups were p = 0.67 and 0.73 respectively (R? =0.37 and 0.38
respectively, Appendix C6). HAPIN reported lower correlations for their treatment group, with
Spearman rho values for PM» s and BC between (0.68 - 0.87) and (0.46 - 0.73) for control and

treatment groups.®
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For the SHEAR study, similar to PM2.5, women and children had the largest and second
largest reductions in personal exposures to BC between control and treatment groups. The
median 48-hour average BC exposure difference between control and treatment groups was 4.1
and 3.1 pg'm> for women and children, respectively. Likewise, Men had the smallest reductions
in personal exposures to BC, with a treatment to control group difference in exposures of 0.8
ug'm-3. Table 4.3 provides descriptive statistics for sample average personal BC exposures, and
Appendix C7 provides a comparison of the 48-hour average BC exposures among demographics
for the intervention groups. Across all demographics there was no significant difference in the
baseline BC exposures (Welch two sample t-test, p = 0.3) between the control and treatment
groups (Appendix C8). A temporal distribution of BC concentrations between intervention
groups among the demographics is provided in Appendix C9. We should also note that BC
concentrations are highly sensitive to the MAC value, and we used a MAC of 9 m*-g™! which is
relatively higher than what was used in previous studies and was based on the assumed

composition of the PM collected.

Table 4.3: Descriptive statistics for 48-hour average BC concentrations (ug'm™) as a function of familial
demographic and between treatment groups. IQR = Inter-quartile range.

48-hour Sample Average BC Concentration (ug-m)
Sample Standard | Geometric | Geometric . .
Size I()n) Mean Deviation Mean SD? Median | Min | Max | IQR
Baseline Samples
Children | 310 103 |6 8.6 1.87 9.7 1 38 7
Women | 327 113 |7 9.3 1.91 9.9 1 49 8
Men 205 7.1 6 5.4 2.09 54 1 34 7
Control Samples
Children | 136 139 |6 12.5 1.64 13.4 2 33 7
Women | 137 147 |7 13.4 1.57 13.6 3 48 8
Men 88 9.8 5 8.7 1.72 8.9 1 25 5
Treatment Samples
Children | 166 10.7 |7 9.2 1.78 10.3 1 71 7
Women | 182 9.9 4 8.9 1.62 9.5 2 32 6
Men 110 9 6 7.8 1.75 8.1 1 53 5

(a) Geometric standard deviation is dimensionless.
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HAPIN reported the Rwandan women in their treatment group to have median 24-hour
average personal BC exposures of 4.2 pg'm (IQR: 2.9 — 5.9 ug'm>) and 10 pg'm-3 (IQR: 7 —
13.9 ug-m) for the women in their control group.®® Similar to overall PMa s, these exposures
were lower than our reported median 48-hour BC exposure concentrations of 9.5 ug'm (IQR: 7
— 13 pg'm™) and 13.6 pg'm-3 (IQR: 10 — 18 pug:m™) for women in our treatment and control

groups respectively.

An analogous linear mixed effects model to the one described for PM: 5 exposures
(section 4.3.2, with model details provided in section 2.6) was conducted for black carbon
exposure data (n = 693 participants in 341 unique households). This model suggests the
intervention reduced BC exposures for women and children by 33.3% (CI: 24.8, 40.7%) and
26.2% (CI: 16.7, 34.6%) respectively. However, unlike for overall PM; 5, the model also reported
a slight but significant decrease in exposures to BC for men in the treatment group of 15.2% (CI:
1.7, 26.8%). Figure 4.4 displays the contrast ratios between the treatment and control groups

among demographics for both PMa.s and BC.
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Figure 4.4: Contrast ratios produced by linear mixed effect models, accounting for interaction
between demographic and intervention groups and household as a random effect. This illustrates the
whole-household energy intervention effect for overall PM,.s and BC exposures among the
demographic groups. Error bars illustrate the 95% confidence for the exposure ratios.

4.3.4 Inclusion Criteria Sensitivity Analysis

Results from a sensitivity analysis that retained all the samples for linear mixed effect
modeling (i.e. none of the samples that failed to meet the ‘valid sample criteria’ were removed,
as described in section 4.3./, n = 503 additional samples) were minimally different from the

primary study model (Figure 4.5).
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Figure 4.5: Contrast ratios produced by linear mixed effect models when all the collected samples are
included. Accounting for interaction between demographic and intervention groups and household as
a random effect. Error bars illustrate the 95% confidence for the exposure ratios.

Women still had the greatest personal exposure reductions for both personal PMz.s and BC of
35.8% (CI: 25.1, 45%) and 37.7% (CI : 29.6, 44.8%) respectively. Children still had the second
greatest reductions due to the whole-household energy intervention of 29% (CI : 17.3, 38.9%)
and 28.8% (CI : 19.8, 36.8%) for PM2.s and BC, respectively. Men had the largest change in
exposure reductions for this sensitivity analysis, but not in a way that meaningfully impacts the
results. Men still had the smallest exposure contrast ratios, with estimated exposure reductions of

13.6% (CI : -5.3, 29.1%) and 20.5% (CI : 7.1, 32%) for PM2 5 and BC, respectively.
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CHAPTER 5: CONCLUSIONS AND FUTURE WORK

Recent improvements in monitoring technology allowed us to track personal PM> s
exposures as a function of time and location with an ease and at a scale never before seen. In this
work, data collected from the SHEAR study was used to examine baseline demographic
variation in PM; s exposure within a rural Rwandan community and provided an intent-to-treat
analysis highlighting the efficacy of a whole-household energy intervention within that
community. This project is the first of its kind to provide personal PM> s exposure variations
between men, women, and children in a rural sub-Saharan African community, from both an

observational (baseline) and whole-household energy intervention perspective.

Findings from the baseline analysis suggest that PM> s exposures were the highest among
children, second highest among women, and lowest for men. This is a concerning trend because
children are a particularly susceptible demographic to the adverse effects of air pollution.
Anecdotal evidence suggests cookstove fire maintenance and proximity to cookstove fires for
lighting (to complete homework) as likely reasons for these heightened exposures. We propose
behavioral modifications targeting children’s cooking tasks and homework settings could help
reduce the exposure disparity between children and their parents in these rural sub-Saharan
African settings. However, all participant’s exposures exceeded WHO recommended levels (IT-1
target of 35 pug'm?), implying behavioral modifications alone will not be enough to produce

meaningful health impacts.

This is where the whole-household energy intervention provided additional insight.
Results from the intervention phase ITT analysis suggested the household energy intervention

did produce meaningful reductions in personal PM: s and BC exposure burdens for women and
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children. However, even homes in the treatment group (who were provided free access to LPG
and solar electricity) did not experience exposure reductions great enough to put them below, or
near the WHO IT-1 target. Men’s PM» 5 exposures were not significantly impacted by the
intervention, but their BC exposures showed a moderately significant decrease. Additionally,
during the intervention no significant difference was found in the PM» s or BC exposures
experience between women and children within the same household, contrary to results from the

baseline exposure analysis.

For future work, we suggest a spaciotemporal analysis on the exposure data from the
intervention phase of the SHEAR study. This could illuminate the behavioral changes that
occurred between the baseline and intervention phases of the study potentially causing the
differences in exposures patterns for women and children. A spaciotemporal analysis could also
provide insight into whether or not stove stacking contributed to the diluted personal exposure
reductions experienced by the treatment group for the SHEAR study. Overall, this work further
highlights how complex and varied personal exposures to household air pollution are at the
regional, community, household, and individual level. There is so much left to learn about the

demographic patterns influencing personal exposure burdens.

I hope this work will contribute to improving the lives of the people in Karambi,
Isangano, and the entire Ndego Cell. This work built upon the efforts of everyday scientists who
for decades have searched for solutions to improve the quality of life for people in this
community, their communities, and the thousands of similar communities all around the world.
We cannot afford to stop building upon this research now; in many ways we have become a
global community, and we are currently in the midst of an unprecedented storm. We cannot

expect our ship to stay afloat unless the entire hull is properly maintained.
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APPENDIX A
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Appendix Al: UPAS Blank Filter Loadings. The small points represent each individual blank filter
loading. The monthly averages are the large points connected by the line (used for filter sample
background subtractions).
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Appendix A2: The monthly calculated gravimetric limits of detection (Red) compared to sample filter

loadings (black) over time. Blue points are samples that were excluded from analysis due to invalid
compliance criteria.
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Appendix A3: AMOD Correction Ratios. A histogram of ratios for ambient samples’ average
Plantower, reported real-time PM, s concentration (when the filter pump was on) divided by the
gravimetric filter derived PM s concentration. The red line shows the median correction ratio used to
correct all ambient sample’s real-time PM» s concentration data (1.94).
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Appendix A4: Temporal distribution of daily average ambient PM; 5 concentrations by AMOD
deployment location. Each dot represents the filter corrected daily average ambient PM; s
concentration (by location). The black line shows the linear regression trend which is represented by
the equation in the upper left corner of the plot (R? value is displayed next to the equation).
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APPENDIX B

Average % of 15-min Windows with UPAS Movement Detected
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Appendix B1: UPAS Wearing Compliance by Hour of Day for the Baseline Samples. The

average percentage of samples’ 15-minute windows where the UPAS detected movement by
demographic for each hour of the day.
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Appendix B2: UPAS Correction Ratios for Baseline Samples. Each dot represents a participant’s
time-averaged PM, s concentration ratio between the Sensirion (real-time sensor) and the UPAS filter
sample (for times when the filter pump was on). The red lines show the correction ratio thresholds,
calculated as the geometric mean for the ratios +/- 2 geometric standard deviations (0.08, 1.62).

Appendix B3: Exponentiated coefficients from linear mixed effect modeling accounting for
household as a random effect for examining associations between 48-hour sample average PMa s
concentrations (pug-m) among familial demographics (man vs. woman vs. child) as the fixed

redictor variable.

Term Estimated Ratio 95% Confidence
Intercept 201.7 (189.7,214.4)
Women (n = 495) 0.88 (0.82, 0.94)

Man (n = 304) 0.50 (0.46, 0.54)

Appendix B4: Exponentiated coefficients from linear mixed effect modeling accounting for
household as a random effect for examining associations between 48-hour sample average PMa s
concentrations (pug:m) among familial demographics (man vs. woman vs. boy vs. girl) as the

fixed predictor variable.

Term Estimated Ratio 95% Confidence
Intercept 199.4 (183.3,216.9)
Boy (n =201) 1.03 (0.91, 1.16)
Women (n = 495) 0.89 (0.81, 0.97)

Man (n =304) 0.50 (0.45, 0.55)
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Appendix BS: Exponentiated coefficients from linear mixed effect modeling examining
associations between the 48-hour sample average PM. s concentrations (pg-m) of children with
their height, age, and gender as fixed predictor variables.

Term Estimated Ratio 95% Confidence
Intercept 483.5 (203.8, 1,146.8)
Height 0.99 (0.98, 1.00)

Age 1.02 (0.97,1.07)

Girl (n=233) 1.00 (0.88, 1.13)

Appendix B6: Exponentiated coefficients from linear mixed effect modeling accounting for
household as a random effect for examining associations between the average PM2 s
concentrations (ug-m™) at 19:00 among familial demographics (man vs. woman vs. child) as the
fixed predictor variable.

Term Estimated Ratio 95% Confidence
Intercept 476.6 (209.6, 259.5)
Women (n = 495) 0.68 (0.62, 0.75)
Man (n = 304) 0.50 (0.45, 0.56)
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Appendix B7: (A) Zoomed in spatiotemporal distribution plot with the ‘Home’ environment largely
cut off showing, on average, when and where different demographics received proportions of their
daily PM, s exposures. (B) The full 48- hour sample average PM, s exposure variation between
demographics among microenvironments with the ‘Home” environment largely cut off. These data are
only representative of weekday activity patterns, as participants were not sampled on the weekend.
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Appendix B8: Exponentiated coefficients from linear mixed effect modeling accounting for
household as a random effect for examining associations between the average PM3 5
concentrations (ug'm™) at 19:00 between women who were home with their child vs home

without the child as the fixed predictor variable. Only one child per household had data
collected.

Term Estimated Ratio 95% Confidence
Intercept 239.8 (214.7, 267.8)
With Child (n =434 hours) 0.96 (0.93, 0.98)
Field Home
500

(o)
o

o

]
(&)
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g

-500

Appendix B9: The Distribution of differences in PM3 s exposures between adults and their adolescent
children within the home and field microenvironments between the hours of 5:00 — 23:00. Boxplots
represent the distribution in 30-second PM s concentration differences between adults and their

children. Center lines delineate the median; boxes represent the interquartile range, and diamonds
represent the average.
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Appendix B10: Exponentiated coefficients from linear mixed effect modeling accounting for
household as a random effect for examining associations between the average PMa s
concentrations (ug'm™) during the wet vs. the dry season as the fixed predictor variable.

Term Estimated Ratio 95% Confidence
Intercept 178.1 (165.35, 191.87)
Dry Season 1.30 (1.19, 1.43)
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Appendix B11: PM, s Concentration Distributions for Personal Exposure Samples and Ambient
Air, Stratified by Season. The wet seasons are defined as the months between March and May, and
September and November. Boxplots represent the average full-sample PM, s concentration exposure
distribution between ambient air, and men, women, and children. The salmon fill color represents the
distributions in the dry season and the blue for the wet season. Center lines delineate the median;
boxes represent the interquartile range, and whiskers represent the extent of observations within +/-
1.5-IQR. The red line is the WHO interim 1 target of 35 pug/m?, and the diamonds represent the means.

Appendix B12: Exponentiated coefficients from linear mixed effect modeling examining

associations between the 48-hour sample average PM; 5 concentrations (pug-m-3) of children with
their schooling vs non-schooling months as the fixed predictor variable.

Term Estimated Ratio 95% Confidence
Intercept 373.8 (327.0,427.2)
In-School Months 0.48 (0.40, 0.56)
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APPENDIX C

Blank Filter Attenuation vs Time
Line Shows Monthly Averages
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Appendix C1: UPAS Blank Filter Attenuation Loadings. The small points represent each
individual blank filter attenuation. The monthly averages are the large points connected by the line
(used for filter sample background subtractions). Grey coloring for the monthly average points
indicates the study average was used for that month due to a lack of filter attenuation data.
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BC Attenuation

Blank Filter Attenuation LOD vs Sample Filter Attenuation
Red Line Shows Blank LODs and Black Points are Sample Attenuations
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Appendix C2: The monthly calculated blank attenuation limits of detection (Red) compared to sample
filter BC attenuation (black) over time. Blue points are samples that were excluded from analysis due

to invalid compliance criteria.
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Appendix C3: UPAS Correction Ratios. Each dot represents a participant’s time-averaged PM2.5
concentration ratio between the Sensirion (real-time sensor) and the UPAS filter sample (for times
when the filter pump was on). The red lines show the correction ratio thresholds, calculated as the
geometric mean for the ratios +/- 2 geometric standard deviations (0.04, 1.97). Black dots indicate the
correction ratio was calculated using the gravimetric filter loading from the same sample, blue dots
indicate the sample used the correction ratio calculated by the most recent sample using the same
UPAS (for samples that have not had their filter loadings analyzed yet), and purple dots indicate the
sample used the average correction ratio across all samples (for samples that never had a filter
measured from the same UPAS).
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Appendix C4: Boxplots represent the average (~48-hr for personal samples, and 24-hr for ambient)
PM: 5 concentration distribution among ambient air, and personal exposure samples of men, women,
and children from control and intervention groups during the baseline phase of the study. The Y-axis
is logscale. The ambient box depicts the distribution of all the daily average PM..s concentrations
recorded across all sampling locations within the same 16-month window when these baseline phase
personal exposure samples occurred. Center lines delineate the median; boxes represent the
interquartile range, and whiskers represent the extent of observations within +/- 1.5-IQR. The red line
is the WHO interim 1 target of 35 of pg'm=. The black diamonds represent the means.
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Appendix C5: Temporal Distribution in 48-hour average personal PM, s exposures between
intervention groups (baseline phase excluded) among the demographics.

91



control === full_subsidy

o N
o O
.

y=5.3+0022x R*=0.38 .

w
o

N
o

~

Black Carbon (ug/m®)
o o

w

N
.
@

20 30 50 70 100 200 300 500 700 1,000 2,000
3
PM, s (ng/m>)

Appendix C6: Scatter plot of intervention sample’s (n=819) 48-hour average PM; 5 and BC personal
exposures. The lines show the linear regression line of best fit and are curved because of the log scale
used for the x- and y-axis. The equations for the regression lines along with the R? values are shown in
the top right.
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Appendix C7: Boxplots represent the average ~48-hr personal BC concentration distribution among
men, women, and children for the control and treatment groups during the intervention phase of the
study. The Y-axis is logscale. Center lines delineate the median; boxes represent the interquartile
range, and whiskers represent the extent of observations within +/- 1.5-IQR. The black diamonds
represent the means.
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Appendix C8: Boxplots represent the average ~48-hr personal BC concentration distribution among
men, women, and children for the control and treatment groups during the baseline phase of the study.
The Y-axis is logscale. Center lines delineate the median; boxes represent the interquartile range, and

whiskers represent the extent of observations within +/- 1.5-IQR. The black diamonds represent the
means.
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APPENDIX D: LARGE PARTICLE EMISSIONS FROM HUMAN VOCALIZATION AND

PLAYING OF WIND INSTRUMENTS

D.1 Introduction

The COVID-19 pandemic has motivated a growing body of research on human
respiratory aerosol generation and disease transmission associated with activities like talking,
singing, and playing musical instruments.!"'* To date, most of this research has focused on
smaller particles (aerodynamic particle diameter, d, < 10 um), which are relatively easy to count
and size using conventional instruments like optical particle counters and aerodynamic particle
sizers.!* Smaller particles are important because they can remain airborne for hours, travel
distances beyond typical “close-contact” thresholds used in disease control guidance (~2 m), and

have been shown to transmit infectious pathogens in air.”!

However, larger particles (dp, > 10 pm) are also emitted during the same respiratory
aerosol generation processes. Larger particles remain airborne for only seconds to minutes and
are emitted at lower rates than their smaller counterparts; however, their mass emissions far
outweigh those of smaller particles. Thus, larger particles have the potential to harbor more
pathogens, on a per-particle basis, which could result in a more concentrated dose delivered to a
given cell/receptor.!6!8 Pathogens transported within large particles may also remain viable for
longer periods of time than smaller ones due to their substantially longer evaporation times in
typical room air conditions;® these characteristics may also allow them to serve as vectors for
fomite transmission, after depositing onto a surface that is later contacted by a new host.”""
Additionally, some respiratory diseases are more commonly transmitted via larger particles than

smaller ones.'® Therefore, it is important to characterize emissions rates for all particle sizes.
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Conventional aerosol counting and sizing instruments are limited in their ability to
measure larger particles because such particles have a relatively high inertia in air (i.e., they

experience high rates of aspiration and transmission losses during sampling).?°

Open-path laser
instruments have been used to size larger airborne particles®!”, but such measurements are
considered semi-quantitative, especially under turbulent flow conditions (e.g., during
vocalization). For example, Standnytskyi et al. reported emissions rates of large and small
particles emitted from 25 seconds of talking; however, these size-resolved results are considered
semi-quantitative because there was no effective way to equate scattered light intensity to

particle size, since light intensity varied across the laser sheet. They referred to the top 25% of

the brightest light scattering particles as large, and the remainder as small.

This measurement challenge has produced a gap in understanding of large particle
emissions from various human activities. Several previous studies have sought to characterize
the full spectrum of aerosol sizes,”!”?!'"% but these experiments were limited by small sample
sizes (n < 12) and mainly focused on emissions from talking, with little variation in the type of
speech and articulation investigated. A recent study by Harrison et al.” utilized a larger cohort of
participants to investigate large particle emissions from speech (n = 43) and singing (n = 26), but

did not consider emissions from any musical instruments or the effect of face coverings.

The objective of this work was to characterize large respiratory aerosol (35 <dp <100
pm) and droplet (d, >100 pm) emissions from a panel of individuals (n = 70) of varying age and
sex while talking, singing, and playing various wind instruments. A secondary objective was to
examine the efficacy of face masks and instrument bell covers (i.e., single layered spandex-like
woven fabric covers that fit tightly around the instrument bell) at mitigating these emissions. The

cutoff at 35 um used here is based on the upper size limit of detection for the measurement
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techniques used in the Good et al. 2021 and Volckens et al. 2022 studies, which characterized
small particle emissions (0.25 < dp <35 pm) from the same set of vocalization and instrument
performances, and because particles smaller than 35 pm are difficult to detect using the low-

magnification optical methods employed here.
D.2 Methods

D.2.1 Data Collection

Data were collected from a panel of healthy volunteers as part of the CSU Performing
Arts Aerosol Study.?®27 Participants were recruited in equal proportions of minors (aged 12- 17
years at the time of participation) and adults (age 18 years and older at the time of participation);
aiming for an equal distribution of participants across types of musical instruments and skill
level. For the safety of staff and participants, people were excluded from the study if they were
currently experiencing COVID-19 symptoms, had a COVID-19 diagnosis in the past month, or
had close contact with an infected person in the previous two weeks (consistent with state and
local quarantine protocols at the time). Participants brought in their own musical instruments
and face masks which varied in type from homemade cotton and other types of fabric materials,
to surgical-style masks. Upon arrival, participants provided written informed consent, or assent if
a minor (along with consent from their legal guardian), as detailed by the US regulatory
guidelines for research on human subjects (CSU approval #20-10174H). They also provided
information on their height, weight, age, and sex. Additional information on the study procedures

can be found in previous publications.?%?’

Participants donned polypropylene disposable coveralls (McMasterCarr, IL) and hair nets

to minimize particle emissions from their clothing and hair. Participants then entered a 3.45 m x

97



2.8 m x 2.45 m clean-room environment, with low background particle (0.25 < dp <35 pum)
concentration (~5 cm™) and a high, HEPA-filtered, air circulation rate (~8.5 air changes per
hour).26?® Temperature and humidity were recorded in the clean room using LabVIEW (National

Instruments, TX, version 21.0, https://www.ni.com/en-us/shop/labview.html) instrument control

and data acquisition software. Over the course of a 2-hr measurement period, participants either
sang or played their instrument (using provided sheet music) into an aerosol sampling inlet cone
both with and without masks or bell covers, and everyone ended their sessions with a 4-min

period of reading out loud (no mask) from a predetermined passage, as previously described.?¢

Participants were asked to position their instrument bells or mouths (if talking or
singing), right at the entrance plane of the inlet cone (Figure S1 and S2), so that all particle
emissions were entrained into the cone’s sampled airflow (10 L-min™'). However, as noted above,
particles larger than ~35 pum in aerodynamic diameter are likely to settle under the force of
gravity prior to reaching the aerosol sizing equipment. Therefore, the lower half of the inlet cone
was arrayed with seven 5 cm x 7.5 cm water-sensitive paper (WSP) cards (TeeJet Technologies
Water Sensitive Paper Spraying Systems Co.). The card array was affixed to a single magnetic
tray to streamline the process of setup and takedown, as shown in Figure S3. These cards
undergo a permanent change of color when they come into contact with water (see Figure 1A),
allowing each liquid particle that lands on the WSP surface to be imaged, sized, and counted

under a microscope.

98


https://www.ni.com/en-us/shop/labview.html

Figure 1. Example of staining on WSP cards (Not from an actual participant performance set). (A) Full
WSP card with example of staining. (B) Microscope image of one salivary spot on a WSP card.

One tray (each tray consists of 7 WSP cards) was collected for each of three different
“performance sets” per participant: (1) singing (if vocalist) or playing an instrument (if musician)
without a mask/bell cover, (2) singing or playing an instrument with a mask/bell cover, and (3)
talking without a mask. For 25 participants, an additional “blank™ WSP card set was collected as
a negative control. The blank WSP cards were taped to the magnetic inlet cone tray the same
way as for the normal performance sets, but these trays were left in an open container placed on
a table within the clean room approximately 4 feet away from the inlet cone for the duration of a

participant's time in the clean room.

D.2.2 Data Analysis

After each session, WSP cards were air-dried for 20 minutes and then stored in plastic
zip-lock bags. Spots on the WSP cards were imaged with a Leitz Orthoplan microscope (85X
magnification) fitted with a Progres Gryphax (NAOS 20.0MP CMOS Color, Feasterville, PA)
digital camera. Under these settings, the smallest and largest spot sizes that could be resolved
were 18 and 1,770 um in diameter, respectively. Each card was divided into 36 possible grid

cells, and a random number generator selected 15 cells for imaging (105 images per set).
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Collected images were analyzed with ImagelJ software (version 1.51,

https://imagej.nih.gov/ij/all-notes.html) to quantify the area of each spot, using methods
described in Woolf et al.?’ Briefly, a color thresholding algorithm was developed in Imagel to
detect the edges of the blue spot stains against the yellow WSP card backgrounds. To optimize
this algorithm, spot stains for 29 WSP cards were counted manually under a microscope and
RGB color thresholds were adjusted to minimize the mean absolute error between the number of
spots counted manually and with the color thresholding algorithm. The final iteration of this
algorithm produced a mean absolute error of +/- 3% for the test set. No adjustments were made
for overlapping spots because the spot density was too low on each card for spot overlap to be a

problem. See Figure S4 for an example of the results from this algorithm.

Data on spot count, size, and location were imported into R, version 4.0.2,

(https://www.r-project.org/) for further analysis. A spread-factor equation

d, = 1.364e"5d, + 0.4443d,; — 1.4758 (1)

was used to convert spot diameter (ds) to aerodynamic particle diameter (d,) at the time of
impact, following the calibration provided by Harrison et al.’ To estimate the original emitted
particle diameters, we modeled the change in diameter between the point of release and WSP

contact using a deterministic model (2.5 ms time-steps) based on the rate of particle evaporation

M_ﬂ(”_g_ﬂ) @)

dt  Rppdp\Tg Ta
and particle settling

2
— ppdpgCc (3)
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where d; is the particle aerodynamic diameter, D is the molecular diffusivity of water vapor in
air at 293K, M is the molecular weight of water, R is the universal gas constant, pp is the density
of liquid saliva,*® P, is the vapor pressure of water at ambient conditions, Ty is the ambient
temperature, Pq is the vapor pressure of water at the particle’s surface, Tq is the temperature at
the particle’s surface, Vs is the particle terminal settling velocity, g is the acceleration due to

gravity, C. is the Cunningham Correction factor, and 1 is the dynamic viscosity of air.>!

Ambient RH was measured by an Omega Engineering HX92BC series sensor in the room
about 1.5 m from the inlet cone. A 6-cm travel distance between the WSP and the emission point
was assumed for all particles. This distance was chosen based on observations of the typical
distance between a participant’s mouth/instrument bell and the center of the WSP card trey.
Participants were reminded to keep their instrument bells or mouths as close to the entrance
plane of the inlet cone as possible at the beginning of each performance set (2-3 cm from the
center of the WSP trey); however, this distance inevitably fluctuated during performances, and a
6 cm distance was observed as the average across all participant performance sets. Sensitivity
analyses (Figures S5) indicated that the a 6-cm (assumed) travel distance had minimal impact on
size-resolved results, only producing a maximum error of +/- 4 um for the smallest, most
sensitive, size bin measured when varying the assumed travel distance between 3 — 9 cm.
Particle counts were aggregated into log-equivalent size bins based on their aerodynamic
diameters at their point of release and summed for each participant and card location. Counts

were then blank-corrected, by size, and extrapolated to each card’s total surface area.

To estimate the full-plume emission rates, we interpolated the spatial distribution of
summed particle counts, grouped by activity and size bin, between the 7 card locations and then

extrapolated this pattern across our measurement domain using a bicubic spline extrapolation (R
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Akima::interp function; see SI for additional information). The extrapolated area consisted of
the lower half of the sampling inlet cone and extended approximately 17 cm downstream into the
sampling duct. Figure S9 provides an example of the bicubic spline extrapolation output for the
talking performance sets. Each facet in this figure represents a size bin and the number in
parenthesis on top of each tile shows the extrapolation coefficient for that size bin. These
coefficients were calculated by dividing the average number of particles estimated with the
bicubic spline extrapolation by the average number of particles detected experimentally for each
size bin and activity type and were then multiplied by the background corrected and surface-
area-ratio expanded counts for each individual performance set. Table S1 summarizes average
experimentally detected counts vs the average bicubic spline extrapolated counts for each
activity. These calculations resulted in estimates for the total count and size distribution of each
participant's performance set at the point of release. Particle emission rates are reported as total
counts (i.e., total number of particles divided by the event duration, #min'), size-resolved
counts (#min’! per size bin), and total mass (i.e., converting the size-resolved counts to mass,

assuming particle density®® of 1,007 kg'm™ and taking the sum, pg-min').

Linear mixed models were developed to examine associations between large-particle
emissions and the following variables: instrument type (brass vs. woodwind), participant age
(adult vs. minor), and sex (male vs. female). The estimated variance for the participant-specific
random effect was zero, indicating no correlation between an individual’s talking and instrument
playing (or singing) emissions rates. Models that additionally adjusted for instrument or
vocalization class (i.e. brass, woodwind, talking, or singing) were fit to assess pairwise
differences between classes with Tukey adjustment. These models were only developed for the

instruments (no bell cover), singing (no masks), and the talking performance sets due to small
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sample sizes in the other performance set types. Emission rates were log-transformed to meet

model assumptions. The models took the form:
Yij=Po+B"Xi+a;+e;

where Y; is the log-transformed emission rate for the jth measurement from the ith participant, X;
is the set of fixed predictor variables, P is the vector of coefficients for the predictor variables, a;
is a random intercept term for participant i, and €;; represents the residual model error (assumed

to have a mean of zero, be normally distributed, and have constant error variance).

We additionally assessed the ability of age, sex, CO> emissions, and loudnes (dBA) to explain
variation in large particle emissions by calculating the coefficient of determination (i.e. R?) from

multiple linear regression models fit separately to the instrument and talking datasets.
D.3 Results and Discussion

Data were collected from 70 participants (37 adults and 33 minors). Of these, 31 (44%)
were female (self-reported sex assigned at birth), and 39 were male (56%). A total of 168
performance sets were examined: 52 from talking, 11 from singing without a mask, 48 from
instrument playing without a bell cover, 4 from singing with a mask, 28 from instrument playing
with a bell cover, and 25 blank sets. A breakdown for all the performance set types is provided in
Table S2. Descriptive statistics for count and mass emission rates (for non-mask/bell cover
performance sets), as a function of performance set type and participant demographics, are
shown in Table 1. Large particle emissions varied substantially among performers and within

each type of performance set, consistent with prior studies, as shown in Figure 2.
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Table 1. Descriptive Statistics for Count Emission Rates (#min') and Mass Emission Rates (ug'min™') as
a Function of Performance Set Type and Participant Demographics for non-mask/bell cover performance
sets.

Large Particles per Minute (#:Min™)
Brass | Woodwinds | Singing | Talking | Adults | Minors | Females | Males
Geometric Mean | 3.8 5.6 543 95.1 26.8 22.5 23.8 25.4
Geometric SD | 3.1 2.9 3.3 3.8 6.7 6.6 6.8 6.5
Minimum | 1.0 1.0 5.0 1.0 1.2 0.7 0.7 1.2
25% 1.5 2.4 333 57.2 6.6 4.2 3.7 6.0
Median | 3.4 4.0 93.0 93.0 38.9 26.8 39.1 25.5
5% | 7.0 10.9 117.0 231.8 145.1 91.2 91.0 145.4
Maximum | 27.6 51.7 162.3 710.6 591.2 710.6 656.8 710.6
Large Particle Mass per Minute (ug-Min™)
Brass | Woodwinds | Singing | Talking | Adults | Minors | Females | Males
Geometric Mean | 0.2 0.4 31.7 40.1 5.9 3.9 54 4.4
GeometricSD | 3.2 6.4 6.1 10.3 23.6 21.2 25.0 20.6
Minimum 0 0 0 0 0.1 0 0 0.1
25% | 0.1 0.2 26.1 11.3 0.4 0.2 0.2 0.3
Median | 0.2 0.3 64.7 41.9 11.2 2.7 12.8 3.7
75% | 0.4 0.6 71.0 166.9 79.4 38.3 66.6 51.3
Maximum | 1.7 350.6 241.3 7507.2 7507.2 | 4007.3 7507.2 4007.3
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Figure 2. Boxplots of (A) count and (B) mass emission rates for large particles (d,> 35 pm) from
singing, talking, and playing wind instruments (for non-mask/bell cover performance sets). Center
lines delineate the median, boxes represent the inter-quartile range, and whiskers represent 1.5-IQR or
the data minimum. Each dot represents a participant.
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For example, count emissions from talking ranged from as low as 1 min™! to as high as
711 min™!. This large variation also provides evidence for the existence of supper-emitters®? (i.e
people with emissions > 1 geometric standard deviation beyond the geometric mean of the data)
within the large particle size range (> 35 um), with the top 5 talking emitters (~10% of
participants) accounting for nearly 35% of total talking emissions. No obvious demographic
patterns were found among the highest talking emitters, with 3 minors and 2 adults, and 3
females and 2 males, though conclusions are limited with the small sample size (n=5 for the top

10% of emitters).

When examining if supperemitting tendencies for these individuals was consistent across
performance activities, the data were inconclusive. Individuals who produced the highest large
particle emission rates for talking were not the same individuals who produced the highest rates
for their respective musical performance categories. Schlenczek et al. reported similar findings
(albeit with a small sample size) in their study where the supperemitters for breathing were not
the same as the supperemitters for instrument playing °. Future studies should utilize many
replicate samples from the same individuals to gather a more statistically robust data set to better
understand if superemitting tendencies for individuals are common across activity types and

examine the temporal variability among these individuals.

Results show that despite the large interparticipant variability, distinct differences were
evident between the emission rates for the vocalization (singing and talking) and instrument
playing (brass and woodwind instruments) categories, with vocalization producing on average
19.8 times (95% CI: 12.3, 31.8) higher emission rates than instrument playing (see Table S3 for
model output and Figure 2 for graphical results). These results were similar to Schlenczek et al.

who reported that wind instruments produce 30-600 times lower concentrations for dp, > 10 pm
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compared with talking and singing.” Within the categories of vocalization and instrument
playing, pairwise comparison testing indicated nonsignificant differences between taking and
singing (p = 0.57) and between brass and woodwind instruments (p = 0.50), see Table S5 for
model results. These non-significant differences run contrary to the previously reported results

26.27 where

for smaller particle sizes quantified, using the same participant performance sets,
singing had significantly higher emission rates than talking, and brass instruments had

significantly higher rates than woodwind instruments.

On the other hand, for large particles, our results align with Schlenczek et al. who
reported similar emission rates of d, > 50 pum particles between speaking and singing.” We
hypothesize that the discrepancy between large and small particles is the result of different
generation mechanisms for these different size ranges.?>** Smaller respiratory particles (dp < 10
pum), for example, are primarily generated via bronchial fluid film burst and vibration of the
vocal folds, while larger particles (d, > 35 um) likely originate from movement of the lips and
tongue during vocalization. We hypothesize two potential modes for large particle (dp > 35 um)
emissions from wind instruments. The first is from saliva at and around the instrument
mouthpiece and aerosolized due to “buzzing” by the player. The second is saliva accumulation
within the instrument and subsequent droplet release due to vibrations of the instrument walls
during playing. However, given the tortuous paths that air must follow to escape most wind
instruments; this latter hypothesis seems less likely. These results, when combined with those of
Volckens et al. 2022 suggest that while wind instruments produce a lot of small particles, they

produce very few large particles.

McCarthy et al.?! also examined large particle emissions from wind instruments using

WSP from a panel of 9 participants. Unlike our results, they found no evidence of large particle
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emissions from instrument playing. Since McCarthy et al. utilized a smaller sample of
participants and were testing for emissions caused only by playing single notes, it is possible that
emissions were missed due to the nature of the experimental set up and size of the study.
Schelenczek et al. used a holographic setup to detect large particles produced by wind
instruments, and although they found no evidence of large particles emitted from the instrument
bell, they detected a substantial amount of d, > 35 pum particles emitted from the instrument
mouthpiece, suggesting particle filtering by the instrument tubing as a main factor.” This filtering
of large particles on the inner tubing of the instrument is supported by the Viala et al. (2022) who
employed a computational fluid dynamics simulation for a clarinet and reported that particles >

50 um will deposit inside the instrument before being emitted from the bell.!

From a mass standpoint, the differences in emission rates found in this study between
performance set types within the categories (i.e., talking vs. singing in the vocalization category)
was also insignificant. However, the difference in emission rates between the vocalization and
instrument playing categories was even larger than from a particle count basis, with vocalization
mass emission rates on average exceeding those for playing instruments by a factor of 132 (95%
CI: 60.5, 289) (Figure 2B and Table S4), while from a count basis vocalization only exceeds
emissions from instrument play by a factor of 19.8 (95% CI: 12.3, 31.8). This large difference
between particle mass emission rates and particle count emission rates elucidates how
vocalization performance sets produced a higher proportion of particles on the larger side of their
size distribution compared to the instrument performance sets. Count emission rates as a function

of particle size and performance activity are provided in Figure 3.
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Figure 3. Large particle emission rate size distribution plot. The error bars for each size bin represent
the standard error across all participants for the respective activity type.

Vocalization produced higher emission rates for every size bin, but especially towards the
larger side of the size spectrum. Xie et al. measured large particle emissions produced by talking
from a panel of 7 participants, using WSP cards and glass slides?*. They determined that about
14% of count emissions came from the 40-50 pum size bin and about 28% from the 50-75 um size
bin. Our study produced about 42% of count emissions coming from the 42-51 um size bin and
about 30% from the 51-74 pum bin. Johnson et al.** conducted similar large particle emission
quantification experiments for talking with 8 participants, but produced quite different results,
finding a substantial mode for large particle emissions at 145 um, which we did not find in this
study. Similarly, Harrison et al.’ also found no evidence for a secondary mode of large particle
emissions around 145 um. They also reported insignificant differences for count emissions

between their talking and singing groups and showed large interparticipant variability between
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these groups. However, they reported emission rates over twice as high (median values of
spanning 227 — 276 particles per minute among their taking, singing, and child adult cohorts)
than we found. This discrepancy may be due to differences in experimental set up and natural

variation between study populations.

Because this study on large particle emissions was run concurrently to the Good et al.2®
study that focused on small particle emissions from vocalization (0.25 < dp, <35 pum), there were
42 participants who provided talking data for both small and large particle emissions (spanning a
size range from 0.25 to 1000 um). Differences between the count and mass emission rates for

these participants are shown in Figure 4.
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Figure 4. Comparison of particle emission rates between “Large” particles (d, > 35 pm) and “Small”
particles (d, <35 um) for talking performance sets. (A) Count emission rates. (B) Mass emission rates.

While participants’ large particle count emission rates were much lower than those for their
small particles (Figure 4A), their large particle mass emission rates were substantially higher

than their small particle mass emission rates (Figure 4B). This difference is due to the cubic
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relationship between particle diameter and particle mass and is an important point to understand
with relation to the spreading of communicable respiratory diseases, where fomite transmission
can be a principal route for disease transmission. Like Harrison et al.,> we found little correlation
(r? = 0.072) between the large and small particle category count emission rate among the 42

participants who had talking data spanning this full size range, as shown in Figure S10.

An interesting finding from this work came from looking at how large particle emissions
changed with increased participant loudness and carbon dioxide (CO2) output. Previous

Work26,27,32

suggests CO» output and sound pressure level are correlated with increasing particle
emissions for the smaller aerosolized size range (0.25 — 35 um), and since larger particles are
produced via similar physiological pathways, we hypothesized large particles would also have
strong correlations with CO; and sound volume. However, we found no relationship between
these predictors when assessing the strength of these correlations for the large particle emissions.
When isolating for only the effect of sound pressure level (voice/instrument volume), no
meaningful correlation was found with large particle emissions for any of the performance set
types tested, with an R? ranging from 0.055 for talking to 0.067 for brass instruments. This is
different from our prior work on the smaller particles sizes (0.25 — 35 um) that suggested a

statistically significant correlation between aerosol emission rates and sound pressure for brass

instruments (R>=0.357) and for vocalization (R?>=0.370).267

In similar fashion, we observed a very low correlation between large particle emission
rates and average CO; concentrations in sampled air. The factors we measured did not well
explain variation in emissions rates, with only 16.1% of variation in large particle emissions
from instruments and 8.5% of variation from talking explained by age, sex, loudness, and COx.

This suggests that variation in large particle emissions is dependent on variables we did not
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record for this study (i.e., variables beyond age, sex, instrument type, average CO., and average
dBA). Variables of interest for future investigation include characterizing differences in

individuals’ saliva production or variances in tongue and lip articulation.?>**

The effect of bell covers on mitigating large particle emission rates from instruments is

shown in Figure 5A; a similar relationship for the effects of masks on singing is shown in Figure

5B.
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Figure 5. Emission rates with and without mitigation. Points represent individuals’ performance set
emission rates, and lines connecting two points indicate that the same individual produced both sets.
(A) Showing 6 instruments count emission rates with and without a bell cover. (B) Showing Singing
count emission rates with and without a mask.

These plots show the change in measured emission rate, on a per-participant basis; the left side
of each panel shows an individuals’ count emission rate without a bell cover/mask, and the right
side shows their emissions with a bell cover/mask. Lines connecting two dots indicate these two
performance sets were conducted by the same person. Most of the instruments tested had some
people whose emission rates increased and some people whose rates decreased when using a bell

cover.
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These results provide little evidence to suggest that bell covers either mitigate or enhance
large particle emission rates for wind instruments (which are very low to begin with), counter to
what was seen for the smaller aerosols?” where the use of bell covers produced a statistically
significant effect for brass instruments. The counter-intuitive effect of the bell cover (Figure 5)
could be due to the flow resistance imparted by the bell cover, which produced unintended
consequences during playing. In other words, the additional pressure drop from the bell cover
may require that participants blow harder into their mouthpiece, resulting in more particles being
expelled from the instruments’ keyholes or from around participants’ mouths (i.e., increased
“buzzing”); such an effect would likely vary from instrument to instrument, but the hypothesis
remains untested. On the other hand, for the vocalization sets, wearing a mask proved to decrease
large particle emissions substantially with an average decrease of 92.5% (95% CI: 97.9%,
73.7%). As shown in Figure 5B, all but one participant had dramatic reductions in large particle
emissions (the one participant already had a low emission rate without a mask). This reduction in
large particle emissions for singing while wearing a mask is further illustrated by the emission

rate size distribution graph shown in Figure 6.

Here, it is evident that wearing a mask eliminates all the largest size bins of particle
emissions for singing and significantly reduced the emission rate for the smallest size bin we
tested (42 — 51um). The substantial reduction in large particle emissions for singing while
wearing a mask is consistent with the mask efficiency findings from previous studys
investigating smaller aerosols.?”*>3¢ It should be noted that most of the particles considered in
this study (dp > 35 um) would have sufficient inertia (whether by settling or being present in the

jet of exhaled air) to be filtered out by masks via impaction®'. Although we did not evaluate the
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Figure 6. Large particle emission rate size distribution plot for singing with and without a mask.

effects of masking on large particle emissions from talking, we cannot think of a credible reason
why wearing one would not also decrease this emission rate, given its similarity in mode of

production, particle size distribution, and emission rate, to that of singing.

Overall, humans emit fewer large salivary particles (35 — 1,000um) than smaller
respiratory particles (0.25 — 35 um), an average of 415 (standard deviation of 1,090) times less
for talking. However, the mass of the larger particles far outweighs that of the smaller particles
by an average factor of 30,300 (standard deviation of 147,350) when talking. Although these
larger particles do not stay suspended in the air for as long as smaller particles, their increased
volume implies that, on a per-particle basis, they may contain higher amounts of potentially
pathogen-laden biological material and therefore, pose a considerable risk for disease
transmission, especially for respiratory diseases where large particles are the primary vector for

transmission.
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Human vocalization (talking and singing) produces about 19.8 times more large particle
emissions on a count basis, and about 132 times more emissions on a mass basis than instrument
playing (brass and woodwind). However, within these two categories there is no statistically
significant difference between the emissions rates for either talking vs. singing or brass vs.
woodwind instrument playing. We also found through multiple linear regression modeling that
age, sex, instrument type, CO; production, and sound pressure level do not explain a meaningful
amount of variation for large particle emission rates for any performance category. Lastly, we
determined that using a bell cover had negligible effects on large particle emission rates from the
already low emissions detected for brass and woodwind instrument playing, but that wearing a

mask dramatically reduces large particle emission rates for singing.
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