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Abstract

Global Metrics, Local Estimation: Magnifying the Health Impact of Environmental Justice

Chair of the Supervisory Committee:
Professor Robert C Reiner, PhD

Health Metrics Sciences

In the first chapter, Mapping development and health effects of cooking with solid fuels in
low-income and middle-income countries, 2000—18: a geospatial modeling study, the prevalence
of solid-fuel use for cooking is mapped at a 5 km x 5 km resolution in 98 LMICs based on 2.1
million household observations of the primary cooking fuel used from 663 population-based
household surveys over the years 2000 to 2018. We use observed temporal patterns to forecast
household air pollution in 2030 and to assess the probability of attaining the Sustainable
Development Goal (SDG) target indicator for clean cooking. We aligned our estimates of
household air pollution to geospatial estimates of ambient air pollution to establish the risk
transition occurring in LMICs. Finally, we quantified the effect of residual primary solid-fuel use
for cooking on child health by doing a counterfactual risk assessment to estimate the proportion
of deaths from lower respiratory tract infections in children younger than 5 years that could be
associated with household air pollution. We found that while reliance on solid-fuel use for
cooking has declined globally, it remains widespread. 593 million people live in districts where
the prevalence of solid-fuel use for cooking exceeds 95%. 66% of people in LMICs live in
districts that are not on track to meet the SDG target for universal access to clean energy by
2030. Household air pollution continues to be a major contributor to particulate exposure in
LMICs, and rising ambient air pollution is undermining potential gains from reductions in the
prevalence of solid-fuel use for cooking in many countries. We estimated that, in 2018, 205 000
(95% uncertainty interval 147 000-257 000) children younger than 5 years died from lower
respiratory tract infections that could be attributed to household air pollution.

The second chapter, Scales of environmental justice: global sensitivity analysis of the
Washington Environmental Health Disparities Map, is focused on understanding the factors that
drive environmental health inequalities more locally, within the context of the Washington State
Environmental Health Disparities (EHD) Map, a composite indicator of environmental justice that

synthesizes 19 different environmental and population health indicators to generate cumulative



impact rankings by census tract. We conducted a global sensitivity analysis of the EHD mapping
methodology by permuting across alternative methods derived from the composite indicator
construction literature, generating estimates of the uncertainty that results from analyst
decisions in the development process. We estimated first, second and total order sensitivity
statistics to quantify the relative influence of parameter choices on the tract rankings and on the
accuracy of classifying communities in the top 20% of impact. On average, census tracts
changed by more than one hundred ranks across these permutations. The observed deviations
from the baseline EHD index were largest in the middle of the impact spectrum and smallest for
tracts in the top 10% of impact. The formula used in aggregation and the method of data
normalization were the most sensitive parameter decisions for both tract ranking and impact
classification. We demonstrate that the EHD rankings were more robust in the highest impact
tracts and relatively uncertain throughout the rest of the index, suggesting that this data is better
suited for classifying hotspots than for estimating an ordinal impact. There are strong
assumptions underlying the baseline EHD ranking methodology and these assumptions
substantially drive the results

In the third chapter, Validating the structure of an environmental justice index in
Washington State, a multivariate case study, we explore the mechanisms through which the
most sensitive parameter choices in the EHD methodology impact the final index. The statistical
characteristics of the raw indicator data are analyzed in order to understand the influence of
various ranking transformations on the data distributions, and case studies that exhibit large
changes in ranking and impact classification between linear and nonlinear transformations are
analyzed to assess the bias introduced by normalization methodology. Nonlinear
transformations are observed to favor the high-impact classification of tracts with above average
values for the majority of indicators while reducing the effect of outliers. A variance-weighted
Principal Component Analysis (PCA) is employed to compare the results of inductive
aggregation to the more theoretically derived baseline index. A PCA based index is observed to
agree generally with the baseline index and classify the impacted tracts with high accuracy
using only the first two principal components. The loading structure of individual indicators within
these first two components suggests that twin gradients of urban environmental degradation
and socioeconomic deprivation are driving the index rankings in the current formulation of the
EHD map.
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Chapter 1: Mapping development and health effects of cooking with solid fuels in low-income

and middle-income countries, 2000—18: a geospatial modelling study

(Reprinted from https://doi.org/10.1016/S2214-109X(22)00332-1)

Summary

Background

More than 3 billion people do not have access to clean energy and primarily use solid fuels to
cook. Use of solid fuels generates household air pollution, which was associated with more than
2 million deaths in 2019. Although local patterns in cooking vary systematically, subnational
trends in use of solid fuels have yet to be comprehensively analysed. We estimated the
prevalence of solid-fuel use with high spatial resolution to explore subnational inequalities,
assess local progress, and assess the effects on health in low-income and middle-income

countries (LMICs) without universal access to clean fuels.

Methods

We did a geospatial modelling study to map the prevalence of solid-fuel use for cooking at a 5
km x 5 km resolution in 98 LMICs based on 2-1 million household observations of the primary
cooking fuel used from 663 population-based household surveys over the years 2000 to 2018.
We use observed temporal patterns to forecast household air pollution in 2030 and to assess
the probability of attaining the Sustainable Development Goal (SDG) target indicator for clean
cooking. We aligned our estimates of household air pollution to geospatial estimates of ambient
air pollution to establish the risk transition occurring in LMICs. Finally, we quantified the effect of
residual primary solid-fuel use for cooking on child health by doing a counterfactual risk
assessment to estimate the proportion of deaths from lower respiratory tract infections in

children younger than 5 years that could be associated with household air pollution.

Findings

Although primary reliance on solid-fuel use for cooking has declined globally, it remains
widespread. 593 million people live in districts where the prevalence of solid-fuel use for cooking
exceeds 95%. 66% of people in LMICs live in districts that are not on track to meet the SDG
target for universal access to clean energy by 2030. Household air pollution continues to be a

major contributor to particulate exposure in LMICs, and rising ambient air pollution is


https://doi.org/10.1016/S2214-109X(22)00332-1

undermining potential gains from reductions in the prevalence of solid-fuel use for cooking in
many countries. We estimated that, in 2018, 205 000 (95% uncertainty interval
147 000-257 000) children younger than 5 years died from lower respiratory tract infections that

could be attributed to household air pollution.

Interpretation
Efforts to accelerate the adoption of clean cooking fuels need to be substantially increased and
recalibrated to account for subnational inequalities, because there are substantial opportunities

to improve air quality and avert child mortality associated with household air pollution.

Funding
Bill & Melinda Gates Foundation.

Introduction

The deleterious health effects of household air pollution are long established: solid-fuel use,
defined by WHO as primary reliance on wood, crop residue, coal, or dung for cooking, heating,
and lighting,1 was first associated with increased risk of respiratory infections in children in
Papua New Guinea almost 50 years ago.2 The fine particulate matter smaller than 2-5 pm
(PM2-5) generated by solid-fuel use is a complex mixture that causes harm to health through
multiple pathways, including mucociliary dysfunction (which increases susceptibility to infection)
and hyperinflammation or immunodeficiency (which can worsen disease prognosis).3 Solid-fuel
use results in PM2-5 exposure both within the home and more broadly through emissions that
contribute substantially to ambient air pollution.4, 5

High-income countries have almost fully transitioned to clean fuels (ie, the prevalence of
solid-fuel use is less than 5%).6, 7 Across low-income and middle-income countries (LMICs),
the net effects of household air pollution—including health effects (US$1-4 trillion), lost
productivity ($0-8 trillion), and environmental degradation ($0-4 trillion)—represent an immense
annual cost, and thus access to clean and sustainable energy needs to be an essential part of
the development agenda.8 Clean cooking is core to proposed indicators for monitoring
Sustainable Development Goal (SDG) 7 (target 7.1: universal access to clean fuels and
technology), and has important synergies with goals related to health (SDG 3), education (SDG
4), gender (SDG 5), urban development (SDG 11), climate change (SDG 13), and terrestrial

ecology (SDG 15).9 Prevention strategies targeting household air pollution are shifting towards



supplying households with technology or fuels for clean cooking, such as liquefied petroleum
gas or electricity.10 Clean-fuel campaigns are often targeted subnationally, and even
country-level programmes have shown heterogeneous patterns of adoption.11, 12 Previously,
descriptive analyses of household air pollution and solid-fuel use have focused on a subset of
relevant countries13, 14 or have been done globally but constrained by their spatial scale,6, 15

and were of little use for highlighting local patterns or identifying subnational inequality.

Research in context

Evidence before this study

We did not do a formal systematic search of the literature. Previous analyses have quantified
the cause-specific disease burden associated with household air pollution globally, including
studies using integrated exposure—response curves and pooled meta-analysis from a
systematic review. These efforts showed the substantial health effects associated with cooking
with solid fuels but did not examine trends in the underlying prevalence of the use of solid fuel in
depth. A study estimated the prevalence of primary reliance on specific fuel types at the global
and national level over the past 30 years, including forecasts to 2030. Evidence that
community-level drivers are the strongest predictors of clean fuel adoption implies that the
operational scale of solid-fuel use is more granular and that failure to account for local patterns
could obscure inequalities.

Added value of this study

We used geostatistical methods to estimate the prevalence of primary use of solid fuels for
cooking and household air pollution at substantially higher resolutions than previous studies,
which allowed us to do subnational trend analysis in 98 low-income and middle-income
countries from 2000 to 2018. By aggregating these geospatial estimates to second-level
administrative boundaries (districts), we were able to provide actionable insights aligned to the
scale of precision public health. We also made projections of progress to 2030, which suggested
that few countries are on track to reach the Sustainable Development Goal of universal access
to clean fuels within the coming decade. Finally, we combined our high-resolution estimates of
the prevalence of solid-fuel use for cooking with exposure—response curves and equivalently
resolved estimates of under-5 mortality from lower respiratory tract infections to quantify effects
on child health.

Implications of all the available evidence

Although some regions exhibited substantial progress from 2000, in many regions in low-income

and middle-income countries, primary reliance on solid fuels for cooking was still ubiquitous in



2018. We noted substantial subnational disparities, leading to health inequalities. Local
estimates highlight the outstanding challenge of attaining universal access to clean cooking
fuels, and risk assessments showed that hundreds of thousands of children still die annually
from lower respiratory tract infections associated with household air pollution. The economic
downturn and increased public health strain associated with the ongoing COVID-19 pandemic
suggest that our forecasts are likely optimistic, and that the transition to clean and modern fuels

must be broadly accelerated to fulfil the bold ambitions of the Sustainable Development Goals.

In this study, we generate the first high-resolution geospatial estimates of the prevalence of
solid-fuel use (as indicated by primary fuel type) and the resulting household concentrations of
PM2-5 in 98 LMICS. Our aim was to assess growth in access to clean cooking fuels over the
past two decades. We also use temporal trends from 2000 to 2018 to forecast the likelihood of
achieving SDG target 7.1 by 2030. We further quantify the household-level relationship between
household and ambient air pollution by juxtaposing our estimates with data for ambient
exposure to PM2-5 with equivalent spatial resolution to establish a robust indicator of total
personal exposure to PM2-5 air pollution. Finally, we combine our results with population data,
PM2-5 exposure—response functions, and equivalently resolved geospatial estimates of
mortality from lower respiratory tract infections (LRTIs) in children younger than 5 years—a case
study designed to assess the health effects of residual solid-fuel use in this vulnerable

population.

Methods

Data sources

Solid-fuel use was estimated on the basis of population-based household survey data, in which
respondents indicated the primary cooking fuel being used in the household. These responses
were mapped to one of eight categories: no cooking in household, electricity, gas, kerosene,
coal, wood, crop waste, and dung. Coal, wood, crop waste, and dung were considered solid
fuels, whereas the others were deemed clean fuels. We then constructed a binary indicator of
solid-fuel use (primary reliance on solid fuels vs primary reliance on clean fuels).

98 LMICs were included in the analysis based on their Socio-demographic Index scores (a
development index derived from education, fertility, and poverty estimates), which were
calculated using values from the low, low-middle, and middle quintiles from the Global Burden of
Disease 2019.16 Sources of input data were only included for modelling if they were

representative of the entire population during the time period and across the geographical area



of measurement. Furthermore, certain sources were excluded if the associated estimates
seemed implausible based on expert review of estimates and comparison with other sources in
the same country and time period. We excluded LMICs with populations of less than 1 million
and those that did not have household survey data available (appendix p 2). In total, 663
household surveys were compiled and extracted (appendix p 84). The full database represented
2-1 million people from 2000 to 2018 and included geocoded information from 181 556
coordinates (points) and 417 650 subnational administrative boundaries (polygons). Further
details about the data-extraction and data-processing sequence are in the appendix (p 4).
Definitions

In this study, we defined solid-fuel use as the household-level prevalence of primary reliance on
solid fuels for cooking, which was described by the adminstrators of the included surveys as the
fuel used most often for cooking in a household. In accordance with the Global Burden of
Disease (GBD) 2019 study,16 household air pollution was defined as the incremental
concentration of PM2-5 generated from cooking with solid fuels. We used the estimated ambient
concentration of PM2-5 in a location as the baseline exposure (appendix p 6). We subtracted
this value from the total personal PM2:5 exposure estimated for a solid fuel user: the difference
represented the additional contribution of household air pollution to PM2-5 exposure.

Statistical analysis

Available geospatial covariates with plausible a priori relationships with solid-fuel use were
compiled for use in the prediction model (appendix p 4). We included seven indicators of
urbanicity or development, which could be associated with increased access to clean-fuel
technologies,17 such as travel and night-time lights. We also included 16 environmental
indicators that might be associated with access to fuelwood or other solid fuels,18 including
diurnal temperature range, elevation, and the normalised difference vegetation index (an
indicator of whether a given observation contains live green material, which is calculated by
comparing satellite images generated from visible and near-infrared light to estimate plant mass
in the pixel). To account for potential multicollinearity, we used the variance inflation factor to
analyse these covariates and filtered for each modelling region using a threshold of 5 (which
was chosen to prioritise predictive over explanatory power).

We used a Bayesian hierarchical modelling framework to model household exposure to
solid-fuel use through a generalised linear mixed-effects model that was spatially explicit.
Prevalence of exposure to solid-fuel sources was modelled using the observed number of

household members exposed as binomial count data (Cd) among a sample size (Nd). Annual



prevalence in each primary sampling unit (cluster; d) for each survey was the modelled quantity,

which was mapped to a geospatial raster location (i) for every year (t):
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The appendix (p 5) contains a detailed explanation of these calculations, including definitions of
all other included variables.

Prevalence of solid-fuel use was modelled as a linear combination of three submodels
(generalised additive models, gradient boosted decision trees, and lasso regression; appendix p
4), rasterised spatiotemporal covariate values, a correlated spatial random effect term (Zi),
country random effects (ec), survey-specific random effects (en), and an independent nugget
random effect (ei). The coefficient of each submodel (B), represented the predictive weighting
within the logit link. A key strength of this approach is the ability to leverage residual correlation
structures within the predictions to make more accurate estimates for data-sparse locations,
while simultaneously propagating this dependence through to estimates of uncertainty in all
indicators (appendix p 6). The posterior distributions were fit based on approximations in
integrated nested Laplace approximation (R-INLA), with approximation of the stochastic partial

differential equations to the Gaussian process residuals done in R (version 3.6.1).



Models were assessed on the basis of a five-fold out-of-sample cross-validation strategy that
was stratified over space (appendix p 6). Estimates of bias (mean error), variance
(root-mean-square error), coverage of data by 95% prediction intervals (appendix p 6), and
correlations between predictions and observed data were used to assess the models (appendix
p 6). In-sample and out-of-sample model validation plots were also produced comparing every
country and first and second administrative unit estimated with the observed data for those units
(appendix p 6).

Pixel-level estimates of solid-fuel use were calibrated to estimates from the GBD 2019 study
using a previously described method19 to preserve relative spatial patterns while ensuring
comparability and incorporating information from national-level reports that could not be used
within geospatial models. We defined calibration factors on the basis of comparison of draws
from GBD outputs to population-weighted aggregations of our estimates at the highest level of
spatial granularity available (either national or the first administrative level for select countries for
which GBD-produced subnational estimates were available).

We combined the model output (P(SFU)) with geospatial estimates of population (pop) and
ambient PM2-5 exposure (APM2-5) from the GBD 2019 study16 to calculate personal total
exposure to PM2-5 pollution (TAP) (the sum of household and ambient air pollution in each 5

km x 5 km grid cell i [pixel]):

HAP, .z = (P(SFU), ., * popi.ct) * HPM; s, l
TAP..s = popics * APMys,, + HPM; ., |
TAPRR;cs0 = IBR() [
TAPPAF, .y, = popriiicte I

HAPN,,,, = TAPPAF,.,,* N0, * HAP,.,/TAP,,, |

Estimates of the expected incremental PM2-5 concentration generated in a household using
solid fuels (HPM2-5) for a given country (c) and year (t) from GBD 2019 were used to calculate
the concentration of household air pollution in the exposed population.20 The per-person annual
average ambient PM2-5 estimate from GBD 2019 (APM2-5) was summed with the household
air pollution concentration to calculate the total air pollution concentration. The fraction of total

personal exposure to PM2-5 air pollution contributed by household air pollution in each pixel



was estimated to provide the household air pollution share (HAP%). Finally, the per-person air
pollution concentration in each pixel was used as an input to the GBD 2019 risk (IER).16 curve
for LRTls to estimate a relative risk (RR) and population attributable fraction (PAF) for every
PM2-5-associated outcome (0) in each pixel. The population attributable fraction is a
counterfactual estimate of the disease burden explained by a given risk factor, based on the
level of exposure and corresponding excess relative risk of disease.16 The population
attributable fraction for LRTIs was combined with pixel-level estimates21 of under-5 LRTI
mortality counts(Ni,c,t,0) to estimate the count (TAP N) and rate of deaths from LRTIs that were
attributable to total air pollution and specifically to household air pollution and ambient air
pollution in each district.

All pixel-level indicators were population-weighted and aggregated to first (regions) and second
(districts) administrative levels using shapefile boundaries from the Database of Global
Administrative Areas shapefiles. We quantified within-country inequalities by using the range
between the best-performing and worst-performing district for a given year and the average
interpersonal difference, which estimates the average difference between any two districts in a
country-year.22 Absolute and annualised rates of change from 2000 to 2018 were computed to
quantify temporal trends over the study period. This annualised rate of change was applied to
2018 values to project the summary exposure value (a risk-weighted summary measure of
exposure prevalence)16 to 2030 for assessment of the attainment of SDG indicator 7.1.2 (the
proportion of population with primary reliance on clean fuels and technology, which is used as a
tracking benchmark for SDG 7). We chose this target indicator because it corresponds most
closely to our modelled proportion on the basis of previously published23 methods that were
consistent with the GBD 2019 study.16 The annualised rate of change for solid-fuel use (P) was
calculated at the draw level (i) for each pixel (m) by estimating the rate between each pair of

adjacent years (t):
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The annualised rate of change was then weighted across all years, such that more recent rates were additionally weighted. Weights
(W) were defined as:
W, = (t —200+1)¥ |

For this analysis, w was defined using draws from a distribution generated empirically for this indicator in the GBD 2019 study, with a
mean value of 2-3 and an SD of 0-41. The weighted annualised rate of change for each pixel was generated for each unit as:
Annualisedrateo fchange = logit(zggég W, * Annualised I

rateofchange; )

Annualised rate of change estimates for 2018 were used to predict for 2030:
Proj; 9030 = logit_1 (logit(P; m 2018) + Annualisedrateof I

change; ,, * (2030 — 2018))

Attainment probabilities for SDG indicator 7.1.2 were derived from the percentage of simulations
in 2030 with summary exposure below 5%, a threshold chosen on the basis of estimates of
solid-fuel use in high-income countries.24 We used the R-INLA package in R (version 4.1.3) for

our analyses. All code used in the analysis is available online.

Role of the funding source
The funder of the study had no role in the study design, data collection, data analysis, data

interpretation, or the writing of the report.

Results

Subnational solid-fuel use prevalence was notably spatiotemporally heterogeneous (figure 1A),
underscoring the importance of subnationally tracking cooking behaviours and corresponding
measures of pollution. In 2018, 10-:0% (95% uncertainty interval [Ul] 7-4—13-9; appendix p 6) of
the population in LMICs (593 million people) lived in districts where the prevalence of solid-fuel
use exceeded 95%. National prevalence estimates masked substantial within-country
heterogeneity (figure 2). For example, the average solid-fuel use prevalence in Guatemala was
52-:0% (95% Ul 40-0-63-2), but across just 140 km, prevalence ranged from 1:0% (0-3-3) in
Zona 22, Guatemala City, to 91:6% (79-4-97-8) in Santa Eulalia, Huehuetenango. During the

study period, the average interpersonal difference increased by 43-0% across all LMICs.



Figure 1 Prevalence of, and change from 2000 to 2018, in solid-fuel use, household air

pollution, total air pollution, and deaths attributable to LRTI in children younger than 5

years in low-income and middle-income countries

(A) Mean prevalence of solid-fuel use for cooking, 2018 (as indicated by primary fuel type). (B)
Total concentration of PM2-5 in air by source, 2018. (C) Mean number of deaths from LRTIs
(per 1000 children younger than 5 years) attributable to total concentration of PM2-5 in air,
2018. (D) Overlapping terciles of mean risk-weighted prevalence (SEV) of HAP in 2018 and
relative uncertainty. These data were used for our projections of SDG attainment in 2030. (E)
Percentage change in mean proportion of solid-fuel use for cooking, 2000 to 2018. (F)
Percentage change in total concentration of PM2-5 in air, 2000 to 2018. (G) Percentage change
in the proportion of LRTI deaths (per 1000 children younger than 5 years) attributable to total
concentration of PM2-5 in air, 2000 to 2018. (H) Probability of attaining SDG 7.1 by 2030. All
panels are aggregated to the second administrative-level unit. Maps reflect administrative
boundaries, land cover, lakes, and population. Grey-coloured grid cells had fewer than ten
people per 1 km x 1 km grid cell and were classified as barren or sparsely vegetated, or not

included in this analysis. HAP=household air pollution. PM2-5=particulate matter of less than



2-5 uym in diameter. SEV=summary exposure value. LRTI=lower respiratory tract infection.

SDG=Sustainable Development Goal.
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Figure 2 Geographical variations in the prevalence of solid-fuel use for cooking in 98

low-income and middle-income countries

Each bar represents the range of the prevalence of solid-fuel use for cooking (as represented by
primary fuel type) across all districts within each country. The Xs and dashed bars represent the
mean and range in 2000, whereas the dots and solid bars represent the mean and range in
2018. Countries are grouped according to geographical region and coloured according to the
Global Burden of Disease 2019 super-regions (see inset thumbnail).16 Each country is labelled
by its ISO-3 code.

Prevalence of solid-fuel use fell across LMICs (figure 1E) from 67-8% (95% Ul 67-1-69-0) in
2000 to 56-5% (53-8-57-9) in 2018, a relative decrease of 16:7% (14:3-21:6). Due to
population growth, however, an additional 359 million (234 million—388 million) people were
exposed to solid-fuel use in 2018. We estimated that, in 2018, 56-5% (53-9-57-9) of people in



LMICs, roughly 3-38 billion (3-21 billion—3-45 billion) of the 5-96 billion in the study area (which
rose from 4-4 billion in 2000) relied primarily on solid fuels for cooking. Projections for the year
2030 (figure 1D) suggest that only five countries (Iraq, Iran, Jordan, Syria, and Turkmenistan)
across three regions, representing 3% of the 2018 study population, have a greater than 95%
probability of achieving universal access to clean cooking fuels (figure 1H) in every district.
District-level forecasting highlights the importance of using subnational estimation to monitor
progress towards universal access. National trends suggest that Mexico has a 98% probability
of meeting the threshold for universal access by 2030. However, this figure obscures local
inequalities, because 14% of the population (nearly 19 million people in 2018) live in districts
where the probability is less than 50%. In India, solid-fuel use prevalence has substantially
decreased, and the national attainment probability is up to 33%. Locally, however, more than
35% of people (482 million people in 2018) lived in districts where the forecasted probability of
attainment is less than 5%.

Moderate rates of change and the shortening timeline for achievement of the SDGs suggest that
few districts that had not already achieved the target of universal access to clean cooking fuels
in 2018 will do so by 2030. In 2018, 3-8 billion people in LMICs (ie, 65-7% of the population)
lived in districts that did not meet the threshold for universal access to clean cooking fuel. Our
projections suggest that only 22-0% (835 million) of these people live in a district that is
forecasted to meet the threshold by 2030. Countries with the largest share of districts that were
above the threshold in 2018 but on track to meet it by 2030 included Gabon (where 93:9% of
the population that has yet to meet the goal lives in districts that are projected to meet it by
2030), China (82-:9%), South Africa (66-5%), Mongolia (52:7%), Suriname (40-5%), Ecuador
(27-6%), and Uzbekistan (24:6%). In 27 countries, every district is projected to remain above
the 5% threshold by 2030 with high certainty (figure 1H). In the 48 countries containing both
districts that are projected to meet the threshold and districts projected to fail to meet it, the
proportion of the population living in a district that is not on track (as of 2018) ranged from less

than 1% (14 459 people) in Uzbekistan to 95% (49 million people) in Kenya (figure 3).
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Figure 3 Projections of the probability of attainment of SDG 7.1 by 2030

Progress towards SDG 7.1 was monitored by estimating access to clean cooking fuel across the
study period, calculating the annualised rate of change and forecasting to 2030. The bars
represent the share of population living in districts that were projected (with 95% certainty) to be
above (negative values) or below (positive values) a threshold of 5% for attainment in 2030. The
translucent, lighter-coloured sections of the bars represent projections in districts with less
certainty (greater than 50%, but less than 95%). The bars are coloured according to Global
Burden of Disease 2019 super-regions (see inset thumbnail).16 Only the 48 countries where at
least one district was projected to be above the threshold and at least one was projected to be
below the threshold were included. Each country is labeled by its ISO-3 code. SDG=Sustainable

Development Goal.

The total concentration of PM2-5 air pollution to which people were exposed was nearly halved
(mean decrease 47-2% [95% Ul 46-4—-47-7]) from 2000 to 2018 (figure 1F). However, in 2018,
only 14-9% (10-9-18-4) of people in LMICs lived in districts that met WHQ's air quality interim
target25 of 35 ug/m3 (figure 4A), and 80% of people were exposed to annual concentrations
greater than 44 ug/m3 (for comparison, in 2000, 80% of the population lived in pixels with



concentrations that were almost double that value, at 82 pg/m3 or more). Globally, the
proportion of the total particulate matter concentration contributed by household air pollution
decreased from 66-3% (64-8—70-0) in 2000 to 46-5% (43-2—47-8) in 2018. Household air
pollution contributed most of the total PM2-5 air pollution in 69 of 98 countries in 2000, and 50 of
98 in 2018, suggesting a risk transition for the main source of particulate matter exposure in

LMICs.

a p=5.8 billion HAP AAP
i All other LMICs

Brazil
China
India

Indonesia
Mexico
Nigeria

Population

p=4.3 billion
Hg/ms PM

15 35 50 100 300 600

[=0.32 million

Under-5 LRI deaths

b =0.79 million

Figure 4 All-age population (A) and LRTI deaths attributable to total PM2-5
concentrations in air in children younger than 5 years (B) in 2000 and 2018, distributed as

a function of PM2-5

Within each distribution, the darker shading represents the portion of air pollution contributed by
household sources, whereas the lighter shading represents the portion contributed by ambient
sources. The plotted data represent local smoothing of normalised distributions that were
computed over 400 logarithmically spaced bins. The dashed vertical line indicates WHQO's

interim threshold for PM2-5 air pollution (35 ug/m3). The y-axis labels provide the total area



under the curve. Data for all other LMICs included in the study are broken down by country in
the appendix (p 42). LRTI=lower respiratory tract infection. HAP=household air pollution.
AAP=ambient air pollution. PM2-5=particulate matter of less than 2-5 pm in diameter.

LMICs=low-income and middle-income countries.

We focused our case study on the effects of particulate matter on child health, given the
availability of analogous high-resolution geospatial estimates for mortality attributable to LRTIs
in children younger than 5 years.21 Over the study period, the population attributable fraction of
fatal LRTIs associated with total exposure to PM2-5 air pollution in all LMICs fell from 45-7%
(95% Ul 32-:2-57-6) in 2000 to 38:4% (24-9-51-9) in 2018, a relative reduction of 16-:5% (95%
Ul 9-:0-26-5). Nearly half of fatal LRTIs in 2018 were attributable to total exposure to PM2-5 air
pollution in sub-Saharan Africa (49-8% [36-4—61-4]). Across LMICs, most fatal LRTls were
attributable to total exposure to PM2-5 air pollution in 10-0% (0-0-22-3) of districts. We
estimated that, across LMICs in 2018, 320 000 (218 000—408 000) children died from LRTIs
attributable to air pollution (figure 1D) compared with 747 000 (533 000-932 000) in 2000. This
reduction was driven largely by reductions in solid-fuel use: the number of LRTI deaths
attributable to household air pollution in children younger than 5 years fell by 65-5%
(62-3—68-6). However, an estimated 205 000 (147 000-257 000) children still died from LRTls
attributable to household air pollution in 2018. These deaths are now associated with lower
pollution concentrations (figure 4B): the median was 202 pg/m3 in 2018, compared with 326
pug/m3 in 2000. Across LMICs, the share of attributable under-5 LRTI mortality that was driven
by household versus ambient particulates fell from 79:6% (77-4—-81-6) in 2000 to 64-3%
(61-6—67-9) in 2018, signalling that household air pollution is still a crucial factor in under-5 LRTI
deaths.25

District-level burden estimates further underscored the risk transition occurring in LMICs: the
concentrations of particulate matter to which populations were exposed decreased, and were
increasingly driven by ambient sources (figure 5). This transition generally decreased the share
of LRTIs attributable to particulate air pollution (figure 1E). However, as experienced in China,
India, and Nigeria, sharply rising outdoor pollution superseded clean cooking adoption and
offset potential burden reductions (figure 5). In some countries, the prevalence of fatal LRTls
(figure 1G) fell without a corresponding decline in household air pollution: in Laos, for example,
the rate of fatal LRTIs per 1000 children younger than 5 years fell 73-8% (95% Ul 66-3—-80-9)
between 2000 and 2018, while solid-fuel use prevalence decreased by only 3-:5% (1-:0-6-9). In

the 19 countries where under-5 LRTI death rates still exceed two per 1000 children, however,



the proportion of LRTI deaths attributable to household air pollution ranged from 21:4%
(12-8-30-0) in Lesotho to 60-9% (44-8—75-7) in Somalia, suggesting that reduction of

household air pollution remains fundamental to the elimination of preventable child mortality.
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Figure 5 Air pollution risk transition, 2000-18

(A) Trends in the proportion of LRTI deaths attributed to total air pollution at the second
administrative unit (district) level in five low-income and middle-income countries. These
countries were chosen to exemplify different stages of air-pollution risk transition (all other
countries included in the study are illustrated in the appendix [p 63]). The y-axis rugs indicate
the gradient of background LRTI mortality rates for 2000 (left) and 2018 (right), illustrating the
correlation between LRTI rates and the fraction attributable to total ambient air pollution. The
lines connect a district to its preceding timepoint across the series. (B) Countries with the
highest LRTI mortality in 2000 for each Global Burden of Disease subregion. The grey contours
represent district-level distributions in 2000, whereas the navy represents distributions in 2018.
In Thailand and South Africa, for example, reductions in household air pollution have resulted in

less than a quarter of LRTIs being attributable to air pollution, whereas in China and India,



similar reductions have been counteracted by rising ambient air pollution concentrations, which
means that a larger share of LRTI deaths in children younger than 5 years continue to be

attributable to total air pollution. LRTI=lower respiratory tract infection.

Discussion

The results of our geospatial modelling study suggest that, despite progress since 2000,
solid-fuel use continues to be widespread in LMICs, with uneven improvements driving regional
and within-country inequalities. Our projections indicate that attaining the SDG target of
universal access to clean cooking fuels by 2030 is improbable for many countries. Total
particulate matter exposure fell between 2000 and 2018, but most people in LMICs continue to
be exposed to PM2-5 concentrations far above the interim air quality target of 35 ug/m3. The
fraction of total PM2-5 contributed by ambient air pollution rose, as growing outdoor
concentrations in many geographies offset the health gains of cleaner cooking. The combination
of a slow transition from solid-fuel use and displacement by ambient pollution sources supports
a mandate for strengthening efforts to drive decreases in exposure to realise crucial health
gains. The health effects of inaction are particularly relevant to vulnerable populations, such as
children younger than 5 years, among whom more than a third of deaths from LRTIs are still
attributable to air pollution.

The inclusion of clean energy in multinational initiatives such as the Global Forum on Child
Pneumonia,26 climate change mitigation,27 and a web of interlinked SDG targets9 indicates
that promotion of clean fuels will be crucial to the global development agenda in the coming
decade. The energy-ladder hypothesis initially asserted that adoption of clean fuel sources was
primarily driven by rising income, but subsequent research suggests that residential energy
choices are influenced by a variety of complex socioeconomic forces, including community
factors, agricultural practices, and dietary preferences.14, 28 Cooking is social, and campaigns
to develop new energy markets by reducing prices and strengthening supply chains should be
integrated with marketing and educational outreach activities to build knowledge and change
household norms.29 Policies that include rural electrification and fuel subsidies have been
efficacious, but our estimates support critiques that these campaigns need to be accelerated
and redirected to target rural households that are continuing to fall behind in the adoption of
clean cooking fuels.30

Ambitious programmes, such as India's Pradhan Mantri Ujjwala Yojana, have substantially
increased adoption of clean fuels, but beneficiaries struggle to sustain regular use.12 Our

estimates were derived from data for primary fuel type, and the widespread nature of stacking



(ie, parallel use of multiple fuel types31) supports the value of a more specific proxy for clean
cooking than that used by us and in most household surveys. The Multi-Tier Framework surveys
for some countries show that the extent of stacking depends on local context: for example, most
urban households in Cambodia stack,32 whereas more than 90% of households in Rwanda use
one stove to meet their energy needs.33 Air-monitoring data help to clarify the direction and
magnitude of the bias introduced by exposure misclassification as a result of stove stacking:
compared with households that exclusively use their primary fuel for cooking, households that
primarily use clean fuels but stack with a solid fuel have a much higher particulate matter
differential than households who stack with a solid primary and clean secondary fuel, suggesting
that primary fuel data underestimate the true burden of household air pollution.34

Ultimately, switching of primary fuel sources is an inadequate target for the reduction of
household air pollution to levels that are acceptable for human health. While our analysis of
primary fuel data shows the tremendous scale of residual solid-fuel use, it represents a narrow
interpretation of SDG 7.1, and attainment of universal access to modern energy should
incorporate solutions that acknowledge the contextual challenges of LMIC households (eg,
power outages, fuel shortages, device malfunctions). Expanding the spatiotemporal coverage of
nuanced surveys with more specific assessments of household energy behaviours would allow
for future analyses to maintain our global scope while transitioning to more sophisticated
indicators, like the Multi-Tier Framework data, to enable calculation of adequate proxies for total
personal exposure to PM2-5. Likewise, other indicators relevant to the immediate housing
environment35 should be integrated with these estimates to account for the synergistic effects
they have on health outcomes.

Our study had several limitations. Although data6 suggest that use of kerosene as a fuel for
cooking has substantially diminished globally during the study period, our exclusion of kerosene
in calculations of household air pollution probably underestimates the burden in countries where
kerosene is still commonly used,36 such as Equatorial Guinea, Djibouti, and urban areas in
some Oceanian nations.6 Furthermore, the lack of comprehensive data for fuels used for
heating and lighting restricted our analyses to cooking. Solid-fuel use for heating especially
contributes substantially to seasonal concentrations of PM2-5 in LMICs with cooler climates.37
Thus our burden estimates are probably too low in important cases, such as China38 and South
Africa.39 Restricting our epidemiological case study to LRTI deaths in children younger than 5
years is an additional limitation, because LRTIs represent only a fraction of the deleterious
health effects of air pollution. Aside from the robust evidence for effects on other child health

endpoints, including adverse birth outcomes40 and neurodevelopmental effects,41 PM2-5



pollution substantially affects adult health and is associated with chronic diseases like
cardiovascular disease, chronic obstructive pulmonary disease, lung cancer, and diabetes.7
Finally, the accuracy of our estimates is a function of the quality and volume of survey data
available, and uncertainty is substantial in areas where data are missing or less reliable. Our
projections are based on a simplified method for applying annual trends to estimates for 2018,
and are dependent on countries maintaining this rate of progress. Accordingly, they do not
reflect the potential effect of new technologies or investments in clean energy, nor do they
capture how widespread economic and societal disruptions—such as those associated with the
COVID-19 pandemic—could negatively affect immediate and long-term trajectories.
Pandemic-related effects on pollution are likely to be multifaceted and nuanced across settings,
and could vary in relation to a combination of public health measures taken against
COVID-19.42

There have been notable triumphs in the push for global transition to clean cooking fuels, yet
our estimates clearly show the breadth of residual exposure to household air pollution and the
substantial challenges faced in addressing the relevant SDG targets before 2030. Unless global
and national investments in clean energy access and adoption increase substantially this
decade, household particulate concentrations will remain far above acceptable levels and the
bold SDG ambitions for clean energy will remain unmet. Heterogeneity in reductions in the
prevalence of solid-fuel use emphasises growing inequality in much of the world, and the
changing relationship between solid-fuel use and ambient air pollution underscores the
importance of continuing to push for universal access to clean fuels. Collectively, our results
emphasise the need to support access to clean cooking fuels to achieve development goals and
can help to inform the design of geospatially targeted campaigns that combat areas of enduring

deprivation by proactively targeting inequality.
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Chapter 2: Scales of Environmental Justice: Global Sensitivity Analysis of the Washington

Environmental Health Disparities Map

Abstract

Background: Theoretically-derived models of cumulative impact are increasingly
applied to synthesize environmental and population health datasets, generating
composite indicators used in benchmarking and policy-making.

Methods: We conducted a global sensitivity analysis to validate the methodology
of the Washington Environmental Health Disparities (EHD) map by permuting across
alternative methods derived from the composite indicator construction literature,
generating estimates of the uncertainty that results from analyst decisions in the
development process. We estimated variance-based first, second and total order Sobol
sensitivity statistics to quantify the relative influence of parameter choices on the tract
rankings and on the accuracy of classifying communities in the top 20% of impact.

Results: On average, the rankings of census tracts changed by more than one
hundred ranks across these permutations. In comparison to the baseline EHD index,
variation was largest in the middle of the impact spectrum and smallest for tracts in the
top 10% of impact. The formula used in aggregation and the method of data
normalization were the most sensitive parameter decisions for both tract ranking and
impact classification.

Discussion: The EHD ranks are observed to be more robust in the highest impact
tracts and relatively uncertain throughout the rest of the index, suggesting that this data
is better suited for classifying hotspots than for quantifying ordinal impact. There are
strong assumptions underlying the baseline EHD ranking methodology and these
assumptions substantially drive the results.

Conclusion: Architects of environmental justice indicators must carefully consider
the assumptions made while normalizing indicator data and selecting an aggregation
formula, so that the uncertainties imparted by analyst decisions may be better

understood and transparently communicated to policy-makers and the community.



Intro

The association between the health of an environment and its inhabitants is a
fundamental concept in epidemiology.” Environmental factors are understood to impact
human health through a variety of direct and indirect pathways, and disparities in those
factors will manifest in health inequalities at the population level.? Given the complex
and synergistic nature of these relationships, multiple frameworks have been developed
with the aim of systematically understanding the pathways through which environmental
health impacts occur, including the exposure-disease-stress model and the World
Health Organization’s (WHO) drivers-pressure-state-exposure-effect-action (DPSEEA)
framework.>* These frameworks have been used to derive numerous environmental
health indicators, through which key drivers of this process are quantified for the
purposes of benchmarking and informing policy-making efforts.> A recurrent conclusion
of these frameworks is the distinction between direct effects (exposures) and more
distal factors (vulnerabilities), with the acknowledgement that these two categories are
cumulative and have multiplicative interactions that should be incorporated in order to
properly assess risk®. The inherent multidimensionality of environmental factors and
growing availability of broad sources for high-quality data lends itself to the development
of composite metrics in order to decrease complexity, track changes over time, aid
comparability, and facilitate interpretation and policy translation’.

Developing composite indicators is a well-established method to reduce the
dimensionality of models where proxy variables are being used to quantify latent factors
that are infeasible to measure outright. This approach is not without controversy, as in
any mathematical model, combining disparate metrics requires analysts to make
subjective decisions at every step of the process, introducing assumptions that have
been demonstrated to have substantial impacts on the distribution of resulting indices®.
As a result, methods have been developed to analyze the uncertainty (capturing how
sub-indicator uncertainty propagates during the aggregation process) and sensitivity
(quantifying the differential level of impact for each uncertainty source on the overall
variance of the index) of composite indicators in order to carry out quality assessment

and to evaluate the consequences of analytical assumptions therein®.
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The core methodological assumptions required for developing a composite
indicator include variable selection/imputation, normalization, weighting scheme, and
aggregation formula’. Based on the landscape of data available and at the appropriate
spatial resolution, variable selection can be performed using a conceptual model or with
data mining techniques™. When selected variables are drawn from a diverse array of
instruments and data-generating processes, they will present in different units of
measurement and require normalization prior to any synthesis. The selections could be
normalized by ranking, z-score standardization, min-max normalization, or distance to
target approaches'?. The variables are then weighted, sometimes equally, or through a
weighting schema that is derived from literature values, expert groups or stakeholder
assumptions, or data-driven using methods such as the variance-based Pearson
correlation ratio'. The formula for aggregating up to a final index is commonly inductive,
using dimensionality reduction techniques such as principal components analysis
(PCA)" or based on a deductive approach, which can also be formulated
hierarchically™. Given that environmental health is understood to be multidimensional,
latent, and therefore not directly observable, permuting the decision matrix of those
assumptions to analyze sensitivity and uncertainty is critical to robustly validating
composite indicators’®.

Conducting a local sensitivity analysis is the simplest way to quantitatively
compare different options at a given stage, by holding other steps as fixed and
analyzing the resulting index permutations through a metric such as the correlation
coefficient - where higher correlation demonstrates insensitivity of the index to
methodological assumptions made for that stage'®. A key limitation of this approach is
that local sensitivity analyses are only able to discretely examine individual stages,
meaning they will underexplore the sample space and are thus particularly inefficient for
composite indicators where the ratio of influential to uninfluential permutations is high
and unable to account for interactive effects’”'®. Alternatively, a global sensitivity
analysis may be employed, permuting all possibilities jointly in a Monte Carlo simulation,
and decomposing variance using bootstrapping analysis'®?°. Global sensitivity analyses

have been conducted for a variety of environmental and socioeconomic composite
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indices, but never before to our knowledge has this approach been used in validating an
index for environmental justice®?"#,

Beginning in the 1980s, the environmental justice movement developed to center
equity as a core tenet for environmental health policy discussions, with
community-driven initiatives to recognize and redistribute the uneven health burden of
environmental degradation®. To benchmark and quantitatively inform these efforts,
several different methods have been used to develop environmental justice indices,
including national level indicators such as the Environmental Justice Screening and
Mapping Tool (EJSCREEN)*. This was followed by more localized methods, such as
the California Communities Environmental Health Screening Tool (CalEnviroScreen)?,
based - as of its fourth iteration - on a hierarchical combination of 21 different state-wide
indicators. In Washington state, a novel community-academic-government partnership
led to the utilization of similar methods in developing the Environmental Health
Disparities (EHD) Map?®. In 2021, the historic passage of Washington’s Healthy
Environment for All (HEAL) Act institutionalized environmental justice values as a
guiding principle of state-level policy, calling for integration of these concepts for
decision-making and underscoring the critical importance of robust tools for
measurement and evaluation in the process. Of particular importance is the
identification and classification of highly-impacted communities, with their eligibility for
funding targeted to remediation and harm-reduction supporting the emphasis on
accurate monitoring.

The impact of methodological assumptions must be understood in order to
accurately translate health information into policies that most effectively target
environmental inequality. There are two central questions to this line of inquiry - first,
how confident should we be in the results of our composite indicator (uncertainty), and
which elements of the construction are most influential in driving this uncertainty
(sensitivity). In this study, we analyze the framework and model used to produce the
Washington State EHD Map, quantifying the uncertainty of the EHD ranking scores and
the sensitivity of the underlying assumptions necessary to calculation of that index. We
employed a global sensitivity analysis, simultaneously permuting the available and

relevant methods for each stage of the index construction, in order to capture the effect
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of interactions on index uncertainty?’. A multidimensional parameter space was derived
from the matrix of relevant decisions for each step of the process and then sampled
quasi-randomly using Sobol sequencing, permuting through indicator selection,
normalization, weighting, aggregation, and classification of highly-impacted
communities. For each permutation, the selected approach was compared against the
baseline ranking in order to calculate the mean average deviation in ranking.
Furthermore, the classification accuracy of the model was tested by calculating the
probability that the most impacted tracts in a given permutation would match the
baseline classification. Variance from this analysis was decomposed to generate Sobol
sensitivity scores, guiding our recommendations for the construction of future
environmental justice indices and helping to inform decision-makers when interpreting

the index in its current formulation.

Methods

The Washington State Environmental Health Disparities Map

The baseline for comparison in this sensitivity analysis is the second version of
the Washington State Environmental Health Disparities Map, a composite indicator
developed within a community-driven government-academic partnership to estimate
cumulative environmental risk statewide at the census tract level. The EHD map was
originally released in 2019, with a second iteration in 2022. EHD was formulated based
on the previously established CalEnviroScreen method, which similarly employed a
cumulative impact scoring framework to generate a single composite ranking. The
design of the EHD model required the selection of relevant indicators, normalization to a
standard unit scale, weighting, hierarchical deductive aggregation, and finally
classification into decile rankings of which the top 20% represented highly impacted
communities. The specific parameters for each of these steps for the sensitivity analysis

and for the baseline EHD ranking in the following Methods text.
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Indicator selection

Nineteen different indicators were selected for inclusion in the EHD ranking.
These include five indicators capturing environmental exposures (diesel emissions,
ozone, PM, ;, toxic releases from facilities, and traffic density), five indicators capturing
environmental effects (lead risk and exposure, proximity to hazardous waste generators
and facilities, proximity to Superfund sites, proximity to facilities with highly toxic
substances, and wastewater discharge), two indicators capturing sensitive populations
(rate of cardiovascular disease and rate of low birth weight infants), and finally seven
indicators capturing socioeconomic factors (low educational attainment, housing
burden, linguistic isolation, poverty, race (percentage people of color), transportation
expense, and unemployment). These indicators were hierarchically classified by those
four groups, and then further classified with an additional level of hierarchy (Figure 1),
where the first two groups representing threats and the latter two representing
vulnerabilities, with overall risk calculated by multiplying the aggregated scores for those
two groups?®. In order to investigate the influence of indicator selection, we permuted
the index by dropping the indicators, one at a time. Likewise, we examined the influence
of indicator development by analyzing the response of this index to differential
measurement error in these metrics, by additively simulating uniformly-distributed

random noise to each of the indicators as part of the parameter space.

Normalization

These nineteen indicators were measured on a variety of different scales, as
such they have incompatible units (from proportions, to population rates, to continuous
measurements) and must be normalized prior to aggregation. The baseline EHD model
accomplished this task by rank-ordering the data for each indicator and then binning it
into ten groups, converting to an ordinal classification. This is the simplest normalization
method, with the advantage being that it is more intuitive and very robust to outliers, but
in the same vein, it compresses the distribution, removes information about the
measured variance and makes tracking progress more difficult as the level values

cannot be preserved.
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Z-score standardization is an alternative, in which indicators are scaled such that
the values are distributed with a mean of zero and a standard deviation of one. Outliers
are more influential when using this method, as indicators that have extreme values will
tend to contribute more to the composite - a useful quality if the goal of the index is to
identify exemplars or severe inequalities. Re-scaling is a similar technique, except that
the indicator values are adjusted to create distributions that share a common range from
zero to one. Generally, composite indicators that use one of these two approaches
choose between them based on the aggregation method, with deductive aggregators
defaulting to re-scaling and inductive aggregators preferring to apply a z-score

standardization’®.

Weighting

Sub-indicators are generally weighted prior to aggregation, either based on
analyst or expert knowledge on the relative importance of each sub-indicator to the
latent data-generating process that the composite indicator is being designed to capture
(normative), or using a statistical approach (data-driven). Normative weights can be
divided into approaches that are equally-weighted or arbitrarily-weighted. Equal weights
is the most common and the simplest approach, skirting the need for analysts to
quantify the importance of each indicator by assuming that they are all equally important
or by viewing the exercise agnostically - a tacit admission that data or theory gaps make
it infeasible to accurately determine the relative values®. Alternatively, if the relative
importance of each indicator is understood to be known by the index developers, the
weights can be set arbitrarily to reflect that differential importance in the aggregation
step. The baseline EHD index used a hierarchical deductive approach with 2 additional
levels of hierarchy, composed at the first level of aggregation with 4 sub-categories,
where the individual indicators for each sub-category were equally weighted. Then, the
4 subcategories were aggregated up into two larger sub-categories, all of which were
equally weighted except the sub-category of environmental effects, which was arbitrarily
down-weighted by half in order to capture the relatively distal proximity of effects when

compared to exposures.
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If the relative importance of each indicator is not quantifiable or well-understood,
data-driven approaches can be used to exploit the distributions of the variables in order
to estimate appropriate weights. One method is to use the indicator correlations to
generate inverse weights for each indicator, which can prevent double-counting that
arises from positively correlated indicators reinforcing each other while uncorrelated
ones are downweighted®. This is a desirable quality in indices where the sub-variables
are understood to represent different elements of the latent factor. A similarly motivated
approach for reducing double-counting is to employ a multivariate statistical method
such as principal components analysis (PCA), which calculates linear combinations of
the variables that maximize the variance explained’. This ensures that each principal
component explains different statistical elements of the entire dataset, which can be
thought of as potentially corresponding to different sub-categories of the latent effect the
index is measuring. The resulting principal components themselves can aggregate the
final index (inductive approach), or the variable loadings can be input to be the weights
for a different aggregation formula. The loadings can either be restricted to the first
component on the rationale that it explains the most variation, or an eigenvalue
threshold of 1 can be employed to select significantly explanatory components and then
aggregate their loadings into weights by weighting each component itself by the percent

of variance explained'®.

Aggregation

Numerous sensitivity analyses indicate that the aggregation formula is generally
the most impactful assumption for the creation of composite indicators’®?'. The baseline
EHD calculation employed a deductive hierarchical approach, with two levels of
hierarchy. The first level was linearly summed with the arithmetic mean to produce two
sub-indicators. These two sub-indicators were summed multiplicatively based on an
established risk-scoring model*’:

Risk = Threat x Vulnerability

That equation was modified such that the population characteristics sub-indicator
(composed of the aggregation of variables for sensitive populations and socioeconomic

factors) captured population vulnerability, and the pollution burden sub-indicator
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(composed by aggregating the environmental effects and environmental exposures
indicators) represented environmental threats. To quantify the impact of the chosen
hierarchy, we also employed a non-hierarchical deductive approach, where all indicators
were summed by their arithmetic mean as a single step on the same level. We also
tested using geometric means to aggregate in both hierarchical and non-hierarchical
approaches. Finally, an alternative method, popularized by the social vulnerability to
environmental hazards (SoVI) index, is a more data-driven, inductive aggregation™.
There are a number of multivariate statistical techniques that can be applied within this

paradigm, but the most common is to use PCA.

Classification

Classification is an important final step of composite indicator construction,
typically employed for visualization or post-analysis of the ranked outputs. The
relevance of a threshold for highly impacted communities to environmental health
policy-making demonstrates the importance of carefully choosing the method for
classifying the resulting indices. Equal intervals is a common approach, where the ranks
are binned into a set number of classes such that each class has the same range.
Using quantiles is a similar approach, except bins are constructed where each class has
the same number of units - the baseline EHD index categories were created by binning
the ranks into deciles, which is aligned with the decile ranking method employed for
data normalization. Standard deviation based approaches, like z-scoring, can also be
employed to account for the resulting distribution of the composite indicator when
classifying the outputs. In this method, a standard deviation of less than or greater than
1.5 is often used to classify the high and low impact areas, with a threshold of less than
or greater than .5 classifying moderate impacts®'. To align our permutation with the
number of tracts being identified in the baseline EHD, we used a z-score threshold of

0.842, representing the 80th percentile of a normal distribution.
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Figure 1 - Global Sensitivity Analysis Framework
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The methodological framework of the global sensitivity analysis is presented as a flowchart,
where the parallelograms on the left side of the dotted line represent the different steps of
composite indicator construction, and the parallelograms on the right side represent the different
possible choices being sampled in the multidimensional parameter space. The diamonds
represent the data products, both final and intermediate being produced during the construction
process. The colors represent the applicability of that parameter selection to all aggregation
methods (purple) or to just the inductive (blue) or deductive (red) aggregations. Permutations
that sampled incompatible methods were excluded from analysis.

Global Sensitivity/Uncertainty Analysis

In order to test the sensitivity and uncertainty of the EHD across the universe of
potential choices for composite indicator construction, we permuted applicable options
as part of a global sensitivity analysis (see Figure 1). We used a low-discrepancy Sobol
sequence to iteratively permute quasi-random samples from a multidimensional sample
space that was constructed by drawing from the input distribution of each relevant
model parameter. From the resulting permutations, we estimated the mean absolute
change in ranking (MARC) and the probability of agreeing with the baseline index to
classify the top 20% of tracts as highly impacted areas (accuracy):

n
MARC = %Z |rank — rankl,|
i=1

baseline

We also estimated by area the 95% confidence interval across permutations to quantify
the underlying uncertainty of each census tract. Finally, we used the estimated
distributions of EHD rankings from the permutation analysis in a variance-based
sensitivity analysis by calculating Sobol sensitivity indices. This approach decomposes
the modeled variance in order to understand the sensitivity of the index to fluctuating
each model parameter®’. We calculated first order (S;) and total order (Sy;) effects using

the following estimators:

VIE(yl|z:)]

)

Sr. =1 — V[E (y ‘ x—z’)] _ E[V(y ‘ x_%.)]
: V(y) V(y)
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where i represents the parameter of interest, and X represents the set of all varied
parameters except parameter i. These estimators can be expressed as the fractional

reduction in variance expected if parameter i could be fixed.

Results

Uncertainty
In order to ensure adequate sampling of this parameter space, we drew from

each of the 19 methodological options 5000 times, generating 115,000 permutations of
the EHD index. Across the 1,458 census tracts in Washington state, the
population-weighted average rank change (Figure 2a) in comparison to the EHD version
2.0 rankings was 118, and that 25% of tracts moved by more than 165 spots. However
the change in rankings were not uniformly distributed across the ordinal ranks from the
baseline EHD index (Figure 3a), suggesting that varying the methods for constructing
this index can lead to larger rank deviations for census tracts that are currently being
classified mid to low impact (Figure 6b). The tract with the largest rank decrease was
located in Walla Walla county, falling from 582nd in the baseline EHD to 180th in the
median ranking across permutations. The tract with the largest increase was located in
King County, where a tract rose from 442nd in the baseline EHD to 976th in the median
ranking across permutations. Across the entire county (Figure 2a), the county with the
largest population-weighted average increase in ranking was Wahkiakum County (-218),
while Whatcom County had the largest average decrease (168). The counties that
tended to be most stable across permutations were Columbia (population-weighted
average deviation of -7) and Thurston (-2).

The 95% confidence interval of the various permutations provides a metric to
estimate the uncertainty that is introduced to this index by inherent methodological
assumptions (Figure 2b). The median range of the 95% confidence interval across the
state was 833 ranks, suggesting that the choices made in constructing this composite
indicator have a substantial impact on the ranking generated for any given census tract.
Geographically, this analysis indicates that the areas with the highest uncertainty in
Washington State are in the rural north-central area of the state, comprising Okanogan,

Ferry, Chelan, and Douglas counties, while San Juan county stood out as being the



most certain. In contrast to the rank deviations, we observed that the index tended to be
most uncertain in the center of the distribution, while the extremes have higher
confidence as measured by sensitivity to deviations given methodological changes
(Figure 3).

Figure 2: Tract-level maps of mean deviation, uncertainty range, and bivariate
uncertainty as a function of the baseline EHD rank.
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The results of the global sensitivity analysis at the census tract level are displayed as
choropleths of the mean change in rank from the baseline EHD ranking (a), rank uncertainty as
measured by the range of the 95% confidence interval of all permutations (b). Here, the left
inset histograms display the population-weighted averages at the county level on the same color
scale as the maps. For the change plots, red denotes increases (where the median rankings
from the permutations were larger than those of the baseline EHD) and the blue decreases. The
bottom map uses a bivariate color scale to display the relationship between baseline EHD
ranking and rank uncertainty (c). The bivariate’s blue gradient across the y axis denotes
increasing uncertainty and the red gradient of the x axis the decile rankings of the baseline EHD
binned from 1-2, 3-8, and 9-10 (high impact tracts classification). Bright red tracts are those that
were classified as high impact with high certainty, while dark purple tracts were classified as
high impact but observed large uncertainty according to the global sensitivity analysis. The teal
tracts are those that were classified in the lowest impacted according to the baseline EHD but
are sensitive to methodological change and therefore more uncertain, while the gray tracts are
classified with high certainty as very low impact.

However, there were certainly outliers, especially on the lower end of the impact
spectrum, where census tracts could be ranked in essentially any part of the index
based on which methods were chosen in construction. The census tract with the highest

certainty was located in Grays Harbor County (ranging across 1457 spots in the ranking



based on methodological parameters), while the lowest was in San Juan county (88
rankings). Simultaneously mapping the baseline EHD ranking and uncertainty interval
for each census tract (Figure 2c) gives a sense for how confidently tracts can be
classified across the spectrum of cumulative impact. South king county is highly
impacted with relatively high confidence, while high-impact tracts in east Spokane,
Yakima county and the near the Tri-Cities area can range dramatically based on which
model is selected. Likewise, areas of north-central Washington and the southwest coast
are currently being classified in the bottom 20% of cumulative impact but observe
substantial variation in ranking across the range of permutations.

Figure 3: Global rank uncertainty as a function of the baseline EHD v2.0 ranking
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The results of the global sensitivity analysis at the census tract level are displayed as scattered
hexagons where increased transparency of the hexagon represents the density of points in that
plot location. The Y axis represents the range of the 95% confidence interval across all
simulations and the X axis represents the tract-level EHD ranking in the baseline index. The
colors represent the agreement in classifying the tracts as highly impacted (top 20%), where
purple are those that were classified as unimpacted in both of the releases of the EHD rankings



and red are those that were classified as impacted in both. The yellow and orange hexagons
are those with a classification status that changed in between versions of the EHD and can be
considered to be less certain based on that disagreement. We observe a parabolic shape where
the range of values across the simulations is considerably greater in the center of the index, and
more confident at the extremes. The least sensitive area on the impact spectrum is in the top
10%, where both versions of the index tended to agree and the rankings were less subject to
change based on varying the methods used to compute the index.

Sensitivity

Our primary variance-based global sensitivity analysis used the mean absolute
rank change (MARC) as the target metric to generate sensitivity indices for the first,
second (interaction), and total order effects of parameter choices in each of the steps of
constructing this composite index. In both the first and total order effect indices (Figure
4a), the choice of aggregation formula was significantly more influential than all other
parameters, with an effect of 0.077 (0.028-0.127) individually (Si) and an effect of 0.77
(0.650-0.898) when considering all interactions (Ti) with other methodological steps.
Normalization was the second most important parameter for both Si (0.105;
0.031-0.188) and Ti (0.603; 0.687-0.781) The choice of whether or not to enforce a
hierarchy also had a large total effect (0.199; 0.170-0.224) , followed by indicator
selection, weighting scheme, and measurement error. The latter three parameters
observed total effects of less than 0.1 but the overlaps of their confidence intervals
mean that this model cannot definitively state which is more influential. Normalization
and aggregation also had the largest second-order interaction effects, with their
interaction being the largest by far, and the interactions between aggregation formula

and selection and measurement error the next most influential.



Figure 4: Global Sensitivity Indices
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The mean (tick) and 95% confidence interval (bar) of the first-order (Si) and total-order (Ti)
effects of the Sobol sensitivity indices are displayed. The Si and Ti effects can be understood as
the proportion of the total variance in ranking (a) or impact classification (b) that could be
reduced by fixing that parameter.

Examining the distribution of MARCs by individual parameter choices (Figure 5)
allows for intuition on which formulations of the composite indicator are most different
from the current EHD ranking system. We observed that the largest deviations were
found in models that used an inductive PCA aggregation formula, instead of the
deductive hierarchical aggregation in the baseline EHD. The next cluster of large
deviations were found in models that used inverse correlation weighting or linear
normalization methods like min-max scaling or z-scores, and in models that dropped the
low birth weight or death from cardiovascular disease indicators. The most similar
model permutations were those using rank-based normalizations, either the original

weighting schema or an equal weighting scheme for the sub-indices, and models that



dropped the least influential indicators of lead risk from housing, ozone concentration, or

wastewater discharge.

Figure 5: MARC by selected parameter
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The distributions for the mean absolute rank change (MARC) across all permutations are shown
for each individual parameter selection, where the density is shown as a semi-transparent violin
and the interquartile range is shown as a solid boxplot, with the average MARC is found
notched into the boxplot. The colors denote which exact step of the construction process that
each parameter selection occurs in. On average, permutations that used PCA for an inductive
aggregation deviate the most from the baseline EHD, while those that used a decile rank
normalization method are most similar. We observe that permutations using inverse correlation
weighting, min-max or z-score normalization, or that dropped either of the indicators from the
Sensitive Populations grouping (low birth weight or death from cardiovascular disease) exhibit
the next largest deviations in rank.

An additional sensitivity analysis was conducted using the classification accuracy
for most impacted tracts, based on the probability that a given permutation classified the
highly impacted tracts equivalently to the baseline EHD index. Here, the method used to

classify the most impacted tracts was also considered, and was the third most influential



parameter by Ti effect (0.273; 0.237-0.312). In this analysis, however, the normalization
method was most influential, followed by the aggregation formula, with Ti effects of
0.743 (0.661-0.828) and 0.716 (0.653-0.777), respectively. Here choice of hierarchy
(0.095; 0.067-0.120), measurement error (0.041; 0.035-0.047), and indicator selection
(0.037: 0.030-0.044) all trailed further, identifiably less influential for classifying the
outlying tracts. The most important second-order interaction effects were between
normalization and aggregation formula (0.324; -0.015-0.635), between normalization
and classification (0.034; -0.178-0.252), and between the aggregation formula and the
weighting scheme (0.019; -0.015-0.054).

Discussion

The results of this global sensitivity analysis demonstrate how census tract-level
rankings derived from the WA State Environmental Health Disparities index are
considerably impacted by assumptions throughout the construction of the composite
indicator, and these choices are important sources of uncertainty for both the ordinal
rankings and for the classification of highly impacted areas for policy targets. We
observed that, on average, selecting other methods from alternatives consistent with the
literature for constructing composite indicators can shift census tracts more than one
hundred spots in the overall ranking, underscoring the critical importance for analysts to
carefully vet and transparently communicate these decisions to policy-makers and to
the communities engaging with this index. Furthermore the observed deviations in rank
across these methodological permutations were not uniform across the distribution of
the index, suggesting that tracts that are currently being classified as mid to low impact
are most sensitive to which methods are selected for the analysis and could be drawn
biased towards the null in alternative but statistically defensible constructions of the
index. This index is most robust at estimating the top 10% of tracts, which defends its
use for highlighting areas of extreme inequality and suggests that care should be taken
when communicating and displaying this index as a continuous measure of

environmental health impact.



Not only does this analysis help to quantify the uncertainties that result from
inherent decisions made in the construction of a composite index, but a key utility that
can be derived from sensitivity analysis is the decomposition of variance into specific
parameters in order to estimate the sensitivity of the output to that step of the process.
This information helps inform analysts of the relative influence of various decisions, and
can be used to focus their finite resources for iterative developments on the most
important steps (factor prioritization) and not on uninfluential parameters (model
simplification)'®.

We observed the large influence that the choice of aggregation formula has on
the EHD rankings. The individual choice decomposition suggests that whether to use a
deductive or inductive aggregation is a critical decision, and this analysis makes evident
that using a data-driven multivariate regression approach like PCA would heavily modify
the results. The inverse correlation weighting permutations followed PCA as the largest
deviation from the baseline estimates, demonstrating the important distinction between
methods that are informed by the underlying variance of the raw data and those that
owe their structure to a top-down, theoretical design. Either of these approaches would
be a sizable departure from the EHD system and the preceding statewide indices that it
inherits from. The relevance of the ranking sensitivity to those decisions and the
resulting estimation of uncertainty depends on how confident the modelers are in the
body of scientific knowledge that informed their design of that hierarchical system,
specifically how well they believe it to approximate the underlying system through which
environmental threats and population vulnerabilities impact health.

The baseline deductive aggregation method also has an implicit weighting
structure that derives from the number of indicators in each category, the influence of
which is demonstrated by the sensitivity of the rankings to dropping either of the
sensitive populations indicators - a category that has only two constituents and
therefore the largest individual weight to each. That hybrid normative
weighting/aggregation approach currently provokes two notable limitations. First, equal
weights are generally understood to introduce bias because it is statistically unlikely that
the latent effect that the index is proxying has an equal association with every

sub-indicator. Furthermore, arbitrary weighting approaches are criticized for being
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paternalistic - even with the strong assumption that the analysts have accurately
weighted the sub-indicators relative their average association with the response factor
at the population level, if those associations are not normally distributed it could lead to
effects that are more important for some groups being underrepresented in the
composite indicator?®. In an environmental justice index, this is a particularly important
potential limitation.

Our analysis also illustrates the particular impact of decisions made for which
method to use for normalizing the raw indicator data, which is a necessary step in order
to standardize indicators that are drawn from disparate unit spaces. The decile ranking
system currently being employed in the baseline EHD index is a useful method because
it is unaffected by outliers, however this inherently nonlinear approach will thus alter the
distribution of the raw data and cause the loss of information on the magnitude of
inter-tract differences. This is a particularly notable issue for an environmental justice
index, where the scale of differences for some outlying tracts may actually be important
for determining cumulative impact. This effect is made more pronounced by the
tendency of environmental indicators to exhibit considerable skewness, which manifests
in risk accumulation for sub-populations who are generally marginalized due to
socioeconomic disparities®****. Likewise, we observe the outsized influence of the
classification scheme used to identify the most impacted tracts, where alternative
classification schemes like z-scoring (which preserve the distribution of EHD scores)
could potentially drive the misclassification of tracts. The policy relevance of that
threshold for funding from the HEAL act highlights the importance of that decision as
questions continue to be raised about the validity of tracts which drop in or out of that
classification based on iterative methodological updates to the index.

Given that meaningful engagement with community members is central to the
field of environmental justice, disseminating to a wide and non-technical audience
emphasizes the balance between statistical merit and model interpretability. The
methods in this index are aligned with the latter, but here we observe that the effects of
these decisions manifest in downstream effects on index uncertainty. Efforts must be
made to more transparently communicate this uncertainty to end-users in reports and

visualization products, and policy-makers should be informed so as to understand the
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implications of any biases that were introduced by the methodology as currently
selected. We recommend that additional iterations of the EHD index construction focus
on aligning normalization procedures with the statistical characteristics of the raw
indicators so as to preserve distributions amidst standardizing - clearly, decisions on
whether to apply linear or nonlinear scaling procedures merit careful reflection based on
their influence on ranks. Finally, the classification framework should be reexamined to
ensure that no tracts are being left behind by statistical artifacts that are introduced by
the current definition of high-impact. Given the stability and robustness of this index in
classifying the uppermost decile, understanding the behavior of tracts that are on either
side of the 20% threshold is crucial to validating that classification system.

There are several limitations that must be considered when interpreting the
results of this study. The approximation of measurement error in this analysis was
derived from simulating classical measurement errors which are randomly applied and
thus uncorrelated. Error in survey data has been observed to defy the assumptions
required of classical measurement errors, especially with regards to intercorrelation and
association with the dependent variable - as such our estimates for the sensitivity of
EHD to measurement error are likely conservative and the true effect on the index is
attenuated. Likewise, we only tested a single type of PCA aggregation, based on
applying the Kaiser criterion to filter down the component factors based on their
eigenvalue. This method is understood to be an overly conservative threshold, retaining
too many inconsequential factors and leading to the development of Horn’s parallel
analysis method®'. Parallel analysis employs a Monte Carlo simulation to run PCA on
simulated versions of the dataset and then compare the resulting distributions of
eigenvalues to the observed values from running PCA on the original dataset. Factors
with observed eigenvalues that are greater than the simulated ones are retained,
typically with lower retention compared to the Kaiser criterion'®. It’s likely that permuting
across other types of PCA would increase the variance in deviation from the baseline
EHD, so this analysis does not fully capture the effect on rankings that changing from

deductive to inductive aggregation may entail.
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Conclusion

Analytical assumptions are intrinsic to the process of using mathematical models
to quantify and approximate real-world phenomena. Understanding the consequences
of those decisions is critical for transparently communicating results and for prioritizing
finite resources during iterative model development. Global sensitivity analysis is an
established technique for quantifying the uncertainty that is introduced within the
construction of composite indicators and our analysis demonstrates the wide range of
values that could be produced in alternative formulations of the EHD index. By
decomposing that variance into the model constituents, we observe that future iterations
of the EHD should carefully consider the appropriate methods for normalization of raw
model inputs to preserve data as much as possible when standardizing each indicator
to a common unit scale. For the purpose of upholding environmental justice, the findings
of this analysis should be utilized to develop communication and policymaking efforts
that are transparent, accurate, and aligned with reducing systematic inequalities in the

cumulative impact of environmental health.
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Chapter 3: Validating the structure of an environmental justice index in Washington
State, a multivariate case study analysis

Intro

Environmental health is a critical determinant of health outcomes, with
environmental factors accounting for a significant proportion of morbidity and mortality
worldwide'. In the United States, there are substantial disparities in exposure to
environmental hazards and resulting health outcomes across populations?. The state of
Washington is home to diverse populations, and understanding the extent and nature of
environmental health inequalities in the state is essential for benchmarking purposes
and to inform the development of effective public health policies and interventions®. The
Washington State Environmental Health Disparities (EHD) Map is an effort to measure
and analyze environmental health inequalities across populations in Washington state
using a range of indicators, including air quality, exposure to pollutants and hazardous
waste sites, socioeconomic variables, and the rates of diseases that increase
population vulnerabilities to environmental exposures.

As part of the broader environmental justice movement, the EHD map and
adjacent state-wide and federal indicators are being employed in policy-making efforts
that aim to identify hotspots and reduce inequality*. However, these indicators have
been demonstrated to exhibit considerable sensitivity to analyst decisions, which can
manifest in index uncertainty and in allocative harm from misspecified policies®. By
identifying and quantifying the most important factors that are driving variation in this
index of environmental health disparity, our study contributes to a deeper understanding
of the social and environmental determinants of health and informs policy to promote
health equity in Washington and beyond.

Environmental health data often has unique statistical characteristics that must
be taken into account during analysis®. For instance, the data generating processes of
environmental health indicators are often complex and interrelated, with multicollinearity
resulting from the myriad of pathways through which variables influence each other’.
Additionally, the data can tend towards skewness or contain severe outliers due to the
clustered nature of environmental exposures®. Furthermore, environmental health data

are often spatially correlated, as nearby areas will tend towards similar environmental



conditions and health outcomes®. Understanding these statistical characteristics is
important for appropriate analysis and interpretation of environmental health data to
identify and mitigate environmental risks to human health.

Furthermore, the collection of environmental health data from different unit
spaces mandates that data treatment must include standardization to ensure that
apples are compared with apples before aggregating to a common index, and the
resulting indices have been observed to be sensitive to different standardization
methods'. Common normalization techniques for composite indicator construction can
include linear transformations like min-max scaling or z-scoring or unitless approaches
such as force-ranking the observations and generating quantiles of the results'. The
latter approach is simple, intuitive, and robust to outliers, but inherently results in loss of
information as the underlying distribution of the raw indicator data must be transformed,
while linear transformations can be sensitive to the kind of outlying values expected in
environmental health data'. The variable impact of normalization schema on indicator
distributions must be understood and carefully considered in order to account for the
impact of potential biases associated with each type of method on the resulting
composite values.

The sensitivity of the EHD map index to different normalization methods has
been observed to be second only to the deductive aggregation formula in terms of the
overall impact on the resulting index when compared to alternatives from the broader
composite indicator construction literature. The imposition of a theoretical framework
through which to cluster, weight, and aggregate indicators clearly shapes the output
index, and the validity of this approach is dependent on the strength of the contextual
knowledge that supports its formulation'. Alternatively, many composite indicators
apply inductive aggregation approaches in order to reduce the effect of the analyst
assumptions on the resulting output, allowing instead for the variation of the input data
to drive the aggregation formula™. The most common approach is Principal
Components Analysis (PCA), a dimensionality reduction technique that transforms
correlated variables into a smaller number of uncorrelated principal components. These
components can then be weighted and combined to create a single composite indicator,

capturing the underlying information of the original variables more concisely™.



Intermediate elements of the PCA process can also be used to identify patterns and
relationships in the indicator data, and to help visualize high-dimensional data in
lower-dimensional space.

In this study, we analyzed the statistical characteristics of the 19 environmental
health indicators that were included in the recent EHD map version 2.0 in order to
understand their behavior under different normalization methods and quantify the
implications of those transformations on resulting index rankings. We provide case
studies of the census tracts that are most impacted by the current decile normalization
methodology in order to illustrate the effect of the established method in comparison to
alternative approaches. We also estimated a contribution-weighted PCA version of the
EHD ranks in order to understand the underlying structure of the 19 indicators and to
quantify the efficacy of an inductively generated measure of cumulative environmental
health impact for classifying census tracts and allocating funding within the context of
environmental justice policy-making according to the Healthy Environment for All
(HEAL) Act (RCW 43.70.815).

Methods
The WA EHD Map
The state of Washington adopted the CalEnviroScreen model, which creates cumulative
impact scores across multiple environmental hazards and population characteristics, to
generate the first version of the Washington Environmental Health Disparities Map®. The
baseline model integrated measures of environmental exposures, adverse
environmental effects, sensitivities, and socio-demographic vulnerabilities to create a
composite score, underpinned by the following equation:

EHD Rank = P xS
Where P represents 'Pollution Burden Score', summarizing environmental risks and
hazards, and S a 'Population Characteristics Score', capturing various community-level
characteristics influencing vulnerability to environmental risk. Within those groupings, 19
indicators were additionally grouped into four sub-categories: Environmental Exposures,
Environmental Effects, Sensitive Populations, and Socioeconomic Factors. Each

indicator's raw values were normalized by assigning a decile score. Finally, a decile



ranking of 1-10 was used for the final disparities rank in the resultant map. The top two
deciles were used to identify highly impacted communities that may be eligible for
remedial funding under the HEAL act. Version 2.0 of the EHD map was released in July
2022, with data updates to reflect the most recently available indicator data and
methodological updates for the heavy traffic and diesel PM2.5 exposure indicators’.
Agreement in the highly impacted community classification between the two versions

was used to generate a metric of impact uncertainty for visualization and analysis.

Alternative normalization methods

Normalization is a process of transforming data to a standard form for effective
comparison and analysis. The three most commonly used normalization methods for
composite indicator construction are z-score normalization, min-max normalization, and
rank-based normalization.

Z-score standardization, also known as standard score or standardization, is a
technique used to transform individual data points to a standardized scale by
subtracting the mean from each data point and then dividing by the standard deviation™’.
To perform z-score standardization for a given data point x, the following formula is
used, where x is the original value of the data point, u represents the mean of the

dataset, and 6 represents the standard deviation of the dataset:

_xou
Z ==

Alternatively, min-max normalization is a linear transformation that scales data to a

specified range using the following formula:
M = x—min(x)

~ “max(x)—min(x)
To aid in comparability to the baseline EHD index, we rescaled data to a range between
0 and 10 for this analysis.
Finally, rank-based normalization requires sorting the data and assigning a rank
to each data point based on its value relative to the other observations in the dataset.
In accordance with the baseline EHD methodology, these values were then divided into
ten equal deciles, where the value for each observation is replaced with its decile value,

ranging from 1 to 10. The lowest ranked observations (the bottom 10%) are in the first



decile and given a value of 1, the next 10% are in the second decile and given a value
of 2, and so forth, until the highest ranked observations (the top 10%) are in the tenth
decile and given a value of 10. In order to observe the nonlinear scaling effect of this
baseline approach with higher resolution, we also tested rank scaling the indicators and
then dividing them into centiles by binning the output ranks into 100 equally sized

quantiles.

PCA

Principal component analysis (PCA) is a statistical method used for reducing
high-dimensional data. PCA involves transforming the original variables into a new set
of uncorrelated variables called principal components. The covariance matrix is
decomposed into its eigenvalues and eigenvectors, where the eigenvalues represent
the amount of variance explained by each principal component, and the corresponding
eigenvectors represent the direction or weights of the components.These principal
components are ordered in terms of the amount of variation they capture in the data.
The first principal component captures the most variation, with monotonically
decreasing variation for subsequent components. In this study, PCA was performed
using the covariance matrix of the data to extract the principal components, and the
percentage of variation explained by each principal component was examined.

Since components capture subsequently less variation in the inputs, the results
are typically filtered to retain only the most explanatory components. A standard
threshold for filtration is based on the Kaiser criterion, which suggests that only
components with eigenvalues greater than 1 should be retained, while components with
eigenvalues less than 1 should be discarded. The Kaiser criterion is derived from the
mathematical properties of the eigenvalues, where values greater than 1 indicate that
the corresponding component explains more variance than an individual variable,
making it worthwhile to retain’®.

To generate a composite indicator from PCA, it's essential to select a method for
aggregating the resulting factors into a single measure. Most simple is to just select the
first component, which statistically will explain the greatest amount of variation in the

input dataset. To preserve more of the factors, which will tend to capture different



elements of the latent variable that the index is designed to proxy, they could be equally
weighted and summed linearly, or weighted using the explained variance from each
factor - downweighting the influence to the later components which will inherently
explain less and less variation as they are rotated'. We used the latter approach to
aggregate the remaining PCs after filtration based on the Kaiser criterion. The R
statistical software package prcomp was used to perform the PCA and generate the

visualizations.

Results

The raw data was observed to exhibit considerable positive skewness for the
majority of indicators selected for the EHD map (figure 1a). The Environmental Effects
indicator grouping was universally skewed to the right (group skew of 6.3), with
wastewater discharge being the most impacted (skew of 15.6). Environmental
Exposures data was also largely skewed (group skew of 3.2), though ozone (0.4) and
PM2.5 (0.4) concentrations were the most normally distributed indicators in this dataset.
The Sensitive Populations and Socioeconomic Factors data was also more normally
distributed where both themes had a group skew of 1.4, and all of the indicators for
rates of low birth weight, population living in poverty, population near heavy traffic,

transportation expense, and unaffordable housing had skew of less than one.



Figure 1: Distributions of indicator data under different normalization functions
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The probability distributions of the 19 indicators as raw data (a) and the data after
transformation in four different normalization schemes (b) are plotted. The distributions are
colored based on their theme grouping as raw data and colored based on the normalization
scheme being used when transformed.

We observe that rank-standardization methods of decile or percentile ranking

inherently impose a uniform distribution onto the indicator data after normalization, while

the linear scaling functions of z-scoring or min-max normalization tend to preserve the

shape and statistical characteristics of the input distributions (figure 1b). When

comparing centiles to min-max estimates across all of the input indicators (figure 2), we

observe two important nonlinear transformations. First, at the upper bound of the

distribution, centile ranking introduces a compression effect and variation is heavily

reduced when units that have a large absolute distance in values are binned into the top

percentiles and given the same score. Second, the much denser center of the

probability distribution is stretched across multiple percentile groupings as arbitrary

Themes

-

minmax
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divisions are created to appropriately size the bins. This compression effect is more
notable for skewed indicators and the curves for the Environmental Effects data are
clustered, while the stretching effect tends towards impacting the normally-distributed
indicators, such as the Sensitive Populations theme. Both effects are most extreme for
the wastewater discharge data, which is heavily right skewed and with substantial
non-random missingness. As expected, the min-maxed estimates for this indicator are
highly subject to the impact of outliers, while the ranks produced by centile
normalization will introduce more artificial variation by forcibly dividing the mode of this

distribution to equally-sized bins.

Figure 2: Nonlinear scaling effects

5.0

25 .’V’:’}

Indicator

- diesel pm25 emissions

0.0 . ozone concentration
. pm25 concentration

Z-score

. population near heavy traffic
B toxic releases from facilies rsei

25

-5.0

0.0 25 5.0 75 10.0
Centiles

Plotting the indicator values for each census tract when scaled nonlinearly using centile ranking
(x-axis) against their values when scaled linearly by z-score standardization (y-axis)
demonstrates the transformation that across the range of the probability distribution in the
former method of normalization. The data is plotted separately for each of the environmental
exposures indicators and the hexagons are colored according to the indicator.



To examine the influence of linear versus nonlinear scaling methodology on the
classification of highly impacted census tracts, we analyzed two case studies of census
tracts with the largest difference in ranking between the baseline EHD index and a
version that used z-score normalization instead (figure 3). The first tract, located in the
Greenwood neighborhood of north Seattle, ranks in the 85th percentile of the baseline
EHD index and in the 73rd percentile of a z-scored index. Examining the scores for
each indicator and comparing them to the distribution of the rest of the state, it has high
values for diesel PM2.5 emissions, rates of low birthweight and low values for ozone
concentration and transportation expense. All other metrics are within the IQR for the
state and many are close to the median value. We observe that 14/19 indicators are
above the median value for the state, and as such the centile rankings for these
indicators are similar, ranging from the 50th percentile to the 79th.

The second tract, located in rural Okanogan County, ranks in the 66th percentile
of the baseline EHD index and the 96th percentile of an index using z-score
normalization. We observe severe outliers for rates of low birthweight, PM2.5
concentration, population living in poverty, transportation expense, and proportions of
population that are people of color, lacking a high school diploma, and unemployed.
There are also outliers on the left side of the distribution for unaffordable housing and
population near heavy traffic. All other metrics are within the state-wide IQR, and only
10/19 indicators are above the state median. Centile-based normalization is observed to
favor higher ranks for tracts that are above average in the majority of indicators, while
reducing the impact of outliers on the final ranking. Z-score normalization tends to highly
score the environmental health effects in tracts where there are extreme values in a
smaller number of metrics across the dataset. Comparing the raw values for tracts that
were classified as highly impacted under the baseline EHD to those that were classified
as highly impacted with Z-score normalization, we observe that the latter tend to be less
wealthy, less educated, and have less English proficiency and more people of color
(figure 3c). While there is disagreement between the two methods statewide, the largest
clusters of census tracts that were classified as highly impacted when normalized by
Z-scores but not in the baseline EHD index are located in rural areas in the center of

Washington state.



Flgure 3: Case studies of scaling compression effects
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We examine two case studies where the difference in ranking and impact classification between
z-score normalization and centile normalization is greatest (b). The first case study is a tract in
rural Okanogan county where the overall EHD ranking is in the 66th percentile when centile
transformed and in the 97th percentile when z-scored, while the second is a tract in North
Seattle that was overall in the 85th percentile by centile ranking and in the 73rd percentile when
z-scored. For both tracts, the aggregated ranking (triangle) and each of the 19 indicators are
displayed after z-score transformation (orange) and after centile ranking (purple). To aid
visualization, the centile values are also z-score transformed to standardize such that the
distance from the state-wide mean (vertical black line) is apparent. The dashed grey vertical line
represents the threshold for high impact (top 20%). The median and IQR of the state-wide
distribution of z-scored values is also displayed as an orange boxplot to highlight the
relationship of the transformed values to the rest of the state and the skewness of the
distribution, where medians that are further left of the mean are more positively skewed.

We also generated a version of the EHD map using PCA in order to assess the
differences between inductive and deductive aggregation methodologies. After running
PCA on the 19 indicators and filtering the resulting principal components according to
the Kaiser criterion, we were left with five components that explained 67% of the total
variation. Socioeconomic indicators tended to have the largest contribution to the final
PCA score, with the percentages of limited English proficiency, people living below the



poverty line, and people of color being the top three contributors (figure 3). Diesel
PM2.5 emissions, transportation expense, proximity to TSDFs, percent without a high
school diploma, lead risk from housing, population counts near heavy traffic areas, and
ozone concentration rounded out the rest of the top ten - suggesting that the
socioeconomic factors (five) explain the most variation, followed by environmental
exposures (three) and environmental effects (two). The sensitive population indicators
had the lowest contribution, with the bottom three contributors being rates of low birth
weight, wastewater discharge, and rates of cardiovascular disease. The first two
components explained substantially more variation (45% in total, 28% and 18%
respectively) than the remaining three, so we focused additional analysis on examining
those components to understand the correlation structure of the underlying indicators
(figure 4a).

Figure 4a: PCA Contribution
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The weighted contribution of each of the 19 indicators to the oveall PCA value are
displayed, where the transparency of the bar represents the variance explained by that
component. The bars are colored by the theme category grouping and ordered by their
overall contribution to the PCA.



We observed that the first component (28% of the total variation) captures an
urban environmental degradation effect, with high contribution from indicators that
measure traffic and industrial pollution, with large loadings from proximity to TSDF
(0.37), RMP (0.23), and NPL (0.24) facilities, population near heavy traffic (0.34), diesel
PM2.5 emissions (0.35), toxic releases from RSEI facilities (0.28), and percent people
of color (0.29). PC1 also had a large negative loading from transportation expense
(-0.32), which exhibits inverse correlation with urbanicity'® and tends to be highest in
rural census tracts. Rates of low birthweight, death from cardiovascular disease, and
proportion of population without a high school degree or employment all had loading
values less than 0.10 for the first component. The second component, which captured
an additional 18% of the data variation, suggests an underlying factor of poverty and
socioeconomic deprivation. Loadings were observed to be high for the proportion of
population without a high school diploma (0.44), living in poverty (0.43), unemployed
(0.29), rates of death from cardiovascular disease (0.28) and ozone concentration
(0.27). Lead risk from housing and proximity to NPL facilities both had loading values

that were below 0.10 for the second component.



Figure 4b: PCA Biplot
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The makeup of the first two principal components are displayed as a biplot where the
first component is the y-axis and the second is the x. Each indicator is displayed as
vector in that space, where distance from either axis represents the contribution to that
component and the direction of the vector represents the sign of that relationship.
Indicators that are closer to an axis are contributing less to that axis, while indicators
that are located near the 45 degree line are contributing relatively equally. We observe
the upper right quadrant to be capturing a combined gradient of urban degradation and
socioeconomic deprivation, where a number of indicators such as limited English
proficiency and poverty contribute to both, while the lower left quadrant would then
represent a less socioeconomically deprived tract that is still impacted by urban
degradation and association pollution burden.

Wastewater discharge had the lowest combined contribution to the first two

components, with neither loading exceeding 0.05, while the proportion of population
with low English proficiency and people of color were the only two indicators that had
loadings of greater than 0.20 for both. Mapping the first component at the census tract
level (figure 5a) illustrates the gradient of urban and industrial pollution being captured
in this transformation of the underlying data, with the highest values concentrated in

King and Pierce counties. PC2 (figure 5b) is less spatially homogenuous, with hot spots



throughout rural areas in the center of the state, with values that are particularly high for
Yakima county. We observe higher values for PC2 in some urban areas as well, mostly
near the I-5 corridor south of Seattle. In comparing deciles of environmental impact
created by this PCA to the current version of the EHD map, we observe that on average
the agreement was close, with a population-weighted deviation in census tract decile
ranking is 0.03 (figure 5d). However, there are census tracts in Wahkiakum, Spokane,
Benton, and Garfield counties where the PCA index was considerably lower, while it
was notably higher in census tracts on the Olympic Peninsula and in Island, Pacific, and
Adams counties.

Figure 5: PCA Maps
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Elements of the PCA are mapped at the census tract level, including the values for the
first component (a), second component (b), the contribution-weighted overall score (c)
and the agreement between the baseline EHD and decile rankings of the
contribution-weighted overall score (d). The agreement plot was created by subtracting
the PCA deciles from the baseline score, so positive values (red) represent tracts where
the baseline EHD values were higher and vice versa for negative values (blue).

We generated a metric for the certainty of classifying highly impacted tracts (the
upper 20% of the rankings) by estimating agreement between the first two versions of
the EHD index. Census tracts classified as highly impacted in both versions were
understood to be more certain than those that moved in or out of the impact
classification based on methodological update. We observed a strong relationship
between the first two components of this PCA and the classifications for highly impacted
tracts produced by the baseline EHD ranking system (figure 4b). Of the tracts classified
as highly impacted with greater certainty, 77% had positive values for both components.

Only 7% of the census tracts that were found in the bottom 80% of environmental



impact by both maps were also located in that upper right quadrant of the PCA biplot.
Nearly 98% of the tracts highly impacted with greater certainty had positive values for
the first component, suggesting that the urban degradation gradient identified by the
PCA is more predictive of tracts being classified as highly impacted in the current

formulation of the EHD map.

Figure 6: Classification of highly impacted tracts according to the first two principal
components
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The impact classification of each census tract in the baseline EHD index is plotted as a
function of the first two principal components, where the transparency of the plotted
hexagons represents the density of census tracts in that plot location. The colors of the
hexagons where generated by comparing the impact classification of the first two
versions of the EHD index, where blue and red represent agreement in the classification
of impact between the two versions. The yellow and orange points mean that a given
tract either dropped out or was shifted into the top 20% in the updated version of the
EHD index, suggesting less certainty of its classification status. We observe that the first
two principal components classify with high accuracy the tracts that were more certain
to be highly impacted, as 77% of those tracts are located in the upper right quadrant
(socioeconomically deprived and urban) of the biplot.



Discussion
The majority of the indicators selected to form the EHD rankings exhibit

considerable positive skewness and the transformed shape of these abnormal
distributions are highly influenced by the choice of normalization methodology in the
index construction. Nonlinear scaling by way of decile or centile rankings inherently
assumes uniformity, and will both stretch the central mass of the distribution into a
number of equally spaced quantiles and compress outlying values on the right side of
the distribution into the upper ranks. We observe that these effects impact the rankings
and classification of highly impacted tracts that are produced in indicators using different
types of normalization, where rank scaling selects for tracts that are above average in
the maijority of metrics, while linear transformations like z-score standardization favors
tracts with severe outliers in a fewer number of indicators. Inductively aggregating the
index using PCA produces rankings that generally agree with the baseline EHD index,
and only two principal components, explaining close to 50% of the total data variation,
can form an accurate classifier for the highly impacted census tracts in the baseline
EHD index. The structure of these first two components indicates underlying gradients
of urban environmental degradation and socioeconomic deprivation are driving variation
in environmental justice in Washington state.

Composite indicators have established sensitivity to the choice of normalization
methodology, and this study helps to illustrate the mechanism through which different
methods of transformation will influence results?®?'. Rank normalization is often
employed in statistical analysis to reduce the influence of outliers, and we observe this
effect in the baseline EHD index as the comparison z-score index tends to rank more
highly tracts that have substantial outliers in a fewer number of the indicators. The
baseline EHD index favors tracts that are above average in most indicators, while not
necessarily having any values that are excessive when compared to the state-wide
distribution. This functionality is aligned with the philosophical directive of a cumulative
impact score, and is supported by evidence that the effects of environmental risks and
population-level vulnerabilities are synergistic and exhibit effect modification that can
multiplicatively increase their impact on health?**, Furthermore, several of the

measured environmental pollutant exposures have been observed to have supralinear



dose-response curves, suggesting that disease risk rises sharply with low levels of
exposure and later plateaus®?’. As such, the compression effect for positively skewed
distributions of environmental risk data may more accurately reflect the health effect of
those pollutants.

However, the shape of the association between socioeconomic vulnerabilities
and environmental exposures is less clear, and we observe that an index generated
from linear scaling transformations of this dataset tends to rank more highly the impact
for census tracts located in areas that are more socioeconomically deprived. Clearly
there is an important environmental justice consideration that must be understood when
deciding between these normalization alternatives. Being above average in many
indicators and exhibiting severe outliers in a few both represent critical threats to the
health of a given community, and perhaps an alternative formulation of the index that
takes the maximum of both rankings would be preferable. This method would capture
both kinds of cumulative impact, and ensure that neither community is left behind during
policymaking and funding allocation.

Our case study for estimating the index based on the results of a PCA illustrates
some of the fundamental differences between using inductive and deductive
aggregation strategies to generate environmental composite indicators. First, the strong
performance of PCA as a classifier of highly impacted tracts suggests that more
data-driven approaches are feasible for future iterations of environmental justice
indicators that reduce the influence of methodological assumptions on the end result.
However, we observed that while both approaches generally agreed on the most highly
impacted units, there was spatial heterogeneity in the differences in rankings across the
state for these two systems. This finding aligns with previous work suggesting that the
rankings of the EHD index exhibit considerable sensitivity to analyst decisions, but that
the highest impact areas tend to be robustly estimated regardless of the index
formulation. Furthermore, this analysis demonstrates that factors generated based on
underlying variation in this dataset have important differences in their inherent structure
when compared to the theoretically derived theme groupings in the EHD map and
suggests that the processes that drive environmental disparities in Washington state are

complex, exhibiting substantial intercorrelation.



While the two observed gradients of urban degradation and socioeconomic
deprivation are not contradictory with the Pollution Burden and Sensitive Populations
aggregate themes of the EHD map, we also see that the underlying indicators have
overlap considerably between and within those groups in the PCA. The high
explanatory power of the urban component in the highly impacted tracts supports
community concerns that the current indicator selection for the EHD index does not do
enough in measuring environmental health issues that are relevant to rural
communities, and addition of new metrics such as wildfire smoke and pesticide usage in
the next iteration will help to address that data gap. Our finding that indicators of
population with limited English proficiency and people of color contribute so heavily to
both of the first two principal components aligns with a long history of BIPOC
communities suffering disproportionate impact from environmental injustice, and
supports previous evidence that these disparities are not explained by differences in
income??8, Finally, the notable lack of variation explained by the wastewater discharge
indicator points to issues with data quality that should be examined in future versions of
the EHD index.

There are several inherent limitations to PCA that must be considered when
interpreting these results. PCA is a linear process of data transformation, which may be
inapplicable in data with non-linear structures. Furthermore, there are several different
criteria for which components to retain from the initial estimation of PCA, where the
Kaiser criterion is the standard - filtering out any factors with an eigenvalue of less than
one. This method is now understood to be an overly conservative threshold, retaining
too many inconsequential factors and leading to the development of Horn’s parallel
analysis method'. Parallel analysis employs a Monte Carlo simulation to run PCA on
simulated versions of the dataset and then compare the resulting distributions of
eigenvalues to the observed values from running PCA on the original dataset. Factors
with observed eigenvalues that are greater than the simulated ones are retained,
typically with lower retention compared to the Kaiser criterion®®. As such, it’s likely that
permuting the threshold at which components were filtered from the analysis would
reveal that our PCA results are sensitive to that analytical assumption and alternative

formulations of the PCA would have fewer components. Finally, since PCA is driven



purely by variation in the data, indicators are considered to be fundamentally equal,
which may not reflect the true association with these indicators and environmental
health risk. Cumulative risk based approaches can more accurately capture both the
underlying risk-response functions of these indicators as well as their interaction effects
and propagate uncertainties in those effects throughout the estimation process. Future
iterations of this analysis should incorporate the current body of knowledge in
environmental risk assessment to reflect the strength of evidence for the constituent

indicators and weight them accordingly.

Conclusion

Populations in Washington state are not distributed equally across the spectrum
of exposure to environmental health risks, and accurately quantifying these
longstanding disparities is paramount to the design of policies that proactively manifest
environmental justice. The derivation of composite indicators that produce cumulative
impact scores from an array of relevant environmental and socioeconomic indicators
has been demonstrated to be sensitive to analyst assumptions, and this analysis
illustrates the pathways through which the most sensitive parameters influence the
results. Future iterations of these metrics must carefully consider the ramifications of
their architecture in order to assure accuracy, validity and fair access to remediation
funding opportunities. Misunderstanding the biases introduced by methodological
assumptions can inadvertently perpetuate inequality, skew results, and misinform
strategic decisions, all of which can lead to deleterious societal implications. Further,
such biases can distort the representation and interpretation of reality, rendering policies
less effective or even harmful. Recognizing and addressing these biases can foster
more equitable, reliable, and robust policies. Hence, when data-driven policies are
shaped with an informed awareness of potential biases, they are not only scientifically
rigorous, but also more ethically sound, reinforcing a broader goal of societal welfare

and justice.
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