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End-stage renal disease (ESRD) is a chronic condition that disproportionately affects

communities of color and diabetics. Hallmark burdens include the lack of essential

renal functions and routine life-saving dialysis treatments to filter and remove toxic

wastes from the body. Given their compromised survival advantage, the ESRD

population is vulnerable to adverse complications associated with acute

environmental exposures. However, little is known about the effect of extreme heat

events (EHE), air pollution, and ambient temperature on this targeted population. This

dissertation focused on ESRD patients receiving hemodialysis treatments at Fresenius

Medical Care facilities within the Northeastern United States region (n=60,717).

Using longitudinal study design methods, we investigated the association between



acute environmental exposures and the risk of all-cause mortality (ACM) and all-
cause hospital admissions (ACHA).

We applied case-crossover methods to estimate acute EHE effects on mortality and
hospital admissions stratified by latitude, race/ethnicity, and comorbidities. Overall,
risks varied, but same-day ACM and ACHA risks were most pronounced. ESRD
patients with cardiovascular disease (rate ratio [RR], 2.14; 95% CI:1.91-2.40) and
cerebrovascular disease (RR, 1.47; 95% CI:1.26-1.71) had notably increased risks of
same-day EHE-related mortality. We furthered our investigation by studying PM2s
and Os effects using a similar study design but considered the role of EHE as a
modifier and incorporated distributed lag nonlinear modeling to account for
cumulative lag structures. Pooled same-day EHE-adjusted models estimated an 8%
ACM rate increase when O3 concentrations exceeded air quality standards during
warmer months. Our data suggest that EHE can act as a modifier between O3 and
ACM. Though, no effect modification by EHE was observed for acute air pollutant
exposures and ACHA. Lastly, this dissertation explored the mediating role of selected
thermoregulatory responses to increased temperature on ACM or ACHA outcomes
using traditional mediation analyses. Systolic blood pressure before dialysis treatment
(preSBP) and interdialytic weight gain change (IDWG) were identified as significant
pathways. However, we observed inconsistent mediation in the IDWG pathway for
ACM (-6.26%) and ACHA (-2.67%). Concomitant physiological changes in preSBP

and IDWG may have little intermediary effect in combined pathway models.



Overall, this research provided additional lines of evidence for enhancing patient
response protocols and early warning systems to improve healthcare delivery in an

era of a changing climate specific to subpopulations living with ESRD.
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Chapter 1: Introduction

1.1 Climate change, extreme weather, and health

Human civilization is currently experiencing the negative consequences of
anthropogenic climate change. [1-4] Regions worldwide have observed record-setting
extreme weather-related disasters from heatwaves [5], droughts [6], wildfires [7], and
hurricanes [8, 9]. As such, irreversible environmental changes and harmful impacts
on coupled human-natural systems and, consequently, on human health are rising.
[10, 11] Over the last several decades, mounting studies have demonstrated the

inextricable connection between ongoing climate change and human health. [12]

Linkages between heat exposures and all-cause morbidity and mortality
outcomes are well recorded within the general population. [13, 14] Cause-specific
outcomes include cardiopulmonary [15], cardiovascular [16-18], respiratory [19, 20],
pathogenic [21], and renal [22, 23] diseases to name a few. Interestingly, more
prominent causes for hospital admissions due to heatwaves are associated with fluid
and electrolyte disorders, renal failure, urinary tract infection, and, most notoriously,
heatstroke within the general population.[24] Such symptoms are frequent sequelae of
heat stress and dehydration during periods of extreme heat that can decrease blood
flow to the kidneys.[25, 26] In all, passive heat stress is a major risk factor for
populations living with vascular-related chronic illnesses that regulate body
temperature and offset overheating. An established metric for representing extreme

heat events (EHE) related to climate change has been used to represent location-level



heat exposures at the population level. [19, 21, 27] Projected increases in the
frequency of EHEs due to climate change can potentially pose a substantive public
health threat to individuals living with compromised renal function, including end-

stage renal disease (ESRD).

1.2 ESRD population characteristics

ESRD is the most critical stage of chronic kidney disease (CKD)
characterized by lowered estimated glomerular filtration rate (eGFR; <15
ml/min/1.73m?) and elevated protein in urine (albumin to creatinine ratio [ACR];
>300 mg/g). These clinical diagnostic tests are hallmark metrics for the accumulation
of harmful levels of toxic by-products and fluid. [28, 29] Individuals with diabetes,
hypertension, obesity, and pre-existing compromised kidney function (e.g.,
glomerulonephritis, cystic kidney) are at higher risk of developing ESRD.[28, 30] In
2020, prevalent ESRD cases within the United States are estimated at 746,557 cases
with a notable declining incident standardized rate since its peak in 2006 (340.7 per
million in 2017).[31] The lack of necessary modalities to supplement necessary
filtration and excretion functions, such as dialysis or a kidney transplant, can
ultimately result in death. In the United States, the most commonly administered form
of renal replacement therapy is thrice-weekly hemodialysis (HD) treatment.[32]
Recent data suggest that care and treatment for persons with ESRD in the US has an

annual total Medicare-related expenditure cost of 49.2 billion USD.[30]



1.3 Potential environmental risks to the ESRD population

ESRD patients are susceptible to life-threatening complications resulting from
fluctuations in weight and blood pressure.[33-35] Maintaining blood pressure (BP)
stability is critical to improving survival advantage, irrespective of initial levels.[36]
Generally, the relationship between blood pressure and mortality among HD patients
is U-shaped with increasing risks observed along lower and higher tails.[37]
However, concerning ESRD individuals, a sudden change in blood pressure has
repeatedly been shown to increase the risk of premature deaths. [33-35] Also,
increased changes in inter-dialytic weight gain (IDWGQ), a clinical anthropometric
measure for fluid-related weight gain between HD treatments, is also associated with
mortality. [38, 39] As such, concomitant decreases in IDWG change and BP might
have possible influences in extreme heat-related associations in mortality and
hospitalization. Lowered blood pressure is a typical physiological response to
increasing ambient temperature among individuals irrespective of health status.[40,
41] Thus, changes in climate regimes that promote elevated temperatures and
frequent extreme heat events are likely to be a significant driver in exacerbating risks.
Interestingly, limited studies have described global seasonal variation as a predictor
for several health endpoints among aggregated ESRD patients.[42, 43] Seasonal
changes can influence physiological responses and mortality, particularly in more

temperate regions where climatic fluctuations are most pronounced.[44]

1.4 Air quality as an environmental determinant



Air pollution is a known risk factor for renal function decline.[45] More
recent findings have confirmed that exposure to elevated air pollution is associated
with CKD development and CKD progression to ESRD. [46, 47] Furthermore,
exposure to harmful air pollution levels, namely particulate matter, can increase blood
pressure. [46, 48, 49] Inhaling airborne pollutants can promote vascular response
changes that could decrease renal blood flow and, in turn, decrease estimated
glomerular flow rates (eGFR).[47] These toxicological responses can also result in
endothelial injury and inflammation that can hinder renal blood flow, and as a
consequence, predispose susceptible individuals to adverse cardiovascular outcomes.
[50] Long-term exposure to fine particulate matter and nitrogen dioxide can also
decrease eGFR and likely increase CKD incidence. [47] Also, in vitro studies have
shown that traffic-related PM2 s can induce nephrotoxicity and acute kidney injury in
rodent models. [51] Ultimately, these responses can result in impaired renal function
and increased severity of renal tubular necrosis.[51, 52] Degraded regional air quality
from increased electrical demand for air conditioning [48] and more frequent
wildfires [53] during warmer months can exacerbate health risks. Increased ozone
production during an extreme heat event within urbanized regions- also known as
extreme air pollution meteorological events- has severe health implications for
cardiovascular and respiratory-related health complications. [54, 55] However, there
is limited data regarding the potential risks from joint effects of air pollution and

extreme heat events among ESRD patients.

1.5 Pilot work



In a piloted retrospective cohort study, we characterized the impact of extreme
heat events (EHE) on HD patients treated at Fresenius Medical Center in North
America (FMC-NA) in selected Northeastern US cities (Boston MA; New York, NY;

and Philadelphia, PA) (Chapter 2). [56]

We found that exposure to EHE increased the risk of same-day hospitalization
(rate ratio [RR], 1.27; 95% CI, 1.13-1.43) and same-day mortality (RR, 1.31; 95% CI,
1.01-1.70) among ESRD patients. In the same pilot work, we found that extreme heat
events can, on average, reduce systolic blood pressure (-1.6 mmHg; 95% CI: -1.8- -
1.4) and inter-dialytic weight gain (IDWG) percentage changes (-0.14%; 95% CI.: -
0.21- 0.18) when compared to non-extreme heat events. [57]. These observations
present an interesting paradox for ESRD patients where both reduced blood pressure
and weight changes can co-occur during extreme heat days. [38, 39] Our preliminary
findings did not account for the modifying effect of air pollution. Although the study
had a limited geographic scope, heterogeneity across cities, race/ethnicity, and co-
morbidities were strongly observed. The work highlighted the need for a more robust
and scaled assessment to better understand risk disparities and to further investigate

the combined impact of air pollution and EHE on mortality and hospitalization risk.

1.6 Extreme Heat Event (EHE) Metric

A climate-based exposure surrogate was used to identify daily extreme heat
events in the pilot study. The development and the application of this method are

described in further detail elsewhere.[19, 27]



In summary, maximum daily air temperature (TMAX) data were extracted
from the Global Historical Climate Database (GHCD) through the National Center
for Environmental Information at the National Oceanic and Atmosphere Agency
(NOAA). We used location-specific daily measures to generate county-level 30-year
baselines from 1960-1989 and county-level extreme temperature thresholds. The
thresholds for counties of focus were determined by calculating 95" percentiles of
TMAXos based on a 31 day-moving window centered for any calendar day during all
baseline years for a respective county. This approach was repeated for each calendar
day during the study period within each studied county. And lastly, we compared the
TMAXos derived EHE thresholds to observed TMAX daily measures to identify
EHEs. We note that this method had an added advantage in capturing long-term
changes in climate variability and in estimating acute heat effects on population

health.

1.7 Outline of Dissertation

In general, we sought to follow-up with our preliminary work by expanding the
geographic coverage and the study population within the Northeastern United States
region to investigate the role of acute environmental exposures from extreme heat, air
pollution, and its combination on ESRD patients. Our central hypothesis is that EHEs
will increase mortality and hospitalization risk among ESRD patients with pre-
existing co-morbidities. Still, effects will vary by location and by race/ethnicity. We
also hypothesize that elevated air pollutants as modifiers will exacerbate mortality
and hospitalization risks during EHE periods. Lastly, we hypothesize that reduced

blood pressure from increased ambient temperature may have a substantive indirect
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effect on increasing mortality and hospitalization risks. The specific aims for this

dissertation are to:

1. Quantify extreme heat events (EHE)-related risk of mortality and
hospitalization among ESRD patients undergoing hemodialysis in the
northeastern United States by location, race/ethnicity, and pre-existing
co-morbidity.

2. Investigate the cumulative joint effects of extreme heat events and air
pollution among ESRD patients.

3. Identify probable mechanistic pathways between air temperature and
mortality and hospitalization risks through physiological measurements

using mediation analysis

These research aims have been expanded into three manuscripts, preceded by
published piloted work that showcased adopted methods and preliminary results on
three highly-urbanized northeastern locations, followed by an overall dissertation
conclusion and public health implications chapter. Aim 1 examines the acute effects
of extreme heat events and apparent temperature on ESRD patients within the United
States' northeastern region using study design methods consistent with piloted work.
Stratification analyses based on location, race/ethnicity, and pre-existing co-
morbidities are featured in this work. Aim 2 characterizes the interaction between air
quality and extreme heat events on mortality and hospitalization outcomes. Air
quality data for PM2.s and ozone are based on highly-resolved spatio-temporal data
from coupled environmental models. Distributed lag nonlinear modeling is used to

estimate cumulative lag exposures for up to three days. Aim 3 examined mechanistic
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pathways between acute temperature exposure and mortality and hospitalization risks
through selected clinical measurements taken before hemodialysis treatments. We
applied mediation analyses based on survival outcomes to assess potential competing
pathways mediated by systolic blood pressure before treatment (preSBP) and IDWG.
Proportion mediated estimates for preSBP, IDWG, and preSBP+IDWG pathways in
individual and combined pathway models were quantified. And finally, the
dissertation ends with overall conclusions followed by public health/clinical

implications and next steps for advancing the research.



Chapter 2: Association of Extreme Heat Events With Hospital
Admission or Mortality Among Patients With End-Stage Renal
Disease

Remigio, R.V., Jiang, C., Raimann, J., Kotanko, P., Usvyat, L., Maddux, F.W.,
Kinney, P. and Sapkota, A., 2019. Association of Extreme Heat Events with Hospital
Admission or mortality among patients with end-stage renal disease. JAMA network

open, 2(8), pp.€198904-e198904.

2.1 Abstract

Importance. Extreme heat events (EHEs) are increasing in frequency, duration, and
intensity, and this trend is projected to continue as part of ongoing climate change.
There is a paucity of data regarding how EHEs may affect highly vulnerable
populations, such as patients with end-stage renal disease (ESRD). Such data are
needed to inform ESRD patient management guidelines in a changing climate.
Objectives. To investigate the association between EHEs and the risk of hospital
admission or mortality among patients with ESRD and further characterize how this
risk may vary among races/ethnicities or patients with preexisting comorbidities.
Design, Setting, and Participants. This study used hospital admission and mortality
records of patients with ESRD who underwent hemodialysis treatment at Fresenius
Kidney Care clinics in Boston, Massachusetts; Philadelphia, Pennsylvania; or New
York, New York, from January 1, 2001, to December 31, 2012. Data were analyzed
using a time-stratified case-crossover design with conditional Poisson regression to

investigate associations between EHEs and risk of hospital admission or mortality



among patients with ESRD. Data were analyzed from July 1, 2017, to March 31,
2019.

Exposures. Calendar day— and location-specific 95th-percentile maximum
temperature thresholds were calculated using daily meteorological data from 1960 to
1989. These thresholds were used to identify EHEs in each of the 3 cities during the
study.

Main Outcomes and Measures. Daily all-cause hospital admission and all-cause
mortality among patients with ESRD.

Results. The study included 7445 patients with ESRD (mean [SD] age, 61.1 [14.1]
years; 4283 [57.5%] men), among whom 2953 deaths (39.7%) and 44 941 hospital
admissions (mean [SD], 6.0 [7.5] per patient) were recorded. Extreme heat events
were associated with increased risk of same-day hospital admission (rate ratio [RR],
1.27; 95% CI, 1.13-1.43) and same-day mortality (RR, 1.31; 95% CI, 1.01-1.70)
among patients with ESRD. There was some heterogeneity in risk, with patients in
Boston showing statistically significant increased risk for hospital admission (RR,
1.15; 95% CI, 1.00-1.31) and mortality (RR, 1.45; 95% CI, 1.04-2.02) associated with
cumulative exposure to EHEs, while such risk was absent among patients with ESRD
in Philadelphia. While increases in risks were similar among non-Hispanic black and
non-Hispanic white patients, findings among Hispanic and Asian patients were less
clear. After stratifying by preexisting comorbidities, cumulative lag exposure to EHEs
was associated with increased risk of mortality among patients with ESRD living with

congestive heart failure (RR, 1.55; 95% CI, 1.27-1.89), chronic obstructive
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pulmonary disease (RR, 1.60; 95% CI, 1.24-2.06), or diabetes (RR, 1.83; 95% CI,
1.51-2.21).

Conclusions and Relevance. In this study, extreme heat events were associated with
increased risk of hospital admission or mortality among patients with ESRD, and the
association was potentially affected by geographic region and race/ethnicity. Future
studies with larger populations and broader geographic coverage are needed to better
characterize this variability in risk and inform ESRD management guidelines and
differential risk variables, given the projected increases in the frequency, duration,

and intensity of EHEs.

2.2 Introduction

The evidence that climate and human health are inextricably connected has
been mounting over the last decade.[58, 59] To our knowledge, most studies have
focused on exposure to extreme heat events (EHEs), as they are projected to increase
in frequency, intensity, and duration with a changing climate[60]. Prior studies on the
effects of extreme heat have consistently shown an increased risk of hospital
admission and mortality among the general population, particularly within urban
areas.[61-65] Urban communities may be disproportionately affected by extreme heat
because of higher rates of poverty and more intense heat exposure due to the urban
heat island effect [64-68], contributing to higher risk of hospital admissions and
mortality.[24, 69-75] However, to our knowledge, few studies have investigated how
EHEs may affect highly vulnerable populations, such as individuals living with end-

stage renal diseases (ESRD) patients, within these urban centers.
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End-stage renal disease is the final stage of chronic kidney disease which
causes gradual decrease in renal function. Patients with ESRD require some form of
renal replacement therapy, such as hemodialysis or kidney transplantation, to survive.
In the United States, the most commonly administered form of renal replacement
therapy is thrice-weekly hemodialysis treatment.[32] Patients with ESRD must also
adhere to dietary modifications, such as restricting the consumption of water and
foods containing high levels of sodium, potassium, and phosphorus, to manage excess
fluid accumulation.[76] Data from 2017 suggest that there were 500,000 ESRD
patients in the United States undergoing routine hemodialysis treatment in 2015, with
an annual Medicare treatment and management cost of $34 billion.[77]

Previous studies have reported seasonal, as well as regional patterns of
mortality among patients undergoing hemodialysis, with higher rates observed in the
tropical regions of the world.[43, 44] Other studies [24, 25] have hypothesized renal-
related diagnoses, such as kidney failure, and electrolyte imbalances are the
underlying causes of hospital admissions and mortality risk among elderly
populations exposed to high temperatures. Such diagnosis are frequent sequelae of
heat stress and dehydration during periods of extreme heat [25] and have been
implicated in acute renal failure among sugarcane workers working in harsh outdoor
conditions.[71, 72] A 2018 study [78] reported extended periods of exposures to
extreme heat were associated with an increased risk of acute kidney injury-related
emergency department visits and hospital admissions among older adults. However,
to our knowledge, such associations between EHEs and hospitalization or mortality

among patients with ESRD has not been characterized, and it is unclear if such
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association differs by race/ethnicity or preexisting comorbidities.

We used data from the Fresenius Kidney Care (FKC) clinics to investigate the
association between EHEs and risk of hospital admissions or mortality among
patients with ESRD undergoing HD treatment in 3 northeastern cities: Boston,
Massachusetts (BOS); New York City, New York (NYC); Philadelphia, Pennsylvania
(PHL). Our objectives were to (1) quantify risk of hospital admission or mortality
among patients with ESRD associated with EHEs; (2) investigate whether this risk
varied by race/ethnicity or preexisting comorbidities, including congestive heart
failure (CHF), diabetes, and chronic obstructive pulmonary disease (COPD); and (3)
characterize the time course of mortality and hospital admission risk associated with

EHEs using time-varying (lagged) exposures.

2.3 Methods

2.3.1 Health Data

The period for this analysis is from January 2001 to December 31, 2012,
focusing on warmer months of the year (May to September). We obtained
deidentified data on patients with ESRD who were treated at 23 FKC clinics (Figure
1) located in Boston, NYC, and Philadelphia from electronic health records.[79]
Eligible patients were selected based on clinic zip codes where hemodialysis
treatment was received. Our study population can be considered a representative
sample of patients with ESRD, who typically receive fully or nearly fully managed
care for hemodialysis treatments.[80] We used all-cause hospital admission and all-

cause mortality as the primary outcomes. Counts of hospital admissions and mortality
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events were aggregated for each day by location. We obtained information on self-
reported race/ethnicity and categorized patients as Hispanic, NH (NH) black, NH
white, Asian, or other (e.g., American Indian, Native Hawaiian, other). We also
obtained information on other preexisting comorbidities, including CHF, COPD, and
diabetes. Patients who had received fewer than 30 hemodialysis treatments at a given
clinic were excluded to ensure location membership during the study. This study was
determined exempt by the Western Institutional Review Board and the University of
Maryland Institutional Review Board, which waived the need for informed consent
because it used deidentified data. Our study followed the Strengthening the Reporting
of Observational Studies in Epidemiology (STROBE) reporting guideline for case-

control studies. Data were analyzed from July 1, 2017, to March 31, 2019.

2.3.2 Extreme Heat Events

Extreme heat events were identified using previously described methods[ 19,
27]. In brief, we used 30 years (1960-1989) of daily maximum temperature obtained
from the National Center for Environmental Information (NCEI) through the National
Oceanic and Atmosphere Agency (NOAA) to calculate unique calendar day- and
location-specific 95"-percentile thresholds. Following this, daily maximum
temperature for targeted study locations during 2001-2012 were compared with their
respective calendar day- and location-specific thresholds and assigned a value of / if
they exceeded the upper 95% -percentile threshold and 0 if they did not. Days

exceeding the thresholds were identified as EHEs.

2.3.2 Statistical Analysis

14


http://www.equator-network.org/reporting-guidelines/strobe/

We applied a time-stratified case-crossover study design with conditional
Poisson regression to estimate location-specific associations between EHE exposures
and hospitalization & mortality risk among ESRD patients using the gnm package in
R version 3.5.0 [81, 82]. In a case-crossover study design, each individual serves as
his or her own control. This unique feature of the case-crossover design eliminates the
need to adjust for individual level time-invariant confounders, including age, sex,
race, and socioeconomic status.[83-86] This study design with conditional Poisson
model accounts for varying population changes during a study and allows
adjustments for autocorrelation and overdispersion, which is not possible with
conditional logistic regression methods.[87] Furthermore, when adjustment for
autocorrelation and over-dispersion is not necessary, results obtained from
conditional Poisson model is identical to that obtained with conditional logistic
regression.[87] Stratum indicators are based on the combination of year, month, and
the day of week. This approach is consistent with other studies that have used case-
crossover designs to measure acute health effects associated with short term
environmental exposures. [62, 88-91] We checked for autocorrelation and
overdispersion and found that the assumption that variance is proportional to its mean
was violated. Thus, a quasi-Poisson method was adopted into the conditional Poisson
regression.

We used unconstrained same-day (lag 0), one-day lag (lagl), and cumulative
same-day and one-day lag (lag 0-1) exposures to EHE during warm months (May-
September) for the northeastern cities and the northeast region combined. The

combined data from the 3 cities were also used to conduct stratified analyses by
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race/ethnicity and comorbidity status to investigate if risk associated with EHEs
varied by race/ethnicity (i.e., Asian, non-Hispanic black, non-Hispanic white, and
Hispanic) and by preexisting comorbidities (i.e., CHF, COPD, and diabetes). We
further tested for effect modification by location, race/ethnicity, and comorbidities
using previously described methods used in similar case-crossover analyses stratified
by time-invariant demographic characteristics[92, 93] We used a Wald y? test to

determine statistical significance for EHE exposure at an o level of 0.05.

2.4 Results

This study included 7445 patients with ESRD from 3 cities (Table 1). The
participants tended to be older (mean [SD] age, 61.1 [14.6] years) and men (4283
[57.5%]). Owing to data restrictions, NYC patients’ data were not available from
2001 to 2003. Philadelphia and NYC had the most NH black patients (Philadelphia,
2558 patients [68.0%]; NYC, 1418 patients [63.3%]), whereas NH white patients
were overrepresented in Boston (1083 patients [75.2%]). Overall, the prevalence of
diabetes (1710 [23.0%]) was higher compared with CHF (939 [12.6%]) and COPD
(289 [3.9%]). We observed the highest 12-year mortality rate in Boston (700 deaths
[48.6%]), followed by Philadelphia (1433 deaths [38.1%]), then NYC (820 deaths
[36.6%]). Hospital admission can be a recurrent event among patients undergoing
hemodialysis. As such, patients in this study had a mean (SD) of 6.0 (7.5) hospital
admissions during the warmer months (Table 1). The expected number of annual
EHEs based on the 95th-percentile threshold is 18.25 (365 x 0.05). During the study,

the annual mean (SD) number of EHEs was higher in Boston (37.4 [23.0] days) but
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lower in NYC (14.2 [10.1] days) or Philadelphia (11.9 [6.5] days) (Table 1; Figure
S2-1).

In the combined regional analysis, cumulative exposure to EHEs was
associated with higher risk of hospital admission among patients with ESRD (rate
ratio [RR], 1.36; 95% CI, 1.23-1.50) (Figure 2A). City-specific risks of hospital
admission were statistically significant for Boston (RR, 1.15; 95% CI, 1.00-1.31) and
NYC (RR, 1.17; 95% CI, 1.03-1.34) but not for Philadelphia (RR, 1.05; 95% CI,
0.97-1.13). Findings regarding same-day exposure and 1-day lagged exposure were
robust for the combined analysis, but the city specific estimates were statistically
significant for NYC only (RR, 1.21; 95% CI, 1.03-1.42). Likewise, cumulative
exposure to EHEs was associated with increased risk of mortality among patients
with ESRD in the regional analysis (RR, 1.32; 95% CI, 1.06-1.65) as well as in
Boston (RR, 1.45; 95% CI, 1.04-2.02) but not in NYC (RR, 1.11; 95% CI, 0.76-1.63)
or Philadelphia (RR, 1.05; 95% CI, 0.78-1.39). Findings for Boston remained
statistically significant for same-day (RR, 1.50; 95% CI, 1.03-2.19) and 1-day lag
(RR, 1.78; 95% CI, 1.21-2.61) exposures (Figure 2B).

Cumulative exposure to EHEs was associated with increased risk of mortality
among non-Hispanic black patients (RR, 1.57; 95% CI, 1.25-1.97) and non-Hispanic
white patients (RR, 1.38; 95% CI, 1.16-1.64) but not among Hispanic patients (RR,
1.27; 95% CI, 0.94-1.70). The increases in risk of mortality observed among non-
Hispanic black and non-Hispanic white patients remained elevated for both same-day
and 1-day lag exposures. For Hispanic patients, same-day exposure to extreme heat

was associated with increased risk of mortality (RR, 1.58; 95% CI, 1.16-2.14), but
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exposure from the previous day was associated with decreased risk of mortality,
although the decrease was not statistically significant (RR, 0.82; 95% CI, 0.55-1.22)
(Figure 4A). Because there were too few deaths among Asian patients with ESRD (<5
deaths) during EHEs, we removed them from the analysis owing to model instability.
The increases in risk of mortality associated with EHEs were statistically significant
among patients with ESRD and living with COPD (RR, 1.60; 95% CI, 1.24-2.06),
CHF (RR, 1.55;95% CI, 1.27-1.89), or diabetes (RR, 1.83; 95% CI: 1.51-2.21)
(Figure 4B). Findings for same-day and previous-day EHE exposures were similar to
those for the cumulative exposure. We found some evidence of effect modification by
race/ethnicity and location. These findings were higher than the overall increases in
mortality observed for the combined population (RR, 1.32; 95% CI, 1.06-1.65),

indicating potential effect modification (Figure 2B).

2.5 Discussion

The projected increases in the duration, frequency, and intensity of EHEs
associated with climate change are a significant public health concern, as they can
negatively affect vulnerable populations, such as patients with ESRD. The geographic
heterogeneity in EHEs observed among BOS, NYC, and PHL during the study is in
agreement with previous studies [94, 95] that have noted such variability in the
influence of climate change on local weather events. Our results suggest that EHEs
are associated with increased risk of hospital admission and mortality among patients
with ESRD. While the risk estimates for hospital admission and mortality were
consistent for the regional combined analysis, city-specific risk estimates differed,

highlighting the geographic variability. Increases in risk of hospital admission and
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mortality associated with EHEs were consistently higher NH black and NH white
patients, but findings among Hispanic and Asian patients were less clear. Risk of
mortality associated with EHEs among patients with ESRD was consistent among
patients with CHF, COPD, or diabetes as comorbidities. However, hospital admission
risk differed by comorbidity status, ie, EHEs were associated with increased risk of
same-day hospital admission among patients with ESRD and diabetes, but this risk
was not elevated among patients with ESRD and COPD or CHF as comorbidities.
These preliminary findings highlight the need for national scale assessments to
quantify the underlying geographic and demographic variability in risk of hospital
admission and mortality associated with EHEs to better inform ESRD management in
a changing climate.

Our findings of increased hospital admissions and mortality risk associated
with EHEs among patients with ESRD is consistent with previous studies[24, 72, 96,
97] that have reported similar findings among general populations. While both New
York City and Philadelphia had higher proportions of non-Hispanic Black patients
and similar rates of EHE, the extreme heat related risk of hospitalization and
mortality was not significant in Philadelphia. The interpretation of this observation
remains unclear as we did not investigate facility specific characteristics. Our finding
of increased mortality associated with EHEs among patients with ESRD and CHF or
COPD as comorbidities is consistent with a 2010 study[98] among elderly people
with CHF and COPD. According to the United States Renal Data System[77],
cardiovascular causes, including CHF, account for almost half of deaths among

patients undergoing hemodialysis. Lowered blood pressure is a common
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physiological response to increasing ambient temperature among individuals
irrespective of cardiovascular health status.[40, 41] However, with respect to people
with ESRD, low blood pressure has been shown to increase the risk of premature
deaths. [33-35] The underlying mechanism for heat related mortality among patients
with ESRD living with COPD and diabetes remains unclear and needs further

investigation. [99, 100]

Individual-level determinants, such as education level, socioeconomic status,
and race/ethnicity, have been shown to increase vulnerability and can potentially
modify the association between heat exposure and mortality. [101-103] While we
excluded Asian patients from the mortality analysis owing to model instability
attributed to a small number of events (<5 deaths) during an EHE, others have
suggested this particular group may be less vulnerable to EHE exposures.[104,

105] For example, a 2015 study[106] reported that Asian laborers in the United States
exhibited a lower rate of mortality associated with occupational heat exposure during
2000 to 2010. Interestingly, among Medicare enrollees in the United States, older
Asian adults appear to experience significantly reduced rates of health care visits
associated with hyperthermia.[107] We observed some evidence of effect
modification by location, race/ethnicity, and comorbidities, but results were not
statistically significant because of limited sample size. This is consistent with a
previous study that reported higher risk of mortality among individuals with CHF,

diabetes, or COPD during the summer season.[102]

2.5.1 Strengths and Limitations
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This study consisted of a relatively large sample size of patients with ESRD, a
previously understudied vulnerable population in the context of climate change.
Hospital admission and mortality records for the study population were maintained by
FKC, a globally known hemodialysis care enterprise. We also computed a robust
exposure metric using location- and calendar day—specific thresholds that
incorporated local climatological measures. This enabled us to use EHE frequency as
an exposure metric, which may be more relevant than daily mean temperature in the
context of climate change.[27] We used a time-stratified case-crossover design with
conditional Poisson analysis, as it is more flexible in estimating acute effects
associated with short-term exposures. Through self-matching, this study design
negated the need to control for individual-level measured and unmeasured time-

invariant confounders.[84, 85]

The study had limitations as well. We used a single-day exposure metric;
therefore, we did not account for alternative definitions for EHEs, including heat
wave, as seen in other work.[24, 74] The consideration of multiple-day heat waves
could represent a more severe exposure experience for patients with ESRD, especially
given the frequent occurrence of heat waves in the United States. Our exposure metric
was dichotomous (ie, presence or absence); thus, it did not account for the intensity of
exposure on a continuous scale. In addition, a limitation of this study is the lack of
data verifying indoor conditions for patients in our study population. Prior studies
have reported that outdoor temperatures correlate well with indoor temperatures,
especially during warmer months, in Boston'? and New York.[67, 68, 108] This
suggests that extreme heat measured outdoors can serve as a surrogate for indoor
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environments. Another limitation is the spatial heterogeneity in exposure that may
exist among the patient’s residence, the treating clinic, and the nearest weather
station. Built-environment features, such as green[61, 109] and blue spaces[110], and
impervious cover[89, 111] can influence local surface temperatures. However,
potential exposure misclassification errors that resulted from the use of central
weather stations were likely nondifferential in nature, as monitoring stations did not
change between the case period and the control periods.[112] This non-differential
measurement error, if present, likely attenuated the risk estimates.[113] In this
analysis, we did not adjust for time-varying confounders, such as air quality. Another
limitation relates to the lack of specific causes for hospital admission and mortality
for the study population. Future studies with larger sample sizes are needed to
investigate how cause-specific mortality and hospital admission associated with
EHEs among patients with ESRD varies by geographic locations, race/ethnicity,
socioeconomic status, and comorbidities while accounting for time-varying

confounders, such as air pollution.

2.6 Conclusions

Our results showed that EHEs were associated with increased risk of hospital
admission or mortality among patients with ESRD and that such risks may vary by
city, race/ethnicity, and comorbidity. With the projected increases in frequency,
duration, and intensity of extreme weather events, future ESRD management
guideline need to incorporate EHEs as part of the adaptation measures to minimize

morbidity and mortality among patients with ESRD in a changing climate.
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2.7 Tables

Table. Summary Statistics for Patients With End-Stage Renal Disease From 2001 to 2012

No. (%)
Boston, New York, Philadelphia,
Characteristic Massachusetts New York Pennsylvania Total
Clinics, No. 4 5 14 23
Patients, No. 1439 2241 3763 7445
Men 868 (60.3) 1260 (56.2) 2155 (57.3) 4283 (57.5)
Age, mean (SD), y 66.5 (14.7) 60.5(14.2) 59.4 (14.4) 61.1(14.6)
Race/ethnicity
Hispanic 61 (4.2) 420(18.7) 426 (11.3) 907 (12.2)
Non-Hispanic black 220 (16.0) 1418 (63.3) 2558 (68.0) 4196 (56.4)
Non-Hispanic white 1083 (75.2) 208 (9.28) 717 (19.1) 2108 (28.3)
Asian 50 (3.5) 84 (3.7) 50(1.3) 184 (2.5)
Other 15 (1.0) 18(0.8) 38(1.0) 71(1.0)
Comorbidities
Congestive heart failure 369 (25.6) 206(9.2) 364 (9.7) 939(12.6)
Chronic obstructive pulmonary disease 90 (6.4) 63(2.8) 134 (3.6) 289 (3.9)
Diabetes 448 (31.1) 635 (28.3) 627 (16.7) 1710(23.0)
Health outcomes
Mortality, No. (%) 700 (48.6) 820 (36.6) 1433 (38.1) 2953 (39.7)
Total hospital admissions, No. 8041 11424 25476 44941
Hospital admissions per patient, 5.6 (6.8) 5.1(6.7) 6.8(8.2) 6.0 (7.5)
mean (SD)
Daily maximum temperature, 29.3(5.7) 25.8 (4.7) 27.6(4.8) 25.9(5.6)
mean (SD) [range], °C? [7.2-38.9] [9.0-39.4] [11.1-40.0] [7.2-40.0]
Extreme heat events/y, mean (SD)? 37.4(23.1) 14.2 (10.1) 11.9(6.5) 21.2 (35.6)

@ May through September.

Table 1. Summary statistics for patients with end-stage renal disease from 2001 to 2012
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2.6 Figures
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Figure 1. Map of Fresenius Kidney Care hemodialysis clinics and weather stations in Boston,
Massachusetts; New York City, New York; and Philadelphia, Pennsylvania
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Figure 2. Risk of hospital admission and mortality associated with extreme heat events among patients
with end-stage renal disease in Boston, Massachusetts; New York City, New York (NYC); and
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Figure 3. Risk of hospital admission associated with extreme heat events among patients with end-stage
renal disease stratified by race/ethnicity and comorbidities. CHF indicates congestive heart failure;
COPD, chronic obstructive pulmonary disease; NH, non-Hispanic; and RR, rate ratio.
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Chapter 3: Pre-existing comorbidities among end-stage renal disease
(ESRD) patients may worsen extreme heat-related risk of death

3.1 Abstract

Background: There is a scientific consensus that the frequency, duration, and
intensity of extreme heat events (EHE) will continue to rise in response to ongoing
climate change. Such increases in EHEs may disproportionately impact individuals

living with end-stage renal disease (ESRD).

Objectives: To quantify EHE-related risk of all-cause mortality and hospital
admissions among ESRD patients undergoing hemodialysis (HD) in the northeastern
United States and further investigate if this relationship varies by location,

race/ethnicity, and pre-existing comorbidity.

Methods: We pooled all-cause hospital admission and all-cause mortality records
(2001-2019) for ESRD patients treated at the Fresenius Kidney Care (FKC) facilities
from 28 selected Northeastern counties. We used time-stratified case-crossover
analyses with conditional Poisson regression models to investigate the association
between -term exposure to EHE and the risk of hospitalization and mortality among
these patients. We further stratified our analysis by county, race/ethnicity, and
comorbidity. As part of a sensitivity analysis, we replicated the work using apparent

temperature.

Results: Among 60,717 ESRD patients, we observed 15,711 deaths (25.9%) and
99,464 hospital admissions (mean [SD], 2.95 [3.21] per patient) during the study
period. We found increased region-wide mortality risks (rate ratio [RR], 1.07; 95%

CI, 1.00-1.13) from extreme heat exposure, which tended to vary by latitude.,
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race/ethnicity, and comorbidity. Interquartile range (IQR) cumulative lag (0-1) risk
estimates ranged between 0.84-1.23 for mortality and 0.95-1.04 for hospital
admission county-level risks. Same-day (Lag 0) mortality was higher among
Hispanics (RR, 1.39; 95% CI, 1.28-1.51 and non-Hispanic Black (RR, 1.12; 95% CI,
1.04-1.21) groups. Likewise, ESRD patients with cardiovascular disease (RR, 2.14;
95% CI:1.91-2.40), Diabetes (RR, 1.07; 95% CI:1.00-1.15), and cerebrovascular
disease (RR, 1.47; 95% CI:1.26-1.71) as comorbidities had higher risks of EHE
related same-day mortality. Risks mostly dampened after 1 day except for ESRD
patients with cerebrovascular diseases. Hospital admission risk by latitude and
race/ethnicity displayed mostly non-significant null associations. A sensitivity

analysis using apparent temperature did not change the overall findings.

Conclusion: Our results presented evidence of modification by location,
race/ethnicity, and comorbidity with short-term EHE and all-cause mortality. This
occurrence was most evident during same-day EHE exposures and particularly among
ESRD patients with pre-existing comorbidities. Heterogeneity in magnitude and
precision were commonplace. Future heat management and adaptation protocols for
ESRD patients need to consider geographic and socio-demographic differences and

the enhanced susceptibilities from living with additional comorbidities.
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3.2 Introduction

Exposure to extreme heat events (EHE) has been linked with increased
mortality and hospitalization risks.[61-63, 114, 115] Based on empirical evidence,
other studies have suggested that projected increases in EHE frequency related to
climate change will pose a substantive public health threat. [116] Such threats may
vary considerably across geographic regions and population subgroups. For example,
urban communities are often disproportionately exposed to extreme heat due to
increased surface temperature related to urban heat island effects.[117] A recent
observation found a higher mean number of National Weather Services (NWS) heat
alerts per year among sampled United States (US) cities in the northeastern region

compared to other US regions. [118]

Additionally, social determinants of health rooted in underlying income
inequality, healthcare access, age, and racial composition can also enhance
vulnerability to extreme heat exposure.[61, 101, 104, 117] Others have shown that
lower-income, older adults, and communities of color often experience higher risk
despite the availability of localized heat action plans. [119] These lines of evidence
suggest that, in addition to spatial heterogeneity in exposure, heat-related health
impacts may be influenced by individual-level characteristics that can also include

pre-existing chronic health conditions.

End-stage renal disease (ESRD) patients undergoing hemodialysis represent a

medically-fragile population that is highly vulnerable to extreme heat. ESRD is the
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most critical stage of chronic kidney disease (CKD) characterized by lowered
estimated glomerular filtration rate (¢€GFR; <15 ml/min/1.73m?) and elevated protein
in the urine (albumin to creatinine ratio [ACR]; >300 mg/g).[28, 29] ESRD patients
must undergo renal replacement therapy due to their lack of renal function to filter
and remove toxic wastes from the body. Hemodialysis is a typical modality treatment,
provided 2-3 times/week, and requires in-person clinical visits. Prior epidemiological
studies have shown an increased risk of hospitalization and mortality among older
adults from renal-related symptoms such as kidney failure and fluid and electrolyte
imbalances due to increased temperatures.[24, 25]. As such, projected increases in the
frequency of extreme heat related to climate change can disproportionately impact
ESRD patients. [42, 43] Despite this, there is a lack of data regarding whether EHE-
related risk of hospitalization and mortality may vary across individual-level
characteristics and geographic areas or how other concomitant environmental

exposures may modify such risk.

Using data from three cities, we have previously documented how heat-related
mortality and hospital admission rates among the ESRD population may vary by
race/ethnicity or pre-existing comorbidities.[56] In this follow-up study, we build on
our previous findings by expanding the catchment area to include multiple locations
within the United States' northeastern region where heat hazards are projected to

worsen. [120-122]
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3.3 Methods

3.3.1 Study Population

Using electronic health records, we generated an open cohort of ESRD
patients receiving hemodialysis treatment at Fresenius Kidney Care (FKC) facilities
between 2001 and 2019. The Renal Research Institute (RRI), a wholly-owned
subsidiary of FKC, provided access to patients' limited, longitudinal health records.
The study sampled FKC clinics serving northeastern US counties and their patients
from the District of Columbia to Maine (Supplemental Figure 1). As part of the
study's exclusion criteria, patients with less than 20 treatment visits at any given
location were restricted. In total, 60,717 FMC patients from 115 clinics were
considered eligible for analysis. Relevant patient information included limited time-
invariant data related to medical history, socio-demographics, and ZIP codes of home
HD clinics. As the study entailed using de-identified information, it was deemed

exempt by the University of Maryland Institutional Review Board (IRB).

3.3.2 Outcomes Assessment

Our analysis focused on all-cause mortality and all-cause hospital admissions.
Health endpoints were aggregated into daily and county-level events. Several studies,
including prior work, have reliably used all-cause as a broad outcome category to
maintain a sufficient sample size for analysis. [56, 123, 124] Its use also curbs
concerns for outcome misclassification biases stemming from inaccurate reporting
commonly found with cause-specific diagnostic codes.[125] Overall, mortality and

hospital admission events are tracked through billing and payment operations and
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Centers for Medicare & Medicaid (CMS) reporting. For billing purposes,
hospitalization documentation is considered to be accurate. Like hospitalization, data
on deaths occurring outside of FMC clinics (e.g., unaffiliated hospitals. emergency
rooms, at home) are required for billing requirements and entered into the patient's
FMC electronic health records. All-cause mortality records are considered accurate

for CMS reporting as well.

3.3.3 Exposure Assessment

We used county-level daily extreme heat events as an exposure metric. Details
for computing extreme heat events have been previously described elsewhere.[19, 27]
In brief, we used 30 years (1960-1989) of daily meteorological data on maximum
temperatures obtained from the National Oceanic and Atmosphere Agency (NOAA)
to calculate single calendar-days and location-specific 95th percentile thresholds.
[126] The daily maximum temperature for each county and study period were
compared to their respective calendar day— and country-specific thresholds and
categorized as an 'extreme heat event' if the value exceeded the upper 95th percentile
threshold. County-level EHE data were matched to the health outcome dataset based
on patient clinic ZIP code. Consistent with previous work, unconstrained same-day
(lag 0), 1-day lag (lag 1), and cumulative same-day and 1-day lag (lag 0-1) exposures

were used to capture inter-dialytic EHE effects between dialysis treatments.

3.3.4 Statistical Analyses

We applied a time-stratified case-crossover study design to investigate the

association between exposure to EHE and mortality/hospital admission outcomes
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among ESRD patients. Case-crossover methods are consistently used in
epidemiological analyses involving acute exposure and defined event-based
outcomes. [127] The study design is an advanced case-control design that compares
cases through self-matching. [113] Each case serves as its own control during
'hazardous' and 'referent' periods. Typically, risk exposures during a hazardous
period are compared to risk exposures during a referent period. Conditional Poisson
regression (CPR) is employed to determine the health effects of acute environmental
exposures.[87] CPR is conditioned on the number of outcome events in stratum
indictors. [87, 127] Depending on the data structure, strata indicators are based on the
combination of year, month, and day of the week. [56, 87] For each sampled county,
we considered unconstrainted same-day (Lag 0), one-day lag (Lag 1), and cumulative
exposures (Lag 0-1) during warmer calendar months (May-September [MJJAS]) to
assess the effect of acute EHE exposure. We pooled all county-level data and applied
strata indicators that include specific counties into CPR models for the region-wide
analysis. We used a Wald ¥ test to determine statistical significance for EHE

exposure at a significance level of 0.05.

To further investigate the heterogeneity in risk across socio-demographic
factors, we stratified our analysis by extracting race/ethnicity (Asian, Hispanic, non-
Hispanic Black, non-Hispanic White, and Other/Not Reported) and pre-existing
comorbidities (cerebrovascular, congestive heart failure (CHF), chronic obstructive
pulmonary disease (COPD), diabetes, ischemic heart disease, and myocardial
infarction) information from FKC medical records. The International Classification of

Diseases (ICD) codes used to categorize selected comorbidities are based on in-house
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standardized guidance for data extraction. We estimated extreme heat effects using
strata related to year, month, day of the week, and county. All analyses were
conducted using R statistical software version 3.6.1 [128] with the gnm [129] and

dplyr [130] packages.

3.3.5 Sensitivity Analysis

To simultaneously account for temperature and humidity, we performed a
sensitivity analysis using observed daily apparent temperature measurements. Heat
perception can be exacerbated due to higher relative humidity at warmer
temperatures. Therefore, including a hybridized measure like apparent temperature is
considered a useful predictor of heat stress for environmental health and
epidemiology research. [131, 132] We calculated daily apparent temperature based on
a widely adopted algorithm from the US National Weather Service [133, 134] using
the R package weathermetrics [135]. Replicating a similar EHE-metric approach for
apparent temperature is not achievable since daily historic data from 1960-1989 for
relative humidity and dew point were not readily available. These analyses are
presented in detail in Supplemental Figures S3-1 and S3-2, and Tables S3-2 to S3-

8.

3.4 Results

Demographic characteristics of the study population, along with mortality and
hospital admissions summaries stratified by EHE, are depicted in Table 1. Of the
60,717 sampled patients (39.5% non-Hispanic Black and 39.9% non-Hispanic
White), the crude mortality rate during MJJAS months of the observation period was
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1744 deaths per 100,000 population with ESRD. On average, FKC patients
experienced approximately three hospital admissions. The majority of our study
population reported having diabetes (60.0%), followed by CVD (1.3%), and CHF
(0.8%). On average, we observed 10.3 EHEs per annual season (MJJAS) across
sampled counties during the study period. Total annual EHEs varied across counties,
as seen in Supplemental Figure 2, with 2010 as the highest peak for several
counties. Interestingly, Wicomico (10.8%), New Haven (8.7%), and Erie (8.4%)
counties exhibited the highest mean monthly EHE rates shown in Supplemental
Table S1. The daily mean apparent temperature ranged from 5.5 °C to 45.0 °C across
counties. Overall daily mean apparent temperature for EHE-only days was 28.9 C.
Pooled regional estimates from all counties (Table 3) suggest increased risk
of mortality for same-day (rate ratio [RR], 1.07; 95% CI, 1.00-1.13) and cumulative
lag (RR, 1.02; 95% CI, 0.94-1.09) EHE exposures. Overall hospitalization suggested
a weaker association with the same-day EHE exposure (RR, 1.01, 95% CI: 0.98-
1.03). The county-specific analysis for mortality and hospitalization is depicted in
Figures 1 & 2, respectively, arranged by decreasing latitude. Mortality (Figure 1)
and hospital admissions (Figure 2) varied in direction and effect size from north to
south. County-level cumulative lag (0-1) risk estimates, based on interquartile range
from county estimates, ranged between 0.84-1.23 for mortality and 0.95-1.04 for
hospital admission risks. Approximately 57% and 41% of studied counties exhibited
positive associations based on cumulative EHE exposures for mortality and hospital
admission outcomes, respectively. Due to data sparseness from tabulating mortality

events occurring during EHEs, Caledonia, Erie, Kennebec, and Union counties were
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not included for EHE-mortality analyses resulting in 23 studied counties. Sensitivity
analyses performed using apparent temperature did not substantially change the
overall findings for the pooled analysis (Table S3-2) as well as county-specific

analysis for mortality (Table S3-3) and hospitalization (Table S3-4).

When we stratified the analysis by race/ethnicity (Figure 3), we observed
associations between EHE and same-day (Lag 0) mortality among Hispanics (RR,
1.40; 95% CI, 1.29-1.51) and non-Hispanic Blacks (RR, 1.12; 95% CI, 1.04-1.21).
Though, EHE exposure from the prior day (Lag 1) appeared to have a protective
effect among Hispanic patients (RR, 0.65; 95% CI, 0.59-0.71). Asian subgroup was
not included in mortality analyses due to under-sampled cases (< 5) during Lag 0 and
Lag 1 EHE events. With hospital admissions (Figure 4), Lag 0 exposure to EHE was
associated with increased risk among Asian patients. However, prior day exposure
was associated with decreased risk among Asians and Hispanics. Our sensitivity
analysis (Table S3-5) showed that a 5°C increase in apparent temperature increased
same-day mortality risk among Asian (RR, 1.42; 95% CI, 1.36-1.49) and Hispanic
(RR, 1.46; 95% CI, 1.41-1.52) subgroups. Consistent with EHE effects, the increase
in apparent temperature was not significantly associated with hospital admissions

(Table S3-6).

To further investigate the effect of extreme heat exposure on ESRD patients
with pre-existing comorbidities, we stratified our analysis by comorbidity status
(Diabetes, congestive heart failure (CHF), Cerebrovascular, ischemic heart disease
(IHD), Any CVD, and Any comorbidity). Exposure to EHE was associated with a

higher risk of same-day mortality among groups living with IHD (RR, 2.33; 95% CI,
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2.08-2.62), CHF (RR, 2.46; 95% CI, 2.14-2.83), cerebrovascular (RR, 1.86; 95% CI,
1.57-2.20), and Any CVD (RR, 2.14; 95% CI, 1.91-2.40) (Figure 6). These risks
appeared to be attenuated or even protective when considering Lag 1 exposures, with
a noted exception for cerebrovascular diseases. Patients living with IHD (RR, 1.15;
95% CI, 1.05-1.27) and cerebrovascular disease (RR, 1.27; 95% CI, 1.12-1.46)
diseases shown higher hospitalization risks associated with cumulative lag EHEs.
Sensitivity analysis performed using apparent temperature agreed with overall
findings for mortality (Table S3-7) and hospital admissions (Table S3-8) in terms of
directionality and precision except for Lag 1 EHE effects for cerebrovascular

mortality.

3.5 Discussion

Prior studies have linked exposure to extreme heat events with a range of
adverse health outcomes within the general population. Still, only a few studies have
investigated how it may impact populations that live with chronic kidney diseases,
especially end-stage renal disease. Clinically, people living with ESRD must adhere
to restrictive lifestyles and receive, on average, thrice-weekly life-saving dialysis
treatments. This highly regimented quality of life (e.g., limited water volume
consumption) poses unique coping challenges and health risks with extreme heat,
unlike relatively healthier individuals. Our findings showed that same-day and two-
day cumulative EHE exposures might increase mortality risk among this vulnerable
population in the NE region. Region-wide risk estimates observed in this study were
reduced compared to prior work, which focused on three cities from the same region

(Boston, MA; Philadelphia, PA; and New York City, NY). [56] In the same previous
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EHE-ESRD study, city-specific findings demonstrated significantly increased
mortality and hospitalization risks at Boston and New York clinics. The inclusion of
additional counties from lower latitude and its extended study period (2001-2019)
may partially explain this attenuation. It is important to note that mortality risks in
studied Boston (Suffolk and Norfolk), New York City (Bronx, Kings, and New
York), and Philadelphia counties displayed some agreement from our earlier work.
Also, we note that our catchment region was not exclusive to major metropolitan
hubs. Peri-urban and suburban locations were included in our regional analysis.
Visually, we observed a varied risk gradient across latitudes. As expected, we did
observe location-specific variability in EHE responses, as observed in other studies
when using the EHE metric and heat index.[27, 118, 136, 137] Most northern
counties in Vermont, Maine, and New Hampshire exhibited significantly higher

mortality magnitudes from 5°C increases in apparent temperature.

Subgroup analyses for race/ethnicity EHE effects suggested increased
mortality and hospitalization risks for same-day EHE exposures but attenuation after
one-day EHE events. Hispanic and NH-Black patients appear to have the highest risk
of death, and evidence from our prior study corroborates this observation.
Unfortunately, similar to our previous study, Asian patients were excluded from
mortality analysis due to sample size-limited deaths during lag0 and lagl EHE:s.
However, risk detection in hospital admissions indicates null rate changes, except for
Asian patients, from same-day EHE. This lack of effect on hospital admission risk
requires further investigation. The higher frequency in scheduled clinical visits for
HD treatments and more dedicated medical attention may have to do with staving off
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potential complications associated with elevated medical care mitigated during

dialysis.

Overall, we found heterogeneity in risk, particularly among patients with pre-
existing comorbidities. All comorbidity categories showed increased mortality risks
from EHEs among ESRD patients. According to the United States Renal Disease
Data System (USRDS), among sampled Medicare patients over 65 years of age, 6.7%
of patients living with a chronic renal disease also live with at least one comorbidity.
[138] Whereas 5.0% of sampled Medicare patients with chronic renal conditions also
lived with at least two comorbidities. [138] Our study found that virtually all
comorbidities potentiated the EHE related same day mortality risks among ESRD
patients. The same observation applied to cumulative lag 0-1 EHE exposures
associated with all-cause mortality. Notably, cardiovascular and cerebrovascular
comorbidities yielded the largest observed effect sizes for all-cause mortality and all-
cause hospital admissions. This may be related to a lower blood pressure, which is a
typical physiological response to increasing ambient temperature among individuals
irrespective of cardiovascular health status.[40, 41] Prior studies have suggested that
sudden changes in blood pressure and lowered blood pressure can compromise
survival advantage and increase the risk of premature deaths among ESRD patients.
[33-35] We found that same-day heat effects could exacerbate death risk among
ESRD patients living with any CVD. Secondly, the connection between
cerebrovascular and ESRD to heat-related effects seem highly plausible, given that
common heat-related illness such as heat stroke and heat exhaustion involve cerebral

ischemia.[139, 140] This is consistent with a recent study from China demonstrating
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consistent increased cerebrovascular-related mortality risk across five major cities
when considering a cumulative lag period from 0-2 days. [141] In all, our results
point to higher vulnerability for populations living with chronic renal conditions and

additional comorbidities.

National Weather Service (NWS) heat advisories and alerts typically involve
apparent temperature (heat index) and not climate-based extreme heat metrics. [142]
Using apparent temperature as a continuous parameter instead of categorized EHE
exposures in our sensitivity analysis revealed some general consistency with our main
analysis. Discretized exposure data like the dichotomized EHE metric can encounter
data sparseness and result in subgroup exclusions as seen with all-cause mortality
models (e.g., Caledonia and Kennebec Counties, COPD, and Asian subgroups). Thus,
a modified EHE metric based on a continuous apparent temperature scale would help

contextualize findings to NWS heat advisories and alerts in future work.

3.5.1 Strengths and Limitations

This study enjoyed some notable strengths. Health endpoint data were highly
accurate and thorough. Another major strength was the use of the case-crossover
design as part of our analytic approach. As many studies have highlighted, this
method has added advantages in eliminating measured and unmeasured time-
invariant individual-level confounders since individuals provide their own exposure
and control periods through self-matching. [83-85] Furthermore, the inclusion of
additional comorbidities gave us an enhanced appreciation of the composition of the

ESRD population and the increased vulnerability of ESRD patients living with other
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vascular-related comorbidities. Finally, our sensitivity analysis suggests relative
agreement regarding consistency and directionality between the EHE metric and

apparent temperature as heat exposures.

Our study also had several limitations. We applied county-level aggregations
for exposure-response models. Clinic ZIP codes were only provided as location-based
identifiers. Therefore, we assumed that patients resided within, or near, the same
county of their HD clinic. For the EHE metric, despite considered delayed effects, we
exclusively studied single-day exposures. Heat waves that last beyond a single day is
a primary contributor to heat-related illnesses and mortality. Also, it is crucial to
consider moderate heat exposures, not just extreme measures. In recent work from
Weinberger and colleagues, the burden of disease from moderate heat was greater
than extreme heat. [94] This could be remedied by considering decreased upper
percentiles thresholds for baselines when using the EHE metric. Next, our work did
not use cause-specific outcomes due to concerns with drastically reduced sample size
after subsetting for more-defined causes. Studying specified causes would be an
essential follow-up extension in a more extensively scaled study similar to studies
using Medicare-Medicaid medical records. [24, 123] Finally, we should note that
these results may not be generalizable to the target population in other counties or
regions within the United States. As an example, we observed a lower prevalence of
ESRD patients with CVD within the study population (1.6%). According to the most
recent United States Renal Data System (USRDS) Annual Report [30], the prevalence

of CVD in 2018 was estimated at 76.5% in patients receiving hemodialysis. This
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discrepancy might be attributed to potential reporting and misclassification errors

from data pulling.

3.6 Conclusions

In a regional study consisting of 28 counties, we found increased mortality
and hospitalization risks from extreme heat exposure among ESRD patients. Though,
risks between locations did vary across latitudes, even among neighboring counties.
ESRD patients diagnosed with additional comorbidities appear to have increased risk
from EHE exposures. A sensitivity analysis using heat index for heat advisories and
alert confirms EHE effects. This information will help develop future heat
management protocols using a multi-hazard framework that incorporate location-
specific and individual-specific characteristics among ESRD patients. Though,
comorbidity as an individual-level determinant is a critical characteristic for

protection from EHEs.
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3.7 Tables

Characteristics

Counties, n 28

Clinics, n 115
Patients, n 60,717
Race/Ethnicity, n (%)

Hispanic 4,719 (7.8)

non-Hispanic Black
non-Hispanic White

24,006 (39.5)
24,211 (39.9)

Asian 934 (1.5)
Other/Not Reported 577 (1.0)
Comorbidities, n (%)

Any 36,932 (60.8)
Any CVD 763 (1.3)
Cerebrovascular 154 (0.3)
CHF 502 (0.8)
COPD 112 (0.2)
Diabetes 36,446 (60.0)
IHD 433 (0.7)
Sex

Men, n (%) 35,152 (57.9)
Environmental exposures, mean (SD)

Mean daily maximum temperature, °C 25.6 (5.3)
EHE annual rate by county, EHE /year/county 9.8 (6.3)
Mean daily apparent temperature, °C 20.7 (5.5)

Table 1. Summary statistics for ESRD study population and exposure data from 2001 to 2019
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All EHE non-EHE

Mortality, n (%) 15,711 (25.9) 1,059 (1.7) 14,652 (24.1)
Hospital admissions, n 99,464 6,428 93,036
Hospital admission rate, #/person, mean 2,95 (3.21) 119 (0.51) 3.29 (3.39)
(SD)

Mean air temperature, mean (SD) 25.6 (5.3) 32.5(3.1) 25.1 (5.1)
[range], °C [4.4-42.2] [16.1-42.2] [4.4-40.0]
Mean daily apparent temperature, mean 20.7 (5.5) [3- 27.9(4.5)[10- 20.2 (5.2) [3-
(SD) [range], °C 45] 45] 38]

Table 2. Summary for health outcomes and exposure data from 2001 to 2019 stratified by extreme heat events
during May to September (MJJAS) months
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All-cause All-cause
mortality  hospital admissions
RR 95%CI RR  95%CI
Lag0 1.07 1.00-1.13 1.01 0.98-1.03
Lag 1 0.96 0.90-1.02 098 0.96-1.01
Cumulative Lag 0-1 1.02 0.94-1.09 099 0.96-1.02

Table 3. Pooled rate ratio (RR) and 95% confidence interval of mortality and hospital admissions across the
northeastern region comparing EHE events to non-EHE events
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Figure 1. Forest plot of mortality risks across counties and lagged EHE exposures; Lag 0 (same-day), Lag 1 (one-

day lag), and cumulative lag (Lag 0-1)
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EHE effects on Hospital Admissions
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Figure 2. Forest plot of hospital admission risks across counties and lagged EHE; Lag 0 (same-day), Lag 1 (one-

day lag), and cumulative lag (Lag 0-1)
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Figure 3. Forest plot of mortality risks for race/ethnicity groups and lagged EHE; Lag 0 (same-day) , Lag 1 (one-
day lag), and cumulative lag (Lag 0-1)
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Figure 4. Forest plot of hospital admission risks for race/ethnicity groups and lagged EHE exposures; Lag 0
(same-day), Lag 1 (one-day lag), and cumulative lag (Lag 0-1)
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Figure 5. Forest plot of mortality risks for comorbidity groups and lagged EHE exposures; Lag 0 (same-day), Lag
1 (one-day lag), and cumulative lag (Lag 0-1). All category represents all patients within the sample population;
Any category represents patients with any studied comorbidity; and Any CVD represents patients with any
cardiovascular-related comorbidities like CHF, IHD, and MI.
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Figure 6. Forest plot of hospital admission risks for comorbidity groups and lagged EHE exposures; Lag 0 (same-
day), Lag 1 (one-day lag), and cumulative lag (Lag 0-1). All category represents all patients within the sample
population; Any category represents patients with any studied comorbidity; and Any CVD represents patients with

any cardiovascular-related comorbidities like CHF, IHD, and MI.
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Chapter 4: Cumulative joint effects of air pollution and extreme

heat events among ESRD patients

4.1 Abstract

Background: Increasing number of studies have linked air pollution exposure with
renal function decline and disease. However, there is a paucity of data on its impact
among end-stage renal disease (ESRD) patients, and how extreme heat events may

modify the exposure-outcome relationship.

Objectives: To investigate the main effects of daily PM2.s and O3 after adjusting for
extreme heat events (EHE) on all-cause mortality (ACM) and all-cause hospital
admissions (ACH) outcomes among ESRD patients undergoing hemodialysis (HD) in
the northeastern United States region. Also, to investigate the modifying effects of

EHE on the association between air pollutants and ACM or ACHA.

Methods: Fresenius Kidney Care (FKC) records from 28 selected northeastern
counties were used to pool daily ACM and ACHA counts. Daily ambient PM2.5 and
ozone were estimated for selected northeastern counties using a high-resolution
spatiotemporal coupled model. We used time-stratified case-crossover analyses to
characterize acute EHE exposures using individual and cumulative lag structures for
up to 3 days (Lag 0-3). A distributed lag non-linear model (DLNM) framework was
applied in non-stratified and EHE-stratified analyses. We used a nested model
comparison test to assess the goodness-of-fit of models by including interaction terms

to evaluate for interaction effects.
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Results: From 2001 to 2016, the sample population consisted of 43,338 ESRD
patients and yielded 5,217 deaths (10.8%) and 78,433 hospital admissions (mean
[SD], 2.89 [3.08] per patient). A 10-unit increase in PM2.s concentration was
associated with a 5% increase in ACM (rate ratio [RRrago-3], 1.05; 95% CI, 1.00-1.10)
and same-day (Lag0) O3 (RRrago, 1.02; 95% CI, 1.01-1.03) after adjusting for extreme
heat exposures. Our data suggest that EHE modifies the association between ground-
level ozone exposures and mortality. Exceedance of ozone national ambient air
quality standard (NAAQS) in the prior 3 days (Lag 0-3) was associated with a 29%
increase in ACM (RRurago-3, 1.29; 95% CI, 1.00-1.66) during EHE days. Alternatively,
03 NAAQS exceedance-related risk was attenuated in non-EHE days (RRiago-3, 1.04;
95% CI, 0.97-1.12). Statistical model improvements from including interaction terms
between cumulative effects of air pollutants and EHE were observed for Lag 0-3
PM25 (p=0.004) and Lag 0-3 ozone (p=0.004) ACM models. No effect modification

by EHE was observed for acute air pollutant exposures and ACHA.

Conclusion: Our study shows that short-term exposure to PM2.s and O3 for up to 3
days is associated with increased ACM risk and negligible risk of ACHA among
ESRD patients. Also, preliminary evidence points to potential effect modification
from extreme heat events though further analysis is required. Public health
implications could also broaden regulatory action for increased air quality mitigation
and human health protections that consider the ESRD population a sensitive

population.
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4.2 Introduction

Prevalence of chronic kidney disease (CKD) and end-stage renal disease
(ESRD), which represents the final stage of CKD, are increasing across the globe.
[30, 143] The ESRD population is considered to be particularly vulnerable to
environmental risk factors. [56, 123, 144] While previous studies have shown that
exposure to air pollutants such as PMz.s (particulate matter with less than 2.5 microns
in aerodynamic diameter) and ground-level ozone (O3) can increase the risk of all-
cause mortality, hospital admissions, and emergency room visits within the general
population [54, 145-147], its impact on ESRD patients remains largely under-studied.
Physiologically, exposure to PMz s is associated with vascular changes that can
increase blood pressure. [46, 48, 49] This response can trigger acute arterial
vasoconstriction, decrease renal blood flow, and, ultimately, decrease estimated
glomerular flow (eGFR) and increase albumin-creatine ratios. [47] Inflammatory
mediators induced by airborne particulate matter and other contaminants in the lungs
impact the circulatory system, resulting in systemic inflammation, oxidative stress,
and damage to distal organs that include the kidneys. [50, 148-151] These responses
can ultimately result in adverse renal-related vascular pathologies like impaired
function and severe renal tubular necrosis.[51, 52] Such mechanisms, in addition to
preexisting comorbidities and lifestyle risk factors, are linked to the development of
chronic kidney disease (CKD) and end-stage renal disease (ESRD)- the most severe
stage of CKD. [39] According to recent reporting by the United States Renal Data
System (USRDS), the prevalence of CKD risk factors and ESRD is rising in the US.
[30]
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An increasing number of studies have linked exposure to air pollution with
elevated CKD incidence and CKD progression to ESRD. [45, 46, 152-155] In the
US, the association between air pollution and renal-related mortality was first
observed within a mining population in the Appalachian region. [156] Among US
veterans [152, 157], increases in particulate matter, nitrogen dioxide, and carbon
monoxide, as individual exposures, were associated with eGFR decline- a precursor
to developing CKD and ESRD progression. Another study from Taiwan reported a
6% increased risk of developing chronic kidney disease per 10 ug/m3 increase in
PMas. [155] However, there is a lack of data regarding how specific air pollutants can
impact ESRD patients' health. To the best of our knowledge, only one air pollution
study has focused on the ESRD population by investigating the association between
wildfire-related PM2 s levels and all-cause mortality.[158] Though, a separate study
showed that extreme heat events could increase the risk of hospitalization and
mortality among ESRD patients. [56] Given the potential role of air quality as a
health hazard for ESRD patients undergoing hemodialysis (HD) treatment, it is also
crucial to characterize the joint effect of acute air pollution and extreme heat among
ESRD patients. Recent human health and climate assessment reports suggest that the
frequency, duration, and intensity of extreme heat events are increasing and will
continue to do so due to a changing climate.[59, 159] In addition to increased
tropospheric ozone production during extreme heat events [160], the warmer
temperature can contribute to more frequent wildfires driven largely from prolonged
drought conditions [53, 161], resulting in degraded regional air quality and adverse

health implications.[54]
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While there has been a considerable body of work on the interactive effects of
air pollution and weather on health, studies on PM2s and O3 effects among ESRD
patients are scant compared to an already smaller body of work specific for air
pollution and renal health. To address this, we investigated the combined role of
short-term air pollution (PM2.s and O3) exposure and extreme heat on all-cause
mortality risks (ACM) and all-cause hospital admissions (ACHA) among ESRD
patients undergoing hemodialysis at FKC facilities located within the Northeast

United States.

4.3 Methods

4.3.1 Study population and outcome measures

We created a cohort of ESRD patients undergoing hemodialysis treatments at
FKC clinics in selected northeastern counties between 2001 and 2016 (N=48,338).
These patients were treated at 104 clinics and across 28 counties between Maine and
the District of Columbia (Figure 1). ZIP codes from the FKC clinics served as a
proxy for linking recorded outcomes with county-specific air pollution and EHE
exposures. Counties were identified and enumerated using Federal Information
Process Standards (FIPS) codes. Patients with less than 20 recorded treatments were
excluded from the study. We subset ACM and ACHA events during warmer months

(May to September: MJJAS) as two unique outcomes for our analyses.

4.3.2 Exposure assessment
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The main exposures of interest are county-level daily average PMa.s
concentration, daily 8-hour average O3 concentrations, and presence/absence of
extreme heat events (EHE). We obtained air quality data using model outputs from
coupled Climate-Weather Research and Foresting and Community Multiscale Air
Quality (CWRF-CMAQ) simulations.[162, 163] Briefly, regional weather-air quality
was simulated through regional climate downscaling and chemical-transport
atmospheric modeling. Detailed information on the modeling can be found elsewhere.
[35,36] The CWRF-CMAQ model simulated hourly concentrations of O3 and PMz s
at a 30x30 km grid for the Contiguous United States (CONUS). A county map was
developed to link modeled grids to CONUS counties. Then, we calculated daily mean
PM: 5 and daily maximum 8-hour average (MDAS) Os concentrations for selected
counties with FKC clinics. Averaging times for modeled PMz s and O3 estimates are
consistent with USEPA National Ambient Air Quality Standards (NAAQS).[164]
Additionally, we dichotomized continuous air pollution measures using NAAQS as
thresholds (1= NAAQS exceedance, 0= no exceedance): 70 parts per billion by

volume [ppbv] for MDAS O3) and 35 ug/m* for PMzs. [164]

To identify county-level EHEs, we used location and calendar day-specific
95" percentile temperature thresholds derived using 30 years of baseline temperature
data as previously described. [27, 56] EHE is a useful marker for extreme heat events
driven by climate change and compatible with event-based health data. Metric

development and methodology are described elsewhere.[27]
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4.3.3 Statistical analysis

We applied a time-stratified case-crossover design to evaluate the short-term
effects of intermittent environmental exposures (PMz.s, O3, and EHE) on event-based
daily health endpoints (ACM and ACHA). [18, 19, 56, 61, 97, 165] The methodology
has added advantages in eliminating measured and unmeasured time-invariant
individual-level confounders, such as age, race, sex, and socioeconomic status [83-
85] and temporal confounding, such as seasonality and long-term trends, by design.

[85, 166]

We used the conditional Poisson model (CPM) to estimate regional-level air
pollutant effects for crude and EHE-adjusted models. The regression model accounts
for varying population changes during a study period and accounts for over-
dispersion.[87] As part of the self-matching mechanism, strata indicators were
included to match by the day of the week, month, year, and county. Air pollution
exposures occurring on the day of outcome events (Lag 0) and exposures occurring in
days prior to outcomes (Lagl, Lag 2, and Lag3) were examined in additional models.
Natural cubic spline functions were applied to O3 and PMz s terms.

All analyses were restricted to MJJAS months to emphasize air quality at
higher temperatures and adjusted for EHE. Measures of associations were reported as
rate ratios (RRs) using 95% confidence intervals (95% CI). The rate ratios for PMa.s
and O3 as continuous variables were expressed as per 10-ug/m3 and 10-ppbv
incremental increases. We considered up to a three-day lag period to capture the
delayed effects of acute exposures. Overall cumulative lag effects were estimated for

0-3 lag days for continuous and NAAQS-based predictors. We also incorporated
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delay effects for EHE up to three days to match temporal consistency with air
pollutant exposures. For adjusted models, we matched lag structures from air
pollutant parameters to EHE. All analyses were conducted using R statistical software
version 3.6.1. [128] Statistical software for CPR and DLNM is available as R
packages through CRAN. The gnm and dinm packages are peer-reviewed and

frequently updated.[129, 167]

4.3 4 Effect modification

This present study tested for the interaction between extreme heat events and
air pollution on all-cause hospital admission and all-cause mortality for up to three
days after exposure. As an initial analysis to evaluate interaction effects between
cumulative lag air pollutants and EHE, we compared DLNM models without
interaction terms (reduced) and with interaction terms (full) using goodness-of-fit
tests in non-stratified models. Nested models were compared using F-tests. The
addition of interaction terms between crossbasis terms that represent cumulative-
based exposures over lags of 0-3 days and cumulative-based EHE exposures over lags
of 0-1 days was mostly used to determine model improvement and serve as an
indirect model specification test for interaction effects. [168, 169] Results from the
stratification analysis mentioned above can help substantiate inferred interaction

effects.

In addition to conducting crude and EHE-adjusted analyses for daily PM2.s
and ozone exposures, we conducted EHE-stratified analysis using the same health

endpoints and cumulative lagged effect to estimate risks. Prior research focusing on
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acute air pollution effects has successfully used subgroup analysis (e.g., EHE vs. non-
EHE) for effect modification analyses using a distributed non-linear lag model
(DLNM) framework. [169-171] This approach can estimate a cumulative net effect
along defined lag periods in addition to individual lags. [172, 173] In this work, we
adapted the case-crossover analysis and applied DLNM to estimate cumulative lag
effects in EHE-stratified models. Similar to adjusted EHE models, lag structure
periods for air pollutant exposures were also applied to the EHE variable. For
example, for calculating estimates based on cumulative Lag 0-2 exposure for PMas,
individual Lag 0, Lag 1, and Lag 2 EHEs were used for stratification. We specified
natural cubic B-splines and B-splines for nonlinear air pollutant and lag models fits,

respectively, to create cross-basis matrices in our exposure-lag-response models.

4.4 Results

Among 48,338 eligible FKC patients in 28 selected counties within the
northeastern US region (Figure 1), there were 5,217 deaths and 78,433 hospital visits
from 2001-2016 during MJJAS months. Table 1 did show that 60% of the patients
reported having diabetes. There were near equal proportions of non-Hispanic Black
(43.4%) and non-Hispanic White (42.2%). Daily PM2.s and ozone concentrations
were both significantly higher during EHE days compared to non EHE days
(PM2.s*HE mean (SD)= 13.08 (5.91) ug/m3 vs PM2s""EHE = 8 35 (5.53) ug/m3; and
O3FHE = 7538 (19.75) ppbv vs O3""EHE = 62,63 (15.84) ppbv (Table 2). There was a
total of 218 and 17,694 NAAQS exceedance days for CMAQ-based PMz.5 and O3
estimates during the 15-year period. County-level daily PM2.s and ozone estimates are

shown in Tables S4-1 and S4-2. Overall, the Pearson correlation coefficients (7)
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between CWRF-CMAQ derived PM2.s and O3 concentrations varied across counties
and ranged from 0.40 to 0.63 (Figure S4-1). The regional correlation was moderate
(=0.54, p<2.2e-16) after aggregation (Figure S4-2). During the study period, there
was 9.7 EHEs/year/county with a standard deviation (SD) of 6.5 and a regional mean

daily maximum temperature of 25.6 °C (SD=5.3) during the warmer months.

4.4.1 Main analysis

Short-term PMa2.s and ozone effects on ACM and ACHA outcomes are
presented in Tables 3 and 4, respectively, first as a 10 unit increase in exposure
(Models 1 & 2), and for exceeding NAAQS standards for either PM2.s or ozone
(Models 3 & 4). A 10 ug/m3 increase from 4-day cumulative PM2.s concentrations
(Lag 0-3) was associated with a 5% increase in mortality among ESRD patients after
adjusting for cumulative EHE exposures (RRLago-3:1.05; 95%CI: 1.00-1.10). PM2s
NAAQS exceedance was associated with increased ACM risk. However, the risk
increases were not statistically significant (p<0.05), irrespective of the lag structure
(Table 3). Same-day ozone exposure (Lag 0) was significantly associated with
increased ACM risk in both adjusted and unadjusted models. A 10 ppbv increase in
ozone exposure was associated with a 2% increase in mortality (RRrago:1.02; 95% CI:
1.01-1.03). At the same time, same-day NAAQS-based ozone exceedances were
associated with 8% increase in mortality (RRrago:1.08; 95% CI: 1.04-1.13). EHE
appeared not to confound the association between ozone and mortality since the effect
estimates for EHE-adjusted models were virtually identical (Table 3). Overall,
averaged ACM rates from both pollutants dampened as lag periods increased. In

ACHA models (Table 4), we observed mostly null estimates across all model fits for
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each pollutant except for significant negative associations for cumulative Lag 0-3 in

NAAQS-based PMa2.s (RRrago-3: 0.73; 95% CI: 0.57-0.93)

4.4.2 Effect modification analysis

Significant interaction effects between cumulative lag effects of air pollutants
and EHE were observed for Lag 0-3 PMzs (F=2.656 p=0.004) and Lag 0-3 ozone
(F=3.915, p=0.00352) ACM models. EHE was also shown to be a significant
modifier for Lag 0-2 O3 (F=4.430, p=0.004). Though, for ACHA outcomes, we saw
weak evidence (p>0.05) for effect modification. The same observation applied to all

03-NAAQS exceedance models irrespective of outcome.

Table S presents EHE-adjusted and EHE stratified (presence vs absence of
EHE) ACM risk estimates associated with a 10-unit increase in exposure across
cumulative lag periods ranging from 0 to 3 days. Also included are goodness-of-fit
test results (F-statistic, degrees of freedom (df), and p-value) for examining EHE as a
potential modifier. Consistent positive associations with PMz s across each
cumulative lag period were observed in the analysis adjusted for EHE as well as the
analysis restricted to non-EHE periods. We observed highly reduced risk from Lag 0-
I (RRiago-1:0.60; 95% CI: 0.50-0.72) and Lag 0 (RRLag0:0.60; 95% CI: 0.47-0.75) in
the analysis restricted to the days with the presence of EHE. A suggestive increased
risk was observed for ozone exposures for most cumulative lag periods during EHE
days. This result suggests a 5% increased risk from delayed ozone exposures up to

four days (RRrago-3:1.05; 95% CI: 1.00-1.10). As a comparison, Table 6 presents a
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similarly formatted Table 5§ with ACHA as our outcome. We note mostly null

associations across cumulative lag periods for PM2.s and Os.

Finally, we extended the analysis to NAAQS exceedance models (Table 7),
focusing only on ozone due to limited PM25 exceedances during the study period.
After stratifying for EHE, all-cause mortality was considerably higher when ozone
levels exceeded NAAQS thresholds during EHE days for cumulative Lag 0-3 and Lag
0-2 exposures. For instance, we observed a 29% increase in the risk of ACM when
the ozone exposure (cumulative Lag 0-3) exceeded the NAAQS in the presence of
EHE (RRrLago-3:1.29; 95% CI: 1.00-1.66). Such substantive risk was not observed
when daily ozone measures exceeded the NAAQS during non-EHE days (RRrago-
3:1.04; 95% CI: 0.97-1.12). However, this relationship reversed when considering
same-day exposure. Lag 0 ozone NAAQS exceedance was associated with decreased
ACM risk during EHE days (RRrag0:0.55; 95% CI: 0.41-0.75). The same exposure
was positively associated with increased ACM risk in non-EHE stratified models
(RRLag0:1.08; 95% CI: 1.04-1.13). For ACHA outcomes, we observe mostly non-
significant and null associations across all O3-NAAQS exceedance models.
Interestingly, unlike ACM, where overall cumulative risk appears to increase with

delay effects, overall cumulative risks appear to dampen over time.

4.5 Discussion

Prior studies have reported interactive effects of air pollution and weather on
health, we found that ambient temperature can modify the short-term association

between particulate matter and O3 on mortality[168, 169, 174, 175]. We built on these
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findings by investigating the role of high air pollution episodes and extreme heat
events on mortality risk among highly vulnerable ESRD patients. Our regional-scale
analysis of 28 northeastern counties found that PM2.s and O3 had a measurable impact
on mortality among ESRD patients undergoing HD treatments at FKC clinics.
Cumulative PM2 s and same-day O3 exposures yielded significant ACM positive
effects, though the relationship varied across lag periods and between EHE and non-
EHE periods. We observed a 29% increased mortality rate (RRrago-3, 1.29; 95% CI,
1.00-1.66) from 4-day cumulative lag ozone NAAQS exceedance during EHE days.
Our study provided preliminary evidence that ozone and ACM are subject to effect
modification across cumulative lag structures beyond Lag 0. Our findings are
consistent with prior studies that have confirmed effect modification by temperature
between air pollutants and mortality among the general population. [174-176] Nested
model comparison tests did not suggest such effect modification for ACHA outcomes

and NAAQS-based exposure models.

While a recent study has shown the independent effect of air pollution and
temperature on ESRD patients [123], this work is one of the first studies to
demonstrate the modifying effect of EHE between air pollution and hospital
admissions or mortality among ESRD patients. Understanding the ESRD population's
sensitivities from heat-air quality exposures is critical, considering projected increases
in average regional temperatures and extreme heat frequencies and durations within

the near-term. [177]

Unhealthy levels of ground-level O3 and PM2s are known to impair breathing,

trigger asthmatic episodes, and exacerbate respiratory-related illnesses. [178-180] In
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this work, we found that the cumulative effects of O3- and PM2 s-related exposures
can increase mortality among ESRD patients. Consequently, our findings pose
clinical concerns as exposure to these pollutants can exacerbate shortness of breath
and result in unintended complications. This symptom among HD patients is
commonly caused by fluid build-up in the lungs between dialysis treatments. [181]
Confirmation of this plausible causal relationship needs to be conducted by targeting
respiratory-and cardiac-related outcomes and measurements. Alternatively, restricting
focus to ESRD patients diagnosed with respiratory-cardiovascular comorbidities may

verify this sensitivity.

Regionally, our findings do suggest that exceeding regulatory NAAQS limits,
particularly for O3 may substantially increase mortality risk. An additional layer of
importance is the consideration of ESRD patients as a priority population as defined
by the Agency for Healthcare Research and Quality (AHRQ) for developing air
quality standards, in addition to older adults, children, and people with asthma.
Similarly, projected increases in the frequency of extreme heat related to climate
change and its joint effect of air pollution can pose a substantive public health threat
to ESRD patients. For example, extended drought periods attributed to climate
change can unintentionally increase the frequency and intensity of wildfires, resulting
in hazardous and extended air pollution episodes in surrounding communities.[2]
Also, atmospheric warming, as an unintended consequence of climate change, can

enhance ground-level ozone chemical production during warmer months. [2, 177]

Methodologically, our approach to assessing the effect modification of

extreme heat on air pollution-health events using DLNM has been featured in other
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work. [168, 169, 171] We applied a nested model comparison test between models
with and without an interaction term. The interaction term represented a cross-basis
matrix of a natural cubic spline for air pollutants and EHE. Then, we conducted a
subgroup analysis by stratifying by EHE to estimate rate ratios for EHE and non-EHE
days. We observed some perceived disagreement for evidence of effect modification
between stratum-based effect estimates and F-test statistics in a few of the cumulative
lag models. Li and colleagues explained this discrepancy by suggesting that
comparing point estimate differences between EHE strata as a direct approach may
have created unintended measurement error due to loss of statistical variability when
using categorized variables. [169] Also, as mentioned earlier, F-test comparison tests
suggests interaction despite model complexity. A larger sample of ACM and ACHA
events and using a continuous-based EHE variable may be needed to explore both
moderate and extreme heat effects while using more robust model specifications in

future work.

In this study, we observed mostly negligible or null associations for hospital
admissions similar to Chapter 3 work. A plausible clinical explanation for this
population-level response could relate to the higher frequency of clinical visits for
HD treatments. Thrice-weekly treatments may promote a survival advantage by
stabilizing deleterious health responses after short-term environmental exposures. A
cause-specific analysis is required to identify clinically meaningful causes for hospital
admissions after acute air pollution and extreme heat exposures. This approach may
also help explain the few cases of statistically negative associations with PM2.s and
O3 in some same day and one-day lag ACM models as seen in other work. [182]
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There are several strengths of our study. To our knowledge, this is the first
study to characterize extreme heat events, projected to increase in frequency over
time, as a modifier on the effect of ambient air pollution exposure on mortality and
hospitalization risk among a highly sensitive population. The case-crossover study
design diminished concerns with individual-level confounding. Also, we factored
extreme heat as a time-varying confounder. An advantage to using DLNM as our
statistical model to estimate risk is the flexibility to fit both non-linear and lagged
exposure-responses simultaneously.[173] Air pollution exposure measures were
derived from CWRF-CMAQ data using high spatial and temporal resolutions. Lastly,
high-quality mortality and hospital admission data used in this study are from FKC- a
major and internationally known dialysis service provider. Patient data on mortality
and hospital admission events are considered accurate since they are subject to billing
requirements and tracking protocols established by Centers for Medicare & Medicaid

(CMS) reporting.

Our study also has some limitations. Exposure misclassification bias from
using simulated data remained a concern despite the improved data resolution. We
compared county-level CWRF-CMAQ estimates against stationary USEPA Air
Quality System (AQS) observations using the AQS database [183] to confirm this
bias. Based on summary statistics (Tables S4-3) and correlations between daily
CWRF-CMAQ and AQS measures (Figures S4-2 to S4-6), CWRF-CMAQ
observations appear to overestimate O3 at both county and regional levels. In contrast,
simulated estimates seem to underestimate PM2.s when compared to AQS averaged
measurements. This statistic discrepancy is consistently seen with spatiotemporal air
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quality estimates. [ 184, 185] Another limitation is that we conducted single pollutant
models focusing only on PM2s5 and ozone, separately. Future studies should
incorporate additional criteria air pollutants like carbon monoxide and nitrogen
dioxide into more complex models. Despite the reduction of outcome
misclassification biases from using all-cause morbidity and mortality endpoints,
cause-specific outcomes related to cardiac and vascular systems could enhance
clinical specificity for prevention and treatment. Lastly, we did not consider chronic
air pollution exposures and the role of social stressors that can also modify and
mediate the impact of air pollution within this population. Chronic stress due to

socioeconomic position can partly influence susceptibility.[186]

4.6 Conclusions

Our study provides that short-term exposure to PM2.5s and O3 for up to 3 days
is associated with increased ACM risk and negligible risk of ACHA among ESRD
patients. Also, preliminary evidence points to potential effect modification from
extreme heat events though further analysis is required. Our findings will spur
enhanced public surveillance and outreach to facilitate timely medical access and
assistance to the most vulnerable subpopulation by characterizing the underlying
population vulnerability. Public health implications could also broaden regulatory
action for increased air quality mitigation and human health protections that consider

the ESRD population a sensitive population.

68



4.7 Tables

Characteristics

Counties, n

Clinics, n

Patients, n
Race/Ethnicity, n (%)
Hispanic
non-Hispanic Black
non-Hispanic White
Asian

Other/Not Reported
Comorbidities, n (%)
Any

Any CVD
Cerebrovascular

CHF

COPD

Diabetes

IHD

Sex

Men, n (%)

28
104
48,338

3,834 (7.9)
20,974 (43.4)
20,398 (42.2)
756 (1.6)
538 (1.1)

29255 (60.5)
750 (1.6)

2 (0.2
){m(
112 (0.2
28,772 (59.9)
432 (0.9)

)
0)
)

27,782 (57.5)

Table 1. Summary statistics for the study population and exposures from 2001 to 2016 from May to September

(MJJAS) months
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EHE Stratification

All EHE non-EHE p-value

Mortality, n (%) 5,217 (10.8) 344 (0.7) 4,873 (10.1) 0.198
Hospital admissions, n 78,443 5,058 73,375 0.121
Hospital admission rate, #/person, mean (SD) 2.89 (3.1) 1.2 (0.5) 3.2(3.3) <0.001
Air pollution exposures

CMAQ PM2.5 [pg/m3], mean (SD) 8.6 (5.7) 13.1 (5.9) 8.4 (5.5) <0.001
CMAQ PM2.5 NAAQS Exceedance 218(0.3) 14 (0.02) 204 (0.2) 0.863
CMAQ 03 [ppbv], mean (SD) 63.4(16.4) 75.4 (19.8) 62.6 (15.8) <0.001
CMAQ 03 NAAQS Exceedance 17,694 (23.8) 2,094 (2.8) 15,600 (21.0) <0.001

Table 2. Summary for health outcomes and air pollution from 2001 to 2016 stratified by extreme heat events
during May to September (MJJAS) months. Significant mean differences between EHE and non-EHE strata are

denoted by p <0.05.
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Pollutant
Type

Lag

Mortality

Model 1
Crude

Model 2
EHE-adjusted

Model 3
Crude

Model 4
EHE-adjusted

PM2s

03

Lag 0
Lag1
Lag 2
Lag 3
Lag 0-3

Lag0
Lag1
Lag 2
Lag 3
Lag 0-3

1.03 (0.99-1.06)
1.02 (0.98-1.07)
0.99 (0.95-1.03)
1.00 (0.96-1.04)
1.04 (0.99-1.08)

1.02 (1.01-1.04)
0.97 (0.96-0.99)
1.00 (0.99-1.02)
1.00 (0.99-1.01)
1.00 (0.98-1.01)

1.02 (0.98-1.06)
1.02 (0.98-1.07)
0.99 (0.95-1.04)
1.01 (0.97-1.05)
1.05 (1.00-1.10)

1.02 (1.01-1.03)
0.97 (0.96-0.99)
1.00 (0.99-1.02)
1.00 (0.99-1.02)
1.00 (0.98-1.01)

1.14 (0.85-1.53)
1.01 (0.73-1.41)
1.04 (0.72-1.51)
0.98 (0.70-1.38)
1.19 (0.74-1.92)

1.09 (1.04-1.13)
0.97 (0.92-1.01)
0.94 (0.98-1.02)
1.01 (0.96-1.05)
1.04 (0.97-1.11)

1.14 (0.85-1.53)
1.01 (0.72-1.41)
1.04 (0.72-1.51)
0.98 (0.70-1.38)
1.18 (0.73-1.92)

1.08 (1.04-1.13)
0.97 (0.93-1.01)
0.98 (0.94-1.03)
1.01 (0.97-1.06)
1.05 (0.98-1.12)

Table 3. Rate ratios and 95% confidence intervals per change in 10-unit increments (Models 1 & 2) and per
NAAQS-exceedance (Models 3 & 4) for associations across selected Lag 0, Lag 1, Lag, 2, Lag 3, and 4-day
average (Lag 0-3) air pollutant exposures and all-cause mortality (ACM).
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Pollutant
Type

Lag

Hospital Admissions

Model 1
Crude

Model 2
EHE-adjusted

Model 3
Crude

Model 4
EHE-adjusted

PMzs

03

Lag0
Lag1
Lag 2
Lag 3
Lag 0-3

Lag 0
Lag1
Lag 2
Lag 3
Lag 0-3

0.99 (0.97-1.01)
1.01 (0.99-1.03)
1.00 (0.98-1.01)
1.00 (0.98-1.02)
0.99 (0.97-1.01)

1.00 (0.99-1.00)
1.00 (0.99-1.01)
1.00 (0.99-1.01)
1.00 (1.00-1.01)
1.00 (0.99-1.01)

0.99 (0.97-1.00)
1.01 (0.99-1.03)
1.00 (0.98-1.02)
1.00 (0.98-1.01)
0.99 (0.97-1.01)

1.00 (0.99-1.00)
1.00 (0.99-1.01)
1.00 (0.99-1.01)
1.00 (1.00-1.01)
1.00 (0.99-1.01)

0.96 (0.81-1.13)
0.90 (0.75-1.09)
0.97 (0.82-1.15)
0.86 (0.74-1.01)
0.73 (0.57-0.93)

1.00 (0.98-1.02)
1.02 (1.00-1.04)
0.99 (0.97-1.01)
1.00 (0.98-1.02)
1.01 (0.98-1.04)

0.96 (0.82-1.14)
0.90 (0.75-1.08)
0.97 (0.82-1.15)
0.87 (0.74-1.01)
0.73 (0.57-0.93)

1.00 (0.98-1.02)
1.02 (1.00-1.04)
0.99 (0.97-1.01)
1.00 (0.98-1.02)
1.01 (0.98-1.04)

Table 4. Rate ratios and 95% confidence intervals per change in 10-unit increments (Models 1 & 2) and per
NAAQS-exceedance (Models 3 & 4) for associations across selected Lag 0, Lag 1, Lag 2, Lag 3, and 4-day
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Lag Air
Structure Pollutant

EHE-adjusted

EHE Stratification

EHE Presence

EHE Absence

F-test, df

p-value

Lag 0-3 PM2s
O3

Lag 0-2 PM2s
O3

Lag 0-1 PM2.5
O3

Lag 0 PM2s
O3

1.05 (1.00-1.10)
1.00 (0.98-1.01)
1.04 (0.99-1.09)
0.99 (0.98-1.01)
1.05 (1.00-1.09)
0.99 (0.98-1.01)
1.02 (0.98-1.06)
1.02 (1.01-1.03)

0.93 (0.81-1.07)
1.05 (0.99-1.12)
0.95 (0.82-1.10)
1.02 (0.97-1.08)
0.60 (0.50-0.72)
0.96 (0.90-1.04)
0.60 (0.47-0.75)
1.02 (0.93-1.11)

1.04 (0.99-1.09)
0.99 (0.98-1.01)
1.03 (0.99-1.08)
1.00 (0.98-1.01)
1.04 (1.00-1.08)
0.99 (0.98-1.00)
1.04 (1.01-1.07)
1.01 (1.00-1.03)

F(2.655), 4
F(3.915),4
F(2.129), 3
F(4.430), 3
F(2.694), 2
F(3.857), 2
F(2.261),1
F(0.610), 1

p=0.031
p=0.004
p=0.094
p=0.004
p=0.068
p=0.021
p=0.133
p=0.435

Table 5. Rate ratios and 95% confidence intervals per change in 10-unit increments for associations across
selected cumulative Lag 0, Lag 0-1, Lag 0-2, and Lag 0-3 air pollutant exposures and all-cause mortality (ACM)
fitted by EHE-adjusted and EHE-stratified models. Also provided are F-statistic, degrees of freedom (df), and p-

value results from model comparison tests for each cumulative lag-pollutant model's interaction effects.
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Lag Air
Structure Pollutant

EHE-adjusted

EHE Stratification

EHE Presence

EHE Absence

F-test, df

p-value

Lag 0-3 PM2s
03

Lag 0-2 PM2s
03

Lag 0-1 PM2.5
03

Lag 0 PMz;s
03

0.99 (0.97-1.01)
1.00 (0.99-1.01)
0.99 (0.97-1.01)
1.00 (0.99-1.01)
0.99 (0.97-1.01)
1.00 (0.99-1.01)
0.98 (0.97-1.00)
1.00 (0.99-1.00)

1.00 (0.93-1.08)
0.99 (0.96-1.02)
0.91 (0.84-0.99)
0.97 (0.93-1.00)
0.90 (0.81-1.01)
1.00 (0.96-1.04)
0.98 (0.87-1.11)
0.97 (0.92-1.02)

0.99 (0.97-1.01)
1.00 (0.99-1.01)
0.99 (0.97-1.01)
1.00 (0.99-1.01)
0.99 (0.97-1.01)
1.00 (0.99-1.01)
0.99 (0.97-1.00)
1.00 (0.99-1.01)

F(1.188), 4
F(2.134), 4
F(1.364), 3
F(2.130), 3
F(1.561), 2
F(2.103), 2
F(0.106), 1
F(0.630), 1

p=0.314
p=0.074
p=0.252
p=0.094
p=0.210
p=0.122
p=0.744
p=0.428

Table 6. Rate ratios and 95% confidence intervals per change in 10-unit increments for associations across
selected cumulative Lag 0, Lag 0-1, Lag 0-2, and Lag 0-3 air pollutant exposures and all-cause hospital
admissions (ACHA) fitted by EHE-adjusted and EHE-stratified models. Also provided are F-statistic, degrees of
freedom (df), and p-value results from model comparison tests for each cumulative lag-pollutant model's

interaction effects.
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La . EHE Stratification
Outcome Structf:;ure EHE-adjusted EHE Presence EHE Absence F-test, df p-value
ACM Lag 0-3 1.05 (0.98-1.12) 1.29 (1.00-1.66) 1.04 (0.97-1.12) F(1.614), 4 p=0.168
ACM Lag 0-2 1.03 (0.97-1.10) 1.45 (1.14-1.85) 1.03 (0.97-1.10) F(0.813),3 p=0.487
ACM Lag 0-1 1.05 (1.00-1.11) 0.82 (0.63-1.07) 1.04 (0.99-1.10) F(1.107), 2 p=0.330
ACM Lag 0 1.08 (1.04-1.13) 0.55 (0.41-0.75) 1.08 (1.04-1.13) F(0.223),1 p=0.636
ACHA Lag 0-3 1.01 (0.98-1.04) 0.92 (0.82-1.05) 1.01 (0.98-1.04) F(1.401), 4 p=0.231
ACHA Lag 0-2 1.01 (0.98-1.04) 0.94 (0.82-1.07) 1.00 (0.98-1.03) F(1.680), 3 p=0.221
ACHA Lag 0-1 1.01 (0.99-1.03) 1.01 (0.86-1.17) 1.01 (0.98-1.03) F(1.841), 2 p=0.159
ACHA Lag 0 1.00 (0.98-1.02) 1.07 (0.88-1.29) 1.00 (0.98-1.02) F(1.316), 1 p=0.251

Table 7. Rate ratios and 95% confidence intervals per change per NAAQS-exceedance for associations across
selected cumulative Lag 0, Lag 0-1, Lag 0-2, and Lag 0-3 daily 8-hour mean ozone fitted by EHE-adjusted and
EHE-stratified models. Also provided are F-statistic, degrees of freedom (df), and p-value results from model

comparison tests for each cumulative lag-pollutant model's interaction effects.

75



4.8 Figures

FMC Clinic Coverage by City

Saint Jghnsbury

ochester

@msburgh

Figure 1. Map of focused counties within Northeastern study catchment
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Chapter 5: Investigating the role of clinical measures before
dialysis treatment as mediators between ambient temperature
and mortality and hospital admissions outcomes

5.1 Abstract

Background. Typical thermoregulatory responses to elevated temperatures among
healthy individuals include reduced blood pressure and perspiration. Individuals
living with end-stage renal disease (ESRD) are susceptible to physiological
fluctuations caused by ambient temperature changes that may increase health
complications. We investigated whether systolic blood pressure (preSBP) and
changes in interdialytic weight gain change (IDWG) can independently mediate the
association between ambient temperature and hospital admissions and also between

mortality outcomes among ESRD patients.

Methods. The study population consisted of ESRD patients receiving hemodialysis
treatments at Fresenius Medical Care facilities in Philadelphia County, PA, from
2011 to 2019 (n=1981). Within a time-to-event framework, we estimated the
association between daily maximum dry-bulb temperature (TMAX) and, as separate
models, all-cause hospital admissions (ACHA) and all-cause mortality (ACM)
outcomes during warmer calendar months. Also, mean preSBP and IDWG responses
to temperature increases were estimated using linear mixed effect models. The study
employed VanderWeele's difference (c-c’) method to decompose total effect models
for ACHA and ACM using preSBP and IDWG as time-dependent mediators.
Covariate adjustments for exposure-mediator and total and direct effect models

include age, race/ethnicity, blood pressure medication use, treatment location,
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preSBP, and IDWG. We considered lags up to two days for exposure and one-day lag
for mediator variables (Lag 2-Lag 1) to assure temporality between exposure-
outcome models. Sensitivity analyses for two-day (Lag 2-only) and one-day (Lag 1-

only) lag structures were also conducted.

Results. Based on Lag 2- Lag 1 temporal ordering, 1°C increase in daily maximum
temperature was associated with increased hazard of hospital admissions by 7.6%
(adjusted hazard ratio (HR), 1.076; 95% confidence interval, 1.070-1.082) and
mortality 7.5% (adjusted HR, 1.075, 1.050-1.100) after adjusting for covariates.
Short-term lag exposures to 10°C increase in temperature predicted mean reductions
in IDWG and blood pressure by 0.13%-0.15% and 1.68 mmHg-2.29 mmHg,
respectively. Mediation analysis for hospital admission events identified significant
indirect effects for all three studied pathways and significant indirect effects for
IDWG and conjoined preSBP + IDWG pathways for mortality. Only 1.03% of the
association between temperature and mortality path was mediated through preSBP.
The mechanistic path for IDWG, independent of preSBP, demonstrated inconsistent
mediation and, consequently, potential suppression effects in ACHA (-2.67%) and
ACM (-6.26%) based on combined pathway models. Proportion mediated estimates
from preSBP + IDWG pathways achieved near 0% in combined pathway analysis.
Lag 2 discrete-time ACM mediation models exhibited consistent mediation for all
three pathways suggesting that two-day lag IDWG and blood pressure can explain
2.11% and 4.41% of total effect association between temperature and mortality,

respectively.
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Conclusion. We confirmed evidence of the association between ambient temperature
and ACHA/ACM outcomes for the ESRD population using Cox models. This work
has provided a step forward to understanding potential physiological linkages that
may explain or suppress temperature-driven hospital admissions and mortality risks.
Concomitant physiological changes in blood pressure and IDWG may have little
intermediary effect when modeled with IDWG and preSBP in combined pathway
models. These findings could help discern candidate interventions to minimize the

impact of outdoor temperature change among ESRD patients in future work.

5.2 Introduction

Warming ambient temperatures can influence physiological changes within
the general population. More specifically, renal-related health effects, such as acute
kidney failure, heatstroke, as well as fluid and electrolyte imbalances, are typical
causes of hospital admissions and mortality among older adults exposed to
heatwaves.[24, 25, 187] Such symptoms are frequent sequelae of heat stress and
dehydration during periods of extreme heat.[25] At the proximal level, typical
thermoregulatory responses to elevated temperature among healthy individuals can
include reduced blood pressure and loss of extracellular fluid through perspiration
and dehydration.[40] As such, projected elevated temperature and increased
frequency of extreme heat related to climate change can pose a substantive public
health threat to individuals with chronic renal dysfunction such as end-stage renal

disease (ESRD).
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Chronic renal disease management includes frequent dialysis treatments to
prevent the accumulation of harmful levels of electrolytes, wastes, and fluids.[32] As
an added health care safety concern, ESRD patients are susceptible to life-threatening
complications resulting from fluctuations in weight and blood pressure.[33-35] Blood
pressure stability is critical to improving survival advantage, irrespective of initial
blood pressure levels. [188] Increased fluid-based weight gains between
hemodialysis (HD) treatments, measured by inter-dialytic weight gain (IDWG), can
increase fluid overflow complications resulting in hospitalization or death. [39] The
accumulation of fluids between treatments is known to cause increased blood
pressure. As such, more often, dialysis patients can develop hypertension and other
cardiovascular-related complications. Clinical studies have shown that higher IDWG
changes is associated with higher pre-dialysis blood pressure. [189] Also, sudden
changes in blood pressure can compromise physiological stability among ESRD

patients. [188, 190]

Previously, we observed increased risks of all-cause hospitalization and
mortality during extreme heat events for ESRD patients residing in selected
northeastern American cities. [56] From unpublished work, we found that extreme
heat events can, on average, reduce systolic blood pressure (-1.6 mmHg; 95% CI: -
1.8, -1.4) and IDWG percentage changes (-0.14%; 95% CI: -0.21%, -0.18%) when
compared to non-extreme heat events. [57] Interdialytic weight gain (IDWG) change
is the percentage of fluid accumulation changes between HD treatments. These
observations present an interesting paradox for ESRD patients where both reduced

blood pressure and weight changes can co-occur during extreme heat days.[38, 39,
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191] Concomitant changes in IDWG and preSBP might have opposing effects in
heat-related adverse risks in mortality and hospitalization. Changes in IDWG due to
temperature changes could increase blood pressure variability among ESRD patients
and subsequently enhance complications and result in hospitalization and premature
death.[33-35, 39] Between decreasing IDWG changes and reduced blood pressure
from heat exposure, the primary uncertainty is determining whether concomitant
changes in blood pressure and IDWG may have a reduced or enhanced influence on
the total effect. Underlying pathways for temperature-related effects is relatively
unclear for the ESRD population. Investigating the role of blood pressure and
interdialytic weight gain as mediators between warmer temperature exposures and
mortality and hospitalization endpoints could potentially identify plausible

interventions to protect ESRD patients from heat exposures.

This study aims to understand the role of intermediate effects due to ambient
temperature exposures during warmer months between May-September (MJJAS)
within an urban county with a high chronic renal disease prevalence. [192] By
leveraging individual-level repeated clinical measurements, systolic blood pressure
before HD treatment (preSBP, mmHg), and IDWG change (%), we can begin to
describe mechanistic linkages to heat-related hospital and mortality events among
ESRD patients. This work also linked discrete-time temperature exposures to
individual-level time-varying intermediate responses using repeated clinical
measurements from HD patients. To attain this objective, we tested the working
hypothesis that preSBP and IDWG change, when modeled together as mediators, can
each independently mediate the association between ambient temperature exposure
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and hospitalization and mortality outcomes.[193] Through mediation analysis, we can
better understand the extent of physiological mediators on temperature exposure-
response pathways. Operating through these mediators, we also estimated its
independent and conjoined effects on ESRD patients. The findings from this research
could inform potential interventions to minimize the impact of extreme heat among

ESRD patients.

5.3 Methods

5.3.1 Study participants

We conducted an open retrospective cohort study that included ESRD patients
undergoing hemodialysis treatment at Fresenius Medical Care- North American
(FMC-NA) clinics in Philadelphia County, PA, USA, from 2011 to 2019 (n=1981).
Philadelphia had one of the largest county-wide ESRD populations within the
northeastern United States serviced by FMC. Patient information on socio-
demographic and medical information pertaining to sex, race/ethnicity, age, clinic
site, and history of prescribed cardioprotective drugs, along with routine clinical
anthropometric clinical treatment measurements were included. Since all the patient
records were limited and deidentified, this study was determined exempt by the
Western Institutional Review Board and the University of Maryland Institutional

Review Board.

5.3.2 Meteorological data
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Dry-bulb temperature is typically known as air temperature and is not
influenced by moisture. Often, temperature-related epidemiological studies use dry-
bulb temperature for shared exposure observations for a given population. [126] For
this work, archived dry-bulb temperature data was extracted using an R interface
package known as rnooa through the National Climatic Data Center at the National
Oceanic and Atmospheric Agency (NOAA). [194] Observations were aggregated at
the county-level and expressed as daily maximum air temperatures (TMAX) during

warmer calendar months, May to September (MJJAS), from 2011 to 2019.

5.3.3 Outcome measures

We obtained all-cause hospital admission (ACHA) and all-cause mortality
(ACM) medical records among HD patients from the Renal Research Institute (RRI).
Patient medical records for ACHA and ACM events are considered highly accurate
since records were tracked through FMC-NA billing and payment requirements and
subject to Centers for Medicare & Medicaid (CMS) reporting. ACHA includes first

and recurrent visits for each patient from the study population.

5.3.4 Blood pressure, inter-dialytic weight gain mediators

Blood pressure (BP) and fluid balance measures are routine diagnostics for
determining clinical decisions for fluid volume removal during a dialysis session. We
used preSBP as a proxy for blood pressure. Measurements were made using an
oscillometric method when a patient is in a sitting position after 5 minutes. [188] To
avoid concerns with collinearity, we did not include diastolic blood pressure in the

analysis. [195] The IDWG change is the difference between current pre-dialysis
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weight and previous post-dialysis weight divided by the patient’s dry weight
expressed as a percentage. Clinical studies have shown that higher IDWG change is
associated with higher pre-dialysis blood pressure. [195, 196] More often, dialysis
patients can develop hypertension and other cardiovascular-related complications due
to IDWG-related fluid overloading. [38] We also adjusted for prescribed hypertension
medication (Yes/No) as a confounder, given the expected higher prevalence of

cardiovascular-related co-morbidities among patients.[41]

We specified potential confounders as race/ethnicity (Asian, Hispanic, non-
Hispanic Black, non-Hispanic White, Other/Did Not Specify), sex (Male or Female),
treatment facility site (27 identified HD treatment locations within Philadelphia), and
age (continuous) into models. The selection of covariates were based on a priori
research and clinical findings that suggest potential confounding between exposure

and outcome, and mediator and outcome pathways.

5.3.5 Analytical approach

Given the lack of reported temperature effects among ESRD patients for
blood pressure and IDWG change, we first estimated temperature-responses using the
sample population. Random-intercept linear mixed-effects models were used to
calculate mean patient responses for preSBP and IDWG change measures. Crude and

adjusted models for lag structure specifications are explored.

We assessed whether TMAX could acutely affect ACM and ACHA outcomes
by using time-to-event methods. Discrete-time Cox regression models with time-
dependent covariates were used to estimate temperature effects by generating hazard
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ratios (HR) based on specified lag periods for exposure and mediators. Despite the
historically favored case-crossover design for characterizing short-term effects, a
cohort design approach allows for studying subject-level effects such as physiological
responses to temperature using subject-specific characteristics associated with
hospitalization and mortality. This approach also increases our statistical power by
including right-censored patients that may generally not be included in case-crossover

studies. [197]

Cox models were generated for ACHA and ACM outcomes. Since hospital
admissions recurrent events, the Andersen-Gill (AG) model can be applied to
generalize the Cox model for repeated hospital events. [198] The correlation between
recurrent hospital admissions events are assumed to be event-dependent and are
clustered at the individual level. [199, 200] Studies related to ESRD and HD research
typically apply AG models when using ACHA outcomes. [201-203] For ACM, we
selected unshared frailty modeling to account for unmeasured heterogeneity not
explained by selected covariates. [200, 204] This approach accounts for individuals
with higher failure predispositions by including random effects to account for their
individual-specific vulnerabilities. We specified a Gaussian distribution for the frailty

and used restricted maximum likelihood (REML) approximation. [205]

Through sequential model building, we estimated TMAX effects (crude total
effect), followed by the inclusion of baseline covariates (adjusted total effect), and
then finally time-varying mediators (adjusted direct effect) for each outcome. Robust
standard errors for all model specifications were calculated. All statistical tests were

two-tailed and based on an alpha of 0.05. All analyses conducted using R statistical
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software version 3.6.1. [128] Statistical software for Cox modeling and extensions are
available from the survival R package through CRAN. [206] Lastly, we assessed
proportional hazards assumption through Schoenfeld hypothesis testing and through
plotting scaled Schoenfeld residuals for ACM models. We note that holding the
assumption for recurrent events generally does not hold given the extended period for

time at risk. [207]

5.3.6 Mediation analysis

To quantify the extent of the total effect of TMAX exposure on ACHA or
ACM operating through preSBP and IDWG, we tested preSBP and IDWG (separate
and combined) as selected mediators using VanderWeele's difference method (c-¢’) to
estimate indirect effects (IE).[208, 209] Indirect effects for these analyses represent
the change in daily maximum temperature 3 coefficients between adjusted total effect
(¢, no mediator) and adjusted direct effect (c¢’, with mediator(s)) regression models.
We calculated IEs for preSBP, IDWG, and both preSBP and IDWG as concomitant

mediators.

We used IEs to characterize proportions of the total effect contributed by
preSBP, IDWG, and preSBP and IDWG combined, as shown in Figure 1. [208, 209].
The proportion mediated statistic gives insight on the relative effect of exposure on
the outcome that works through a mediator or mediators.[210] Pathway proportions
were assessed through preSBP, IDWG, and preSBP and IDWG as individually
separate mediated pathways and as combined pathways. Bootstrapping at 1000

repetitions was used to generate 95% confidence intervals for indirect associations.
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Regression analysis quantifying mediator-outcome associations were also conducted

and results are provided in supplementary materials

5.3.7 Lag structures

The study considered lag structures for exposures and mediator variables for
up to two days (two-day lag [Lag 2]) before ACHA or ACM events. This
parameterization aided in characterizing potential delayed effects associated with
temperature. To assure temporal precedence, we focused on two-day lagged TMAX
exposure and one-day lagged mediator (Lag 2-Lag 1) models to explore direct and
indirect effects between our exposure, mediators, and outcomes (Figure 1).
Additional discrete-time lagged models (Lag 2-only and Lag 1-only, Figure S5-1) are

explored as associational models for sensitivity analysis.

5.3.8 Missing data

While there were no missing data for baseline measurements, we noted up to
30% missingness for preSBP and IDWG change values for subsequent visits.
Through exploratory analysis, we were able to determine that physiological data were
missing at random. Missing covariate data were imputed by using multivariate
imputation by chain equations (MICE) as recommended by other studies. [211-214]
We generated 5 imputed data sets using 5 iterations for each imputed data set and
used predictive mean matching. All model coefficients and standard errors were

pooled from imputed data sets by using the mice package in R. [215]
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5.4 Results

Study participants (n=1981) contributed approximately a total of 4764 person-
years. We estimated a median value of 518 days for person-time contributions with an
interquartile range (IQR) of 1095 days by each participant. During the study period,
the overall median daily maximum air temperature was 28.3°C (IQR=6.1°C) with a
range of 11.7°C to 38.9°C. Among the 1981 HD patients treated within Philadelphia
(Table 1), we studied 934 patients with recurrent hospital admissions (1+ hospital
admissions) followed by 439 patients who reported one hospital admission visit. The
remainder reported no hospital admissions during MJJAS months. Among cases with
recurrent ACHAs, non-Hispanic (NH) Black (59%) and male (55%) patients made up
most of the ACHA-based cohort. Mean preSBP (148 mm Hg, SD=25 mm Hg) and
IDWG percentage (3.05%, SD=1.89%) measures also exhibit non-significant elevated
mean levels for patients with recurrent hospital admissions compared to patients with
no reported hospital admission visits. There were 276 cases of death (13.9%) within
the sample population. Similar to the ACHA cohort, NH-Black (59%) and male
(57%) patients were over-represented. The mean levels of blood pressure (146 mm
Hg, SD=27.1) and IDWG (3.11%, SD=1.93) were slightly different among ACM
cases when compared to censored patients (preSBP=147.0 mm Hg, SD=23.9;

IDWG=2.85%, SD=1.81).

As depicted In Table 2, individual-level clinical measures (preSBP, IDWG)
were negatively associated with increasing TMAX. Decreases in mean pre-SBP
responses ranged between -2.33 mmHg to -1.68 mmHg across lag models in fully

adjusted models. Likewise, the mean reduction in IDWG ranged between -0.19% to -
88



0.13% for each 10°C increase in dry-bulb temperature. Mediator-outcome analyses

are provided in supplemental tables (Tables S9-S12).

Based on unadjusted total temperature association models (Model 1), 1°C
increase in daily maximum temperature was associated with 7.5% greater ACHA risk
(Table 3) and 6.9% greater ACM risk (Table 4). In this work, risk is defined as
hazards. Slight incremental changes in coefficient estimates did occur across partially
adjusted (confounders-only, Model 2; confounders and one mediator, Models 3 &4)
and fully adjusted (confounders and both mediators, Model 5) models. One percent
increase in IDWG change resulted in 8% increase in risk of hospital admission (HR,
1.082, 95%CI: 1.050-1.115) and 19% increase in risk of mortality (HR, 1.193,
95%CI: 1.106-1.287) in fully adjusted direct effect models (Model 5). One-unit
increase in preSBP resulted in a small but significant, protection against hospital
admissions risk (HR, 0.998, 95%CI: 0.997-0.999) shown in Model 3. Compared to
Non-Hispanic Black and female patients, Hispanic (HR, 1.371, 95%CI: 1.090-1.724)
and male (HR, 0.866, 95%CI: 0.773-0.970) patients appear to have a higher risk of
hospital admissions. Whereas non-Hispanic White (HR, 1.515, 95%CI: 1.137-2.018)
patients and age (HR, 1.034, 95%CI: 1.025-1.044) are positively associated with
increased mortality risk. On average, patients prescribed blood pressure medication
exhibit approximately 49% protective effects from death (HR, 0.514, 95%CI: 0.396-
0.667) as shown in Model 5 (Table 4). Associational estimates for Lag 2 and Lag 1
lag model structures are consistent with the main results (Supplemental Tables 1 to

4). Also, we note all ACM models did not violate assumptions for proportional
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hazards based on global tests. And, as expected, all ACHA models suggested non-

proportionality for hazards corresponding to recurrent outcomes.

Mediation analysis for hospital admission events identified significant indirect
effects for all three pathways (Table 5) and significant indirect effects for IDWG and
concomitated preSBP + IDWG pathways for mortality (Table 6). Only 1.03% of the
association between TMAX and mortality path was mediated through preSBP. For
the remainder of the studied pathways, inconsistent mediation was observed that
included negative indirect effect estimates. As a result, negative proportion mediated
between total and direct effect models suggest suppression effects for temperature
and outcome variables. We note that IDWG as a separate pathway in all lag
structured models demonstrated lower proportion mediated estimates. In combined
pathway analysis, the total association between ambient temperature with ACHA
(Figure 2) and ACM (Figure 3) outcomes is explained by the combined preSBP +
IDWG pathway at 0.04% and 0.30%, respectively. These estimates are drastic
reductions when compared to preSBP + IDWG as a single, concomitated pathway.
Tables S5-S8 provide mediation results for Lag 2 and Lag 1 discrete time-dependent
models. Significant, however modest, indirect effects were observed with consistent
and inconsistent mediated effects in each model except for Lag 2-ACM models- all
pathways demonstrated consistent mediation. We note that the preSBP, independent
of IDWG, pathway in Lag 2 explained about 4.41% of the total effect between
temperature and mortality. Whereas, Lag 1 models for IDWG, independent of
preSBP, pathway yielded -2.15% and -4.51% for ACHA and ACM outcomes,
respectively.
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5.5 Discussion

Among ESRD patients (n=1981) treated in Philadelphia County, PA from 2011 to
2019, our study confirms that increased ambient temperature exposure is associated
with an increased risk of mortality and hospital admission. Our study also found
significant mean changes in blood pressure and IDWG responses inversely related to
temperature. After one-day lag exposure to 10°C incremental increase, the estimated
mean changes in preSBP (-2.34 mm Hg; SE, 0.04 mm Hg) and IDWG (-0.189 mm
Hg; SE, 0.003 mm Hg) suggest plausible proximate physiological responses. We
found evidence of significant pathways for all three (preSBP, IDWG, and preSBP +
IDWG) and two of the three (IDWG and preSBP + IDWG) studied pathways for
ACM and ACHA event outcomes, respectively. However, indirect effect estimates
demonstrated inconsistent mediation and suggested suppression effects for certain

mechanistic pathways.

The association between TMAX and increased risk of ACHA and ACM rates are
consistent with other work related to ambient temperature exposure. [23, 25, 137,

140, 141] One study devoted to ESRD population found that seasonal changes can
influence physiological responses and mortality, particularly in more temperate
regions where climatic fluctuations are most pronounced.[44] A recent case-crossover
study found consistent and significant increased mortality and hospital admissions
rates associated with two-day cumulative exposure of extreme heat events in Boston
and New York, and non-significant positive associations in Philadelphia. [56] The

results observed in this study relates to the use of a climate-based dichotomous
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exposure metric for an upper percentile threshold a continuous meteorological

measure.

In this work, we measured the extent of thermoregulatory responses (IDWG
change, preSBP) as mediators for hospital admissions and death events and explored
the interesting paradox of both reduced blood pressure and IDWG changes co-
occurring in ESRD patients. Our findings offer insight into the total effect
decomposition between exposure-outcome relationships by estimating indirect effects
through intermediated physiological responses. Our results found significant and
consistent indirect effects for most IDWG (independent of preSBP) and IDWG +
preSBP pathways. Absolute individual mediation estimates were less than 10%.
Except for Lag 2 defined ACM models, we found indirect mediation evidence
resulting from negative indirect effects between total effects and direct effects
models. The inclusion of mediators into direct effect models yielded increased
temperature B-coefficient magnitudes (Tables 3-4 & S5-1 to S5-4) and confirmed a
third variable effect known as suppression. [210, 216]. As such, pathways between
exposure and outcome variables displayed a combination of consistent and

inconsistent mediation effects.

Despite the relatively low estimates of a proportion mediated, most significant
pathways exhibited potential suppression effects. In the case of the IDWG pathway,
independent of preSBP, we note that indirect effects operating through IDWG had an
opposite effect with respect to total effect (Figures 1&2). This pathway also yielded
the most dominant indirect effect among studied lag structures. For example,

exposure to increased TMAX one-day before an ACM event may have had a slightly
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protective effect. This inverse relationship was confirmed in the exposure-mediator
analysis where one-day lag exposure to increased TMAX reduced IDWG change by -
0.19%. Deductively, if increased IDWG change can result in ESRD complications,
we could infer that IDWG could act as a modest suppressor from temperature-related
health risks. Though, a serial mediation pathway between IDWG and blood pressure
needs to be included. And more broadly, for Lag2- Lag 1 ACM mediation studied
pathways (Figure 2), there is approximately 5% suppression of the overall effect
between temperature and mortality when considering all three pathways. It appears
that in this causal structure, using IDWG, preSBP, and combined IDWG + presSBP
pathways may not adequately explain the total effect of temperature on mortality.
This is similar for hospital admissions, where the three combined pathways

demonstrate approximately 2% suppression.

As shown previously, mean preSBP and IDWG percent changes inversely
respond to increased ambient temperatures. This an expected observation as typical
thermoregulatory responses to elevated temperature among healthy individuals
include reduced blood pressure. [40] Physiologically, fluid loss due to increased
perspiration and restricted fluid replacement is plausibly attributed to reduced IDWG
percent changes among the ESRD population. Though, such changes from increased
temperatures do pose unintended health concerns. The literature on ESRD patient
health found that blood pressure changes can enhance complications and result in
hospitalization and premature death.[33-35, 39] Also, increased fluid-based weight
gains between HD treatments can increase fluid overflow complications resulting in

hospitalization or death. [39] In sequence, increased changes to IDWG can raise
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blood pressure, and any sudden changes in blood pressure can compromise
physiological stability. [36] The minor reduction in IDWG needs to be explored
further as a potential independent protective pathway and as an antecedent mediator

before blood pressure.

Concerning clinical implications, we found that blood pressure and
interdialytic weight gain, while mechanistically significant, may not have substantive
mediation effects. Instead, proportion mediated estimates were found to be small, and
pathways mostly demonstrated suppression effects. The goal of determining an
explanation of the observed relationship between TMAX and mortality/hospital
admissions for potential clinical interventions was not necessarily achieved.
However, considering additional passive heat responses related to electrolyte
disorders is worth pursuing. Also, since patients using hypertension medication had
nearly 50% reduction in all-cause mortality events in TMAX-adjusted models (Table
2, S2, S4), stratified analysis might provide enhanced statistical insight on the role of

blood pressure medication in reducing mortality risk.

A major advantage of this study includes statistical robustness from using a
longitudinal study design. As a study novelty, we inferred physiological responses
using high-density patient-level health records specific to ESRD patients. Using
repeated measurements of individual-level time-varying covariates, we established
temporal precedence with mediator and outcome responses by considering two-day
lag TMAX as the exposure and one-day lag preSBP and IDWG as proximal
mediators. This time-varying approach assured one-day separation between each

time-dependent variable. We adjusted for multiple explanatory factors that are
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traditionally associated with increased risks of mortality and hospital admissions. And
we also restricted our ACM and ACHA events to warmer month temperatures to
focus on heat exposures. More notably, we incorporated hypertension prescription use
to account for patients with high blood pressure. Lastly, we applied a practical
mediation analysis approach as an exploratory method to understand the role of

environmental exposures such as temperature.

There are a fair number of limitations to this work. First, this study is based on
an overly simplified causal path model that included two measured mediators. Testing
additional physiological responses as candidate mediators is needed to understand
temperature-related causes of mortality and morbidity. Though, for now, it was a
crucial step to establish and confirm potential pathways driven by regularly recorded
clinical measures before dialysis treatments. We did not consider a U-shaped
relationship between blood pressure and mortality among HD patients [37] since
traditional mediation methods assume linearity. In a re-analysis, dichotomizing
clinical mediators using clinically-meaningful or individual-based thresholds or
trends could be explored [36] and may inform candidate mechanistic responses (e.g.,
suppression). In the current analysis, we assumed independent, parallel pathways with
preSBP and IDWG mediators. IDWG might be considered as both an intermediate
confounder that precedes blood pressure and a mediator since changes in IDWG
could also influence blood pressure. Also, since we restricted exposure and outcome
events to warmer months, we did not capture cold-temperature related effects. We did
consider clinical measures on dialysis vintage (length of time on dialysis), estimated
glomuluar filteration rate (¢GFR), and alumbin to creatinine ratio (ACR) in thish
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work. . Lastly, more advanced causal mediation approaches are needed to capture
more complex pathways among multiple mediators while upholding rigorous

assumptions to infer causal relationships. [217, 218]

5.6 Conclusions

This study found that increased ambient temperature is strongly associated
with reduced blood pressure and IDWG and can increase mortality and hospital
admissions risks. When combined in mediation analysis, we observed modest
suppression effects operating through most proximal pathways in defined lag model
structures. Our findings suggest that, statistically, blood pressure and IDWG may not
explain the relationship between TMAX and mortality/hospital admissions, instead,
those responses could exhibit protective effects. This suggests that causes of mortality
and morbidity effects may involve other prognostic factors and more complex
mechanistic pathways to describe temperature effects specific to the ESRD

population.
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5.7 Tables

Hospital admissions Mortality
Characteristics Total None 1-only 1+ No Yes
Patients, n (%) 1981 608 (31) 439 (22) 934 (47) 1705 (86) 276 (14)
Age, mean (SD) 60.1 (14.1) 60.2 (14.5) 60.5(14.3) 59.9(13.8) 59.5(14.3) 64.1(12.5)
Race/ethnicity, n (%)
Asian 30 (2) 9(1) 8(2) 13 (1) 26(2) 4(1)
Hispanic 142 (7) 33 (5) 39 (9) 70 (7) 118 (7) 24 (9)
NH-Black 1079 (54) 307 (50) 221 (50) 551 (59) 916 (54) 163 (59)
NH-White 390 (2) 119 (20) 87 (20) 184 (20) 322 (19) 68 (25)
Other, Not-reported 340 (17) 140 (23) 84 (19) 116 (12) 323 (19) 17 (6)
Blood Pressure Medication
Yes 739 (37%) 264 (43) 278 (63) 314 (34) 663 (39) 76 (28)
No 1242 (63%) 344 (57) 161 (37) 620 (60) 1042 (61) 200 (72)
Sex, n (%)
Female 828 (42%) 243 (40) 169 (38) 416 (45) 708 (42) 120 (43)
Male 1153 (58%) 365 (60) 270 (62) 518 (55) 997 (58) 156 (57)
Treatment clinics, n 27 24 22 25 27 19
Daily Maximum Temperature, median (IQR) 28.3 (6.1) 28.3(6.1) 283 (6.1) 28.3 (6.1) 28.3 (6.1) 28.3 (6.7)
PRE SBP, mean (SD) 147.0 (24.3) 145(23.7) 147.0(23.7) 148.0(25.0) 147.0(23.9) 146 (27.1)
IDWG %, mean (SD) 2.89(1.83) 2.68(1.73) 2.84(1.81) 3.05(1.89) 285(1.81) 3.11(1.93)

Table 1. Clinical and demographic characteristics of ESRD Philadelphia cohort stratified by hospital admissions
and mortality status
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Crude Adjusted

Clinic measure Lag Mean effect Std Error Mean effect Std Error

IDWG Lag2 -0.145 0.003 -0.149 0.003
Lagl -0.188 0.003 -0.189 0.003
Lag0 -0.138 0.003 -0.130 0.003

preSBP Lag2 -1.693 0.038 -1.680 0.038
Lagl -2.350 0.038 -2.337 0.038
Lag0 -2.381 0.039 -2.287 0.038

Table 2. Crude and adjusted IDWG and preSBP mean changes to 10°C increase in maximum daily temperature
increase based on linear mixed effects regression. Crude models contain daily maximum temperature. Adjusted
models contain daily maximum temperature, age, race/ethnicity, treatment clinic, sex, and blood pressure
medication use variables.
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Model 1:

Model 2: adjusted
total temperature
association

Model 3: adjusted
direct temperature
association (pre5EP)

Model 4: adjusted
direct temperature
association (IDWG %)

Model 5: adjusted direct
temperature association

(preSEP + IDWG%)

unadjusted total
temperature
association
. 1.075 (1.069-

Daily Max Temp (Lag2) 1.081)

preSBP (Lagl)

IDWG change (Lagl)

Age (yr)

Race/Ethnicity

Non-Hispanic Black

Asian

Hispanic

Non-Hispanic White
Other/Not Reported

Blood Pressure Medication
No

Yes

Sex
Female
Male

1.075 (1.069-
1.080)

0.999 (0.994-1.003)

1.000
0.998 (0.687-1.451)
1.393 (1.105-
1.756)

1.083 (0.939-1.251)
0.943 (0.797-1.116)

1.000
0.884 (0.788-
0.992)

1.000
1.051 (0.944-1.170)

1.074 (1.068-1.080)
0.998 (0.997-0.999)
0.998 (0.995-1.000)
1.000

1.004 (0.786-1.282)
1.402 (1.271-1.546)
1.080 (1.000-1.167)
0.941 (0.850-1.042)
1.000

0.880 (0.830-0.932)

1.000
1.059 (0.991-1.130)

1.077 (1.071-1.082)

1.079 (1.047-1.111)
0.999 (0.993-1.004)

1.000

0.932 (0.645-1.346)
1.361 (1.082-1.711)
1.076 (0.932-1.243)
0.959 (0.810-1.135)
1.000

0.872 (0.779-0.977)

1.000
1.067 (0.957-1.189)

1.076 (1.070-1.082)

0.998 (0.996-0.999)
1.082 (1.050-1.115)
0.999 (0.995-1.003)

1.000

0.936 (0.647-1.353)
1.371 (1.090-1.724)
1.072 (0.,929-1.238)
0.958 (0.810-1.132)
1.000

0.866 (0.773-0.970)

1.000
1.077 (0,968-1.198)

Table 3. Hazard ratio (HR) and 95% confidence intervals for the association of daily maximum daily temperature
and all-cause hospital admissions (ACHA) based on Lag 2- Lag 1 discrete-time model structure. Due to the large
number of categorical factors, treatment clinics associations were not reported. Bold indicates statistically
significant hazard ratio at p <0.05.
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Model 1:

Model 2: adjusted

Model 3: adjusted

Model 4: adjusted

Model 5: adjusted direct

unadjusted total ; ’ Gl
A total temperature direct temperature direct temperature temperature association
p. : association association (preSBP)  association (IDWG %) (preSBP + IDWG%)
association
1.069 (1.045- 1.071 (1.047-
Daily Max Temp (Lag2) io0 4)( gl 6][ 1.071(1.046-1.096)  1.076 (1.051-1.101) 1.075 (1.050-1.100)

preSBP (Lagl)
IDWG change (Lagl)
Age (y7)
Race/Ethnicity
Non-Hispanic Black
Asian

Hispanic
Non-Hispanic White

Other/Not Reported

Blood Pressure Medication

No
Yes

Sex
Female
Male

1.0334 (1.024-
1.043)

1.000
1.128 (0.418-3.048)
1.516 (0.985-2.334)
1.575 (1.182-
2.099)

0.769 (0.459-1.289)

1.000
0.493 (0.381-
0.638)

1.000
1.027 (0.807-1.307)

0.997 (0.992-1.003)

1.033 (1.023-1.043)

1.000
1.140 (0.411-3.165)
1.533 (0.980-2.396)

1.567 (1.163-2.110)
0.769 (0.456-1.297)

1.000

0.499 (0.385-0.646)

1.000
1.017 (0.799-1.294)

1.186 (1.100-1.280)
1.035 (1.025-1.044)

1.000
0.977 (0.359-2.654)
1.412 (0.916-2.177)

1.527 (1.144-2.036)
0.796 (0.475-1.336)

1.000

0.504 (0.388-0.654)

1.000
1.010 (0.792-1.288)

0.996 (0.991-1.002)
1.193 (1.106-1.287)

1.034 (1.025-1.044)

1.000
0.987 (0.365-2.674)
1.436 (0.932-2.212)

1.515 (1.137-2.018)
0.798 (0.476-1.337)

1.000

0.514 (0.396-0.667)

1.000
0.994 (0.781-1.267)

Table 4. Hazard ratio (HR) and 95% confidence intervals for the association of daily maximum daily temperature
and all-cause mortality (ACM) based on Lag 2- Lag 1 discrete-time model structure. Due to the large number of
categorical factors, treatment clinics associations were not reported. Bold indicates statistically significant hazard
ratio at p <0.05.
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Model 1: Model 2: Model 3: Temperature, Model 4:
. Temperature, Temperature,
Estimate Temperature and confounders, and
confounders onl confounders, and IDWG confounders, IDWG,
y SBP and SBP
Temperature B 0.0719 0.0723 0.0726 0.0733
Indirect Effect 3 0.0004 (0.0002, -0.0007 (-0.0011, - -0.0015 (-0.0018, -
0.0007) 0.0003) 0.0010)
3Percent
- 0, - 0, _ [¢)
Mediated 0.60% 2.67% 2.13%

Table 5. Effect size estimates and bootstrap-generated two-sided 95% confidence intervals for mediation effects of
the association between daily maximum temperature and all-cause hospital admissions (ACHA) based on Lag 2-
Lag 1 discrete-time model structure. Bold indicates statistically significant estimate at p<0.05.
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Model 2: Model 3: Model 4:

Model 1:
. Temperature, Temperature, Temperature,
Estimate Temperature and
confounders onl confounders, and confounders, and confounders,
y SBP IDWG IDWG, and SBP

Temperature 3 0.0689 0.06817 0.0732 0.07228

. B 0.0007 (-0.0012, -0.0043 (-0.0052, - -0.0034 (-0.0061,
Indirect Effect 0.00111) 0.0015) -0.0016)

Percent Mediated -- 1.03% -6.26% -4,94%

Table 6. Effect size estimates and bootstrap-generated two-sided 95% confidence intervals for mediation effects of
the association between daily maximum temperature and all-cause mortality (ACM) based on Lag 2- Lag 1
discrete-time model structure. Bold indicates statistically significant estimate at p<0.05.
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5.8 Figures

M;att,

M,att,

Two-day lagged Exposure (t,) and one-day lagged Mediation (t_,) effects
on Health Outcome (t;)

Figure 1. Directed acyclic graph (DAGs) depicting mechanistic pathways between time-dependent daily
maximum temperature exposures (E), and IDWG change (M1) and preSBP (M2) mediators. DAG represents Lag
2-Lagl specific pathways using t2, t-1, and to variables that correspond to time-dependent measures before hospital
admission or mortality events (to). Grey arrow represents total effect pathway; Single blue arrow represents an
indirect pathway operating through M. Single green arrow represents an indirect pathway operating through M.
And double orange arrows represent combined indirect pathways operating through M and Ma.
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Temp B=0.07187 102.03%
—I_>[ Hospitalization ]
Temp B =0.07333

-2.67 %

IDWG oy

Temp B =-0.0019

0.04%

Temp B =-0.0015

0.60 %

SBP
|Temp B =0.0005 —

Figure 2. Combined pathway analysis of the association between daily maximum temperature and all-cause
hospital admissions (ACHA) and mediating paths for combined mediators based on Lag 2- Lag 1 discrete-time
model structure. For indirect paths: IDWG path is considered independent of preSBP, and preSBP indirect effect
is independent of IDWG, and IDWG + preSBP path is independent of IDWG and preSBP indirect effects. Direct
effects greater than 100% can occur when inconsistent mediation is present in one or more of the paths.
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) o B

-6.26 %

IDWG >

Temp B =-0.0041

0.30%

Temp f =-0.0034

1.03 %

|Temp B =0.00091

Figure 3. Combined pathway analysis of the association between daily maximum temperature and all-cause
mortality (ACM) and mediating paths for combined mediators based on Lag 2- Lag 1 discrete-time model
structure For indirect paths: IDWG path is considered independent of preSBP, and preSBP indirect effect is
independent of IDWG, and IDWG + preSBP path is independent of IDWG and preSBP indirect effects. Direct
effects greater than 100% can occur when inconsistent mediation is present in one or more of the paths.
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Chapter 6: Conclusions, Limitations, Public Health
Implications, and Directions for Future Research

This dissertation work presents a focused study on the effects of acute
environmental exposures on a vulnerable population living with a chronic kidney
condition known as end-stage renal disease (ESRD). Individuals living with ESRD
require life-long and highly frequent dialysis treatments. The study chapters expanded
on the critical risks uniquely contributed by extreme heat events, air pollution, and
ambient temperature as outdoor exposures within the United States' northeastern
region. Individual-level determinants related to socio-demographics, medical history,
and location provided enhanced context to observed risks. And by leveraging a
longitudinal study design informed by repeated clinical measures, this dissertation
also explored the role of increased temperature on individual-level physiological
responses as potential proximate mediators to hospital admissions and mortality

outcomes.

6.1 Key Findings: Role of extreme heat events on the ESRD population
(Chapter 2 and 3)

The research contributed significant findings that linked extreme heat events
to increased rates of all-cause mortality (ACM) and all-cause hospital admissions
(ACHA) stratified by location, race/ethnicity, and pre-existing comorbidities.

Our case-crossover study applied same-day, one-day lag, and cumulative (0-1) lag
EHE exposure metrics. Our preliminary findings (Chapter 2) established plausible

acute risk based on a limited sample population exclusively treated in Boston, MA;
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New York, NY; and Philadelphia, PA from 2003-2012. Overall, cumulative risk
estimates for hospital admission and mortality were estimated at 36% and 32%,
respectively, after pooling all three cities. Though city-specific rate ratios did differ,
the result highlighted the observed geographic variability with EHE-related effects.
This work also showed that patients living with additional comorbidities had
consistently higher mortality rates from short-term EHE exposures. We also noted
heterogeneity in risks by race/ethnicity and by pre-existing comorbidities for hospital
admissions.

In Chapter 3, the research aim broadened the preliminary three-city study
(n=7,445) to 28 counties within Northeast US (n=60,717). We applied the same
design methods, exposure metrics, and lag structures to a widen catchment area
within the northeastern region from 2001-2019. The data used to determine the
exposure-response association came from the same environmental and medical data
sources as Chapter 2. We observed notable attenuation for all-cause mortality and all-
cause hospital admission effects across each short-term lag structure in our pooled
analysis. The association between same-day EHE effects and mortality remained
significant. We noted consistent variability in risk estimates across latitudes. Though,
hospital admission risk by latitude and race/ethnicity displayed mostly non-significant
null associations. In all, we found that same-day EHE exposure is typically more
pronounced compared to one-day lag EHE exposures, except for cerebrovascular and
ischemic heart disease subgroups. Lastly, we observed that comorbidity as an
individual-level determinant is a critical characteristic for intervention from EHE

effects.
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6.2 Key Findings: Air pollution impacts on ESRD population (Chapter 4)

Our goals for this project on characterizing the short-term effects of ambient
air pollution exposure among the ESRD population were 1) to investigate the main
effects of daily PM2.s and O3 concentrations after adjusting for EHE on ACHA and
ACM outcomes and, 2) to investigate the modifying effects of EHE between air
pollutants and health endpoints.

In Chapter 4, we pooled daily ACHA and ACM events from our northeastern
ESRD study population. Data for county-level air pollution were obtained using
resolved coupled model outputs from Climate-Weather Research and Foresting and
Community Multiscale Air Quality (CWRF-CMAQ) simulations from 2001-2016.
We found that using this data source helped to reduce potential exposure
misclassification by improving spatial and temporal granularity. In all, short-term
exposure to PMz.s and O3 for up to 3 days is associated with increased ACM risk, and
we found a negligible short-term risk of ACHA among ESRD patients. There is a
substantive increase in mortality risk from 3-day and 4-day cumulative O3 exposures
that exceed air quality criteria during EHE days compared to non-EHE days. We
found potential effect modification from extreme heat events in Lag 0-3 O3-ACM and
Lag 0-3 PM2.5-ACM models. Null associations between acute air pollutants and

ACHA did not exhibit statistical evidence of effect modification by EHE.
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6.3 Key Findings: Mediation by proximate physiological responses
(Chapter 5)

Lastly, this study aimed to understand better the intermediate role of acute
physiological responses associated with ambient temperature changes during warmer
months of 2011-2019 in Philadelphia, PA. We used blood pressure and interdialytic
weight gain (IDWG) change as mediators to conduct mediation analysis. This
approach assessed the mechanistic validity of individual and combined pathways that
could explain the total effect between temperature and ACM or ACHA outcomes.
Methodologically, this work involved four major components: 1) determine
appropriate Cox regression models for survival outcomes, 2) identify an appropriate
lag model structure that represents temporal precedence, 3) apply imputation methods
to account for missing data related to time-varying covariates, and 4) conduct
traditional mediation analysis using two time-dependent mediators.

Chapter 5 confirmed that ambient temperature as a continuous exposure could
predict ACHA and ACM risks after adjusting for race/ethnicity, sex, age, blood
pressure medication use, and treatment clinic. We also found that patients that are
prescribed blood pressure medication for managing hypertension demonstrated nearly
50% protection from mortality. Additionally, specific to exposure-mediator models,
ambient temperature was negatively associated with blood pressure and IDWG
percent changes.

In individual mediation analysis (single pathway only), we found interesting
evidence of significant pathways for all three (preSBP, IDWG, and preSBP +
IDWG), and two of the three (IDWG and preSBP + IDWG) studied pathways for

ACM and ACHA event outcomes, respectively. However, indirect effect estimates
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demonstrated inconsistent mediation that suggested suppression effects for some
mechanistic pathways. For example, the pathway for IDWG, independent of preSBP,
showed inconsistent mediation in ACHA (-2.67%) and ACM (-6.26%) based on
combined pathway models. Those pathways are working against, instead of
explaining, the effect attributed to reduced mean blood pressure and IDWG estimates.
This observation could hint as a protective effect from increased temperature
exposures. Proportion mediated estimates from preSBP + IDWG pathways achieved
near 0% in combined pathway analysis. This suggests that preSBP and IDWG, as a
concatenated pathway, may not mechanistically explain the relationship between
temperature and mortality/hospital admissions. Due to the modest proportion mediate
estimates, our findings also imply that the causes of mortality and morbidity effects
may involve other additional explanatory factors and more complex mechanistic

pathways to describe temperature effects specific to the ESRD population.

6.4 Study Limitations

While chapter-specific limitations have been discussed at the end of Chapters
2 through 5, this section provides the dissertation's at-large study limitations.
Firstly, findings from our northeastern region-focused analyses are not necessarily
generalizable to other US regions. Environmental conditions related to climate and air
quality are often location-specific, where seasonal variability and urban densities are
conditioned by geography. Our work did observe environmental variability across the
northeastern US and remarkable heterogeneity in population-level responses.
Additionally, the overall composition of the sample population does not allow for

generalizability. An overarching reason is that our sample population was not
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randomized. Also, we observed suggestions of this bias based on our near-equivalent
prevalence of non-Hispanic Black and non-Hispanic White patients living with ESRD
at the regional level. Nationally, the United States Renal Disease System (USRDS)
Annual Report reports 3.4 times higher prevalence among non-Hispanic Blacks than
Whites. [30] In addition, ESRD patients with CVD within the study population were
notably under-represented (1.6%) when compared to the target population (76.5%).
[30]

Another consistent limitation relates to using 'all-cause' as a health endpoint to
describe morbidity and mortality outcomes. Each study did not use cause-specific
outcomes due to concerns with dramatically reduced sample sizes after selecting
cause-defined cases. One study characterized the relationship between wildfire
smoke-derived PMz2 s exposure and mortality among ESRD patients used cause-
specific mortality outcomes.[123] The authors' findings did note differences in risk
magnitudes and direction between all-cause and cause-specific mortalities. In this
work, we learned that identifying meaningful clinical interventions from acute
environmental exposures requires specifying proximal health-related complications
that result in hospital admissions and premature death. This understanding can bridge
our empirical evidence of associational relationships to causal effects and establish
clinically meaningful, evidence-based interventions.

A running assumption in this work was that outdoor ambient conditions could
influence indoor environmental conditions and, as a result, pose a risk. This indirect
relationship between outdoor and indoor environments has been studied in numerous

validation studies. [67, 219, 220] However, a critical determinant that can obfuscate
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the relationship is air conditioning access and use.[221, 222] Air conditioning during
elevated temperature is a reliable protective intervention. In this work, we were not
able to determine air conditioning use at the individual level.

Another limitation to the overall work relates to the seemingly lower prevalence of
ESRD patients with CVD within the study population (1.6%). The most recent
USRDS Annual Report [30] estimated CVD prevalence at 76.5% among patients
receiving hemodialysis. This discrepancy might be primarily attributed to potential
reporting and misclassification errors. According to FKC, there is a possibility that
CVD may have been diagnosed earlier in a patient’s dialysis career and not reported
into FKC’s medical records. Another reason may relate to changes in CVD
documentations over time since 2001. These types of internal changes may have
resulted in information loss in FKC’s data warehouse. Thus, identifying patients with
CHF, IHF, and MI as a direct classification of CVD co-morbidities since 2001 may
have misclassified true CVD cases as non-CVD cases within our study population. A
potential indirect approach to estimate CVD prevalence is to consider cause-specific
hospital admissions or cause-specific mortality and cross-reference CVD-related
categories associated with ICD codes.

Lastly, we restricted our time period to include only warmer months of the
year- namely May-September (MJJAS)- and excluded the remaining calendar
months. Our overall approach focused on extreme heat and increasing temperature
effects. As such, characterizing the role of colder temperatures, especially pertaining
to air quality and physiological responses, overlooked the role of colder temperature

exposures as a potential risk factor. Incorporating cold-related weather and climate
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may improve the understanding of environmental vulnerability among ESRD
patients, especially in regions that experience abnormally higher snowfall seasons and
more extreme cold events. Also, considering cold exposures during colder months
could also provide insight into interactive effects with PM2.5 in degraded air quality

locations.

6.5 Public Health and Clinical Implications

e Location-specific heat management plans and air quality guidance to protect

ESRD patients

The National Integrated Heat Health Information System (NIHHIS), a US federal
consortium that includes the National Ocean and Atmospheric Agency (NOAA),
Centers for Disease Control and Prevention (CDC), and the US Environmental
Protection Agency (USEPA), provide comprehensive resources and guidance for
developing excessive heat notification and response programs. Many local public
health agencies have adopted critical heat management strategies as part of their
emergency response and inclement weather response plans. Similar guidance for
outdoor activity from the USEPA and CDC is also available to protect public health
from harmful air quality levels. In this research, we found that risk vulnerability and
risk assessment for the ESRD population is consistent with other at-risk populations,
including children and older adults. Despite their chronic renal health and special
healthcare needs, the ESRD population is not explicitly identified as a vulnerable

population.
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Exposure to extreme heat events (Chapters 2 & 3) and harmful levels of air pollution
(Chapter 4) does promote health risk. The Agency for Health Research and Quality
(AHRQ) considers populations living with chronic renal diseases and receiving
dialysis treatments as a priority population. Therefore, enhanced health services and
surveillance during periods of extreme heat and elevated air pollution episodes should
be incorporated into location-level public health emergency plans. As part of a
proactive public health protectiveness campaign, early warning systems informed by
ambient temperature and air quality forecasts may be effective in preventing heat-
related and air pollution-related harm. Risk forecasting for extreme heat events
combined with air pollution surveillance can potentially enhance medical care
preparedness and delivery for health service providers on the ground. For example,
special advisories could initiate in-person visits to ESRD patients through
coordination between dialysis centers and public health agencies. Developing
adaptation strategies informed by air quality indices and warning systems can benefit
ESRD patients and other highly-vulnerable populations. Though, active follow-up
efforts and engagement should be adopted to verify the extent of preparedness and
stress vulnerability.

e Develop and implement air quality standards that consider sensitive

populations.

Typically, urban environments during warmer months are at high risk of increased
ambient ozone levels. [223] As an added concern, atmospheric warming attributed to
climate change will increase ozone chemical production at the ground-level. Our

findings suggested that exceeding regulatory National Ambient Air Quality Standards
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(NAAQS) criteria limits for O3 may substantially increase mortality risk (Chapter 4).
This could have implications for the general population, especially among older
subpopulations, living with pre-existing cardiopulmonary conditions, and outdoor
laborers. An additional layer of public health importance, regulatory agencies could
consider revising NAAQS to reflect protection for the most vulnerable, including the
ESRD population. It might also be critical to consider near-term climate-driven ozone

production and weigh its risks as well.

e Potential clinical interventions to minimize the impact of extreme heat

Leveraging data on individual-level determinants (Chapters 2, 3, and 5) and
clinical measurements (Chapter 5) allowed insight into potential health impacts
within the ESRD population. Some of the studied risk factors identified at-risk
subgroups like individuals diagnosed with additional comorbidities (Chapters 2&3).
We also note that clinical measures such as IDWG change did have a modest role in
suppressing hospitalization and mortality outcomes associated with elevated
temperature. Through preliminary mediation analysis, reduced IDWG changes may
have promoted survival advantage during periods of increased ambient temperature.
We also noted that the association between anti-hypertension medication and
mortality (Chapter 5) suggested protective effects. Prescribed anti-hypertension
medication may have promise as a clinical intervention to decreased vulnerability
from the elevated ambient temperature. Specialized patient-level findings can be used

to inform treatment protocols for preventing and mitigate heat-related illnesses.

6.6 Directions for Future Research
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There are multiple possibilities for enhancing climate and health research
specific for populations living with chronic renal diseases. Fortunately, many of these
considerations can be achieved through the continued collaboration relationship
between the University of Maryland and the Renal Research Institute.

We assumed that indoor conditions should indirectly match outdoor environments in
our exposure assessments. While some studies have validated this assumption [67,
220, 224], it is critical to collect personal-level environmental measures since this
assumption is conditioned on numerous lifestyle and socio-demographic
determinants. Environmental exposures from empirically measured indoor
environmental quality measurements can be collected by using passive and wearable
personalized devices. Qualitative methods that include interviews and surveys can
also describe personal thermal comfort, stress, and perception. [66, 225] The
inclusion of health insurance coverage status may serve as a resourceful proxy for
socioeconomic status, and by extension, the quality of indoor environments for ESRD
patients. A study conducted in New York City did find that perception of indoor
temperature was strongly associated with measured outdoor air temperature. [219]
And further, reported heat-related illness during the summer months is also associated
with perceived indoor temperature. [219] Such information can provide invaluable
insight into heat and air quality responses that are not directly gathered from in-situ
monitoring instruments. A critical component for characterizing indoor
environmental conditions relates to identifying and accounting for mechanical and
non-mechanical cooling conditions. Cooling and ventilation resources can serve as a

protective agent against heat-related illness, however, its access and use does depend
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on contextual factors like socio-economic position and neighborhood. [220-222] In
all, the systematic collection of exposure measures from indoor environments can be
similarly applied to epidemiological models to assess temperature and air quality-
related risks.

Urban communities are disproportionately affected by extreme heat because
of higher poverty rates and more intense heat exposure due to the urban heat island
effect [64-68]. As a result, heat-related health risks may be different in urban,
suburban, and rural landscapes. Stratification analyses by defined geographic types
would be a logical next step to disentangle urban-specific and rural-specific effects
from targeted environmental exposures within the ESRD population.

Accessing essential health care services can be a major challenge during weather
disturbances. Inclement weather events can act as an adherent for timely dialysis
treatments. Consequently, ESRD patients who routinely receive outpatient dialysis
are vulnerable to increased morbidity and mortality due to missing critical
therapies.[226] In many cases, missing a single appointment is not immediately
problematic or life-threatening. However, multiple missed appointments due to
prolonged clinic closures caused by electrical outages, dangerous road conditions, and
the lack of accessible transportation can pose life-threatening burdens for delivering
life-saving care and treatment for clinicians and patients. Future work needs to
consider the role of inclement weather events caused by tropical storm events,
extreme precipitation, snowstorms, and severe winds and quantify its effects on
health complications associated with missed appointments at the local level. Recently,

Winter Storm Uri caused mass power outages throughout Texas that directly

117



impacted about 54,000 dialysis patients. [227] This work can promote enhanced
climate readiness for reducing public health burdens caused by severe weather events
by developing disaster response plans for delivering and maintaining uninterrupted
dialysis-related health services.

Incorporating temperature-related climate change projections to assess health
impacts specific to the ESRD population would be a powerful approach to identify
near-term and long-term vulnerabilities. The spatial scalability for evaluating climate
change's health impacts under varying global warming scenarios can range from
global [228] to local levels [229, 230]. Fortunately, processed downscaled climate
models and data sets are available to develop applicable exposure metrics and
characterize temporally-scaled health impacts. Some studies have used temperature
projections to estimate heat-related health impacts into 2100. [94, 228] Though
evaluating projections in wildfires and flooding and its implications to human health,
and more specifically to the ESRD population, is a critical need as well.

There are a few additional possibilities for future work on study design. Our
original analysis focused entirely on all-cause mortality and all-cause hospital
admissions for ESRD patients. Studying cause-specific morbidity and mortality
outcomes would be a practical approach for identifying organ-targeted linkages to
acute heat and air pollution exposures. However, to achieve an acceptable statistical
sample size for an acceptable effect size detection, increased geographical scaling
beyond the northeastern region is essential. For example, conducting a nationally-
scaled study similar to prior studies using Medicare-Medicaid medical records is a

feasible next step to incorporate cause-specific endpoints. [24, 123] And lastly,
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alternative approaches to studying the effects of extreme weather and high air
pollution episodes for population health is needed. Case crossover studies have had a
long record in estimating acute environmental impact. However, quasi-experimental
methods may be more appropriate for making casual inferences by comparing
population health-level responses before and after defined exposure events. [119,
231] By applying natural experiment conditions, there is greater flexibility in
disentangling extreme weather events from underlying secular trends and accounting
for unmeasured confounding.

Lastly, despite lowered mediated proportions and evidence of suppression
effects, more investigation is still needed to account for complex pathways among
multiple mediators while upholding rigorous assumptions to infer causal
relationships. [232] As a starting point, new pathways should include responses
consistent with systemic inflammatory response syndrome (SIRS) as seen with
electrolyte disorders from passive heat stress. Incorporating advanced causal
mediation allows for model flexibility in considering ordered mediation [232],
nonlinear trends with preSBP and IDWG [233, 234], and incorporating likely
interaction [235] between anti-hypertension medication and temperature. Such
approaches would also address time-varying confounding affected by lagged

exposure and mediator measures. [236]
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Chapter 2 Supplemental materials
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Figure S2-1. Yearly total extreme heat events in May through September by city
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Chapter 3 Supplemental materials

County, State Number of EHE days EHE Rate
Wicomico County, MD 266 0.052
New Haven County, CT 253 0.087
Kings County, NY 228 0.078
Bronx County, NY 223 0.077
Hartford County, CT 221 0.076
New York County, NY 218 0.075
Essex County, N 215 0.074
Hillsborough County, NH 214 0.074
Morfolk County, MA 201 0.069
Rockingham County, NH 189 0.065
Kent County, RI 182 0.063
suffolk County, MA 181 0.062
Hampden County, MA 177 0.061
Mercer County, NJ 173 0.060
Lehigh County, PA 165 0.057
Monroe County, NY 161 0.055
Philadelphia County, PA 161 0.055
District of Columbia, DC 150 0.052
Mew Castle County, DE 149 0.051
Allegheny County, PA 143 0.049
Baltimore City, MD 130 0.045
Androscoggin County, ME 127 0.044
Washington County, MD 114 0.039

Table S3-1. Overall EHE rates during MJJAS for sampled NE counties from 2001-2019
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Figure S3-1. Map of focused counties within Northeastern study catchment

122




Total EHEs

Total EHEs per year
MJJAS months

Allegheny County

Androscoggin County

Baltimore city

Baltimore County

Bronx County

Caledonia County

40 F40
30 I k30
204 F20
0] I I Il 10
oA Iln..l-.ln.lll-ll N ulls III-- Bl e B 0l Lo
Cumberland County District of Columbia Erie County Essex County Hampden County Hartford County
40 F40
30 r30
204 r20
104 r10
0- III l_ll'-.l II | III__JII II lIlI-_IIIIIIIII IIIII .II.II I ll III IIIII II- -III.I-IIII Lo
Hillsborough County Kennebec County Kent County Kings County Lehigh County Mercer County
40
304 I
204
101
o4 III lIllIlIl-IIlI ll--llll Il-llll lI_ I s
Merrimack County Monroe County New Haven County New York County Norfolk County Philadelphia County
407 40
304 r30
204 F20
104 r10
0A IIIIII'III -Illl II -IlIl III-III--IIII IIII III-III-IIII.-IIII II-I. IIII-II IlI Lo
Rockingham County Suffolk County Union County Washington County Wicomico County Worcester County
40 F40
301 I I k30
204 20
101 r10
04 Ill Illlllllllllll II-- I IlI IIII I I III II Il III II- Il- II.I I Lo
2000 2005 2010 2015 2000 2005 2010 2015 2000 2005 2010 2015 2000 2005 2010 2015 2000 2005 2010 2015 2000 2005 2010 2015

Year
Hcr Hvo BN RI
state ll 0C M ME [ NY VT
B vA B NH [ PA

Figure S3-2. Total EHEs per year in 28 northeastern US county, 2001-2019
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Sensitivity Analysis

We conducted a sensitivity analysis using observed daily mean apparent temperature
for sampled counties. Our main analysis estimated the association between EHE and
health endpoints for location, race/ethnicity, and comorbidity. Here, we replicated the
modeling approach but applied daily mean apparent temperature. These results are
presented in Tables S3-2 to S3-9, and we adopted a 5°C incremental increase for our

risk interpretations.

All-cause All-cause
mortality  hospital admissions
RR 95%CI RR  95%CI
Lag 0 1.06 1.03-1.09 1.01 0.99-1.02
Lag1 0.96 0.93-0.99 099 0.97-1.00
Cumulative Lag0-1 1.02 1.00-1.04 099 0.98-1.00

Table S3-2. Pooled rate ratio (RR) and 95% confidence interval of mortality and hospital admissions 5°C
incremental increases in apparent temperature across the northeastern region.
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latitude

44,470

44,469

44.417

44.168

43.464

42989

42512

42,753

42,332

42170

42.136

41.806

41.678

41.350

40.849

40.787

40777

40.660

40.635

40.614

40.469

40.283

40.009

39.604

39.576

39.300

38.904

38.367

county
All
Caledonia County, VT

Kennebec County, ME

Androscoggin County, ME

Monroe County, NY

Rockingham County, NH

Hillsborough County, NH

Erie County, NY

Suffolk County, MA
Morfolk County, MA
Hampden County, MA
Hartford County, CT
Kent County, RI

New Haven County, CT
Bronx County, NY
Essex County, NJ

Mew York County, NY
Union County, NJ

Kings County, NY
Lehigh County, PA
Allegheny County, PA
Mercer County, NJ
Philadelphia County, PA
Washington County, MD
MNew Castle County, DE
Baltimore City, MD
District of Columbia, DC

Wicomico County, MD

Lag0

1.06(1.03-1.09)
2.73(2.16-3.45)
0.71 (0.60-0.83)
0.94(0.79-1.12)
1.14(0.99-1.30)
1.14(0.97-1.34)
1.11(0.93-1.32)
1.07 (0.86-1.33)
1.14(1.00-1.31)
0.90(0.78-1.03)
1.20(1.03-1.40)
1.21(1.04-1.40)
1.04 (0.87-1.23)
0.86 (0.72-1.04)
1.14(0.99-1.31)
1.22(1.06-1.40)
0.88 (0.75-1.02)
1.28(1.10-1.49)
1.121(0.95-1.32)
0.85 (0.73-1.00)
1.14(0.94-1.37)
0.96 (0.81-1.13)
1.00(0.90-1.12)
1.35(1.13-1.63)
1.12(0.96-1.32)
0.99 (0.85-1.14)
1.01 (0.88-1.17)

0.89(0.74-1.08)

Lag1

0.96 (0.93-0.99)
0.50 (0.40-0.64)
1.10(0.93-1.31)
1.62(1.35-1.96)
0.93(0.81-1.07)
0.78 (0.66-0.91)
1.05(0.90-1.24)
0.80 (0.64-1.00)
1.11 (0.97-1.27)
1.13(0.98-1.29)
0.94 (0.80-1.10)
0.79(0.68-0.91)
1.01 (0.85-1.21)
0.96 (0.80-1.16)
0.92 (0.80-1.05)
0.81 (0.70-0.94)
1.19(1.02-1.39)
0.66 (0.57-0.77)
0.98 (0.83-1.15)
1.25(1.07-1.46)
1.00 (0.82-1.22)
1.05(0.89-1.24)
1.00(0.89-1.12)
0.70(0.58-0.85)
0.93 (0.80-1.10)
1.10(0.94-1.28)
0.92 (0.80-1.07)

1.10(0.92-1.31)

Lag 0-1

1.02 (1.00-1.04)
1.38(1.17-1.63)
0.78 (0.68-0.90)
1.52(1.32-1.76)
1.06(0.96-1.17)
0.88 (0.78-1.00)
1.17(1.03-1.33)
0.86 (0.74-0.99)
1.27 (1.14-1.42)
1.01(0.91-1.13)
1.12(0.99-1.27)
0.95 (0.85-1.06)
1.05(0.91-1.21)
0.83 (0.72-0.96)
1.05(0.94-1.16)
0.99 (0.89-1.10)
1.04(0.93-1.16)
0.85 (0.76-0.95)
1.10(0.96-1.25)
1.07 (0.95-1.20)
1.14(1.00-1.31)
1.01 (0.90-1.13)
1.00 (0.92-1.09)
0.95 (0.84-1.08)
1.05(0.94-1.17)
1.08 (0.98-1.20)
0.93 (0.84-1.04)

0.98 (0.86-1.13)

Table S3-3. County-specific rate ratio (RR) and 95% confidence interval of mortality for 5°C incremental
increases in apparent temperature across (a) latitudes, north to south; (b) Lag 0 (same-day) , (c) Lag 1 (one-day
lag), and (d) cumulative lag (Lag 0-1). All category represents all patients within this sample population for

location.

125



latitude county Lag 0 Lag 1 Lag 0-1

A4.470  All 1.01(0.99-1.02) 0.99(0.97-1.00) 0.99 (0.98-1.00)
44.469 (Caledonia County, VT 1.00(0.84-1.19) 1.06(0.88-1.27) 1.06 (0.93-1.20)
44.417  Kennebec County. ME 0.94(0.82-1.086) 1.03(0.90-1.18) 0.97 (0.87-1.07)
44,168 Androscoggin County, ME 1.12(0.97-1.29) 0.86(0.75-1.00) 0.97 (0.86-1.09)
43.464 Monroe County, NY 1.03(0.97-1.08) 1.001(0.95-1.05) 1.02 (0.99-1.06)
42.989 Rockingham County, NH 0.93(0.82-1.05) 1.01(0.89-1.15) 0.94 (0.85-1.04)
42.912 Hillsborough County, NH 0.97 (0.88-1.07) 0.95(0.86-1.05) 0.92 (0.86-0.99)
42,753 Erie County, NY 1.10(0.95-1.28) 0.94(0.81-1.09) 1.04(0.93-1.15)
42,332 Suffolk County, MA 1.04(0.96-1.13) 0.97(0.89-1.05) 1.01(0.94-1.08)
42,170 Norfolk County, MA 0.97 (0.89-1.05) 1.01(0.92-1.09) 0.97 (0.91-1.04)
42,136 Hampden County, MA 1.01(0.95-1.08) 0.98 (0.92-1.05) 0.99(0.94-1.05)
41.806 Hartford County, CT 1.00(0.92-1.09) 0.99(0.91-1.07) 0.99 (0.93-1.05)
41.678 Kent County, RI 1.04(0.94-1.14) 0.94(0.85-1.04) 0.98 (0.91-1.05)
41.350 New Haven County, CT 1.01(0.91-1.12) 0.96(0.87-1.07) 0.97 (0.90-1.05)
40.849  Bronx County, NY 0.99(0.93-1.04) 1.03(0.97-1.09) 1.01 (0.97-1.06)
40.787  Essex County, NJ 0.98 (0.92-1.04) 1.01(0.95-1.07) 0.99 (0.95-1.04)
40.777  New York County, NY 0.99(0.94-1.05) 1.01(0.95-1.06) 1.00(0.96-1.04)
40.660 Union County, NJ 1.06(0.97-1.17) 0.94(0.86-1.04) 1.01(0.94-1.08)
40.635 Kings County, NY 0.99(0.93-1.06) 0.98 (0.92-1.05) 0.97 (0.93-1.02)
40.614 Lehigh County, PA 0.99(0.92-1.06) 1.00(0.93-1.08) 0.99 (0.94-1.04)
40.469 Allegheny County, PA 1.06(0.98-1.14) 0.96(0.89-1.04) 1.02 (0.97-1.08)
40.283 Mercer County, NJ 1.02(0.95-1.10) 1.00(0.93-1.08) 1.02 (0.97-1.08)
40.009 Philadelphia County, PA 1.01 (0.98-1.04) 0.97(0.94-1.00) 0.98 (0.96-1.00)
39.604 Washington County, MD 1.02(0.92-1.13) 1.03(0.93-1.15) 1.05(0.98-1.13)
39.576 New Castle County, DE 0.97 (0.91-1.04) 1.02(0.96-1.08) 0.99 (0.95-1.04)
39.300 Baltimore City, MD 0.99(0.92-1.07) 0.98 (0.91-1.06) 0.98 (0.93-1.03)
38.904 District of Columbia, DC 1.02(0.97-1.07) 0.98 (0.93-1.03) 1.00(0.96-1.03)
38.367 Wicomico County, MD 1.04(0.95-1.13) 0.97(0.89-1.06) 1.01(0.94-1.08)

Table S3-4. County-specific rate ratio (RR) and 95% confidence interval of hospital admission for 5°C
incremental increases in apparent temperature across (a) latitudes, north to south; (b) Lag 0 (same-day), (c) Lag 1
(one-day lag), and (d) cumulative lag (Lag 0-1). All category represents all patients within this sample population
for location.
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race_ethnicity
All

Asian

Hispanic

NH Black

NH White

Lag 0
1.05 (1.01-1.08)
1.42 (1.36-1.49)
1.46 (1.41-1.52)
1.02 (0.99-1.05)

0.99 (0.96-1.02)

Lag 1
0.98 (0.95-1.01)
0.55 (0.52-0.58)
0.81 (0.78-0.84)
0.98 (0.95-1.01)

1.03 (1.00-1.06)

Lag 0-1
1.02 (1.00-1.04)
0.78 (0.76-0.81)
1.18 (1.15-1.21)
1.00 (0.98-1.03)

1.01 (0.99-1.04)

Table S3-5. Subgroup rate ratio (RR) and 95% confidence interval of mortality for 5°C incremental increases in

apparent temperature across (a) race/ethnicity groups; (b) Lag 0 (same-day) , (c) Lag 1 (one-day lag), and (d)
cumulative lag (Lag 0-1). All category represents all patients within this sample population for race/ethnicity.
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race_ethnicity
All

Asian

Hispanic

NH Black

NH White

Lag0

1.00 (0.99-1.02)
1.03 (1.00-1.07)
0.98 (0.96-1.01)
1.01(0.99-1.02)

1.01 (0.99-1.03)

Lag1

0.99 (0.97-1.00)
0.95 (0.92-0.99)
1.00(0.97-1.02)
0.98 (0.97-1.00)

0.99 (0.97-1.01)

Lag 0-1

0.99 (0.98-1.00)
0.99 (0.96-1.01)
0.98 (0.96-1.00)
0.99 (0.98-1.00)

1.00(0.98-1.01)

Table S3-6. Subgroup rate ratio (RR) and 95% confidence interval of hospital admission for 5°C incremental
increases in apparent temperature across (a) race/ethnicity groups; (b) Lag 0 (same-day), (c) Lag 1 (one-day lag),

and (d) cumulative lag (Lag 0-1). All category represents all patients within this sample population for

race/ethnicity.
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comorbidity

All

Any

Any CVD
Cerebrovascular
CHF

COPD

Diabetes

IHD

Lag0

1.08 (1.06-1.10)
1.07 (1.04-1.11)
1.18 (1.12-1.25)
1.42 (1.29-1.55)
1.25(1.17-1.33)
1.05(0.97-1.14)
1.07 (1.04-1.11)

1.03 (0.96-1.09)

Lag1

0.96 (0.94-0.98)
0.96 (0.93-0.99)
0.92 (0.88-0.98)
0.60 (0.55-0.66)
1.04 (0.97-1.10)
0.97 (0.90-1.04)
0.96 (0.93-0.99)

0.86 (0.81-0.92)

Lag 0-1

1.03 (1.02-1.05)
1.03 (1.071-1.05)
1.09(1.06-1.13)
0.85 (0.80-0.90)
1.30(1.24-1.35)
1.01 (0.95-1.08)
1.03 (1.071-1.086)

0.89 (0.85-0.92)

Table S3-7. Subgroup rate ratio (RR) and 95% confidence interval of mortality for 5°C incremental increases in
apparent temperature across (a) comorbidity type; (b) Lag 0 (same-day) , (c) Lag 1 (one-day lag), and (d)
cumulative lag (Lag 0-1). All category represents all patients within this sample population; Any category
represents patients with any studied comorbidity; and Any CVD represents patients with any cardiovascular-
related comorbidities like CHF, IHD, and MI.
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comorbidity

All

Any

Any CVD
Cerebrovascular
CHF

COPD

Diabetes

HD

Lago
1.01 (1.00-1.03)
1.01 (1.00-1.03)

0.98 (0.94-1.01)

1.00 (0.95-1.04)

1.09 (1.02-1.1€)

1.01 (1.00-1.03)

0.92 (0.88-0.96)
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Lag1

0.99 (0.87-1

0.98 (0.57-1

0.87 (0.81-0.

0.99 (0.97-

1.10 {1.05-1

.00)

Table S3-8. Subgroup rate ratio (RR) and 95% confidence interval of hospital admission for 5°C incremental
increases in apparent temperature across (a) comorbidity type; (b) Lag 0 (same-day) , (c) Lag 1 (one-day lag), and
(d) cumulative lag (Lag 0-1). All category represents all patients within this sample population; Any category
represents patients with any studied comorbidity; and Any CVD represents patients with any cardiovascular-
related comorbidities like CHF, IHD, and MI.

Lag 0-1

1.00 (0.99-1.01)
1.00 (0.99-1.01)
0.97 (0.94-1.00)
1.24 (1.19-1.30)
0.24 (0.91-0.87)
0.95 (0.20-1.00)
1.00 (0.99-1.01)

1.017 (0.98-1.04)



Chapter 4 Supplemental materials

variable county mean sd min q1 med q3 max mad iqr cv  skewness se.skewness kurtosis
cmag_PM2.5 Allegheny County 7.62 468 0.69 4.66 6.8 952 53.07 3.51 4.87 0.61 278 0.07 16.8
Androscoggin County 7.06 594 0.18 3.46 568 919 110.63 39 573 0.84 495 0.05 5536
Baltimore City 11.19 592 0.88 6.95 10.04 14.25 45 54 516 7.29 053 1.43 0.05 35
Bronx County 6.8 495 024 3.97 6.01 8.47 68.32 3.29 45 073 438 0.05 3571
Caledonia County 6.74 497 068 412 594 833 68.32 3.08 421 0.74 4.86 0.07 4177
Cumberland County 8.51 6.37 0.29 4 41 715 1114 11727 47 6.72 0.75 419 0.05 46.62
District of Columbia 7.58 425 0.42 473 6.72 95 40.96 3.41 477 0.56 1.79 0.05 6.34
Erie County 7.51 4.48 1.06 4.75 6.73 9.08 50.56 3.27 4.33 0.6 3.04 0.08 18.8
Essex County 8.51 6.37 0.29 4 41 715 1114 11727 47 6.72 0.75 419 0.05 46.62
Hampden County 884 514 0.47 528 8 11.49 8298 4.49 6.2 058 2.46 0.05 21.09
Hartford County 853 506 0.45 4.95 7.67 11.18 79.98 4.42 6.23 059 232 0.05 189
Hillsborough County 7.1 587 013 36 593 923 100.79 3.95 563 083 5.06 0.05 5293
Kennebec County 6.36 561 0.11 3 509 821 9579 3.61 521 0.88 49 0.05 4837
Kent County 75 455 0.36 428 6.43 967 5883 3.78 537 0.61 1.99 0.05 10.72
Kings County 11.52 6.03 1.39 7.02 10.39 14.9 44 55 5.64 7.88 052 1.12 0.05 1.8
Lehigh County 975 58 027 553 8.65 12.73 52 81 523 72 06 1.29 0.05 297
Mercer County 9.03 472 1.08 573 823 11.32 6036 4.09 559 052 203 0.05 11.06
Monroe County 9.48 538 0.89 6.06 87 11.84 71.66 424 577 057 282 0.05 19.51
New Castle County 8.09 463 067 487 712 10.24 47 45 3.85 537 057 1.85 0.05 6.75
New Haven County 11.14 6.38 0.69 6.65 10.06 1436 10531 558 77 057 2.45 0.05 21.94
MNew York County 11.53 6.04 1.39 7.04 10.4 14.9 44 55 563 7.86 052 1.12 0.05 1.81
Morfolk County 722 492 052 426 6.42 913 110.55 3.563 487 068 597 0.05 9222
Philadelphia County 865 455 1.22 553 7.85 10.8 56.14 3.87 527 053 1.9 0.05 9.05
Rockingham County 10.62 7.01 1.06 6.14 953 13.46 12544 538 7.32 0.66 4.43 0.05 4878
Suffolk County 919 576 1.01 563 824 1.5 124 .58 419 588 063 557 0.05 80.39
Union County 9.21 517 0.94 5.61 8.26 11.81 71 4.43 6.2 0.56 2.31 0.08 15.33
Washington County 75 454 022 43 6.58 983 36.89 3.69 553 06 1.57 0.06 4 57
Wicomico County 6.94 533 0.61 3.99 579 8.4 128.82 3.04 4.4 077 921 0.06 183.28

Table S4-1. Summary statistics for average daily PM, s measurements derived from CWRF-CMAQ simulations by
county

131



variable  county mean sd min ql med q3 max mad iqr cv skewness se.skewness kurtosis

cmag_03 Allegheny County 57.65 7.62 3521 52 56 5724 6247 86.72 7.25 9.91 013 0.25 0.07 043
Androscoggin 57.46 13.25 22 51 479 553 6581 11209 1273 17.9 023 0.66 0.05 038
County
Baltimore City 69.71 16.89 27.02 5808 6804 7946 15498 1584 21.36 0.24 0.63 0.05 0.85
Bronx County 56.03 8.61 2872 50.09 5535 6141 92 56 8.41 11.31 0.15 0.37 0.05 0.35
Caledonia County 53.3 7.07 28.72 486 5317 57.88 76.19 6.81 927 013 0.11 0.07 0.31
Cumberland County  61.48 16.18 22 96 49 86 5875 7221 12293 16.3 2234 026 0.53 0.05 -0.02
District of Columbia  63.04 12.54 2926 5492 6177 69.8 130.49 10.9 14.86 02 0.76 0.05 1.63
Erie County 60.01 8.98 37.55 5415 585 6475 10898 7.96 10.61 015 1.12 0.08 276
Essex County 61.48 16.18 22 96 49 86 58.75 7221 12293 16.3 22 34 026 0.53 0.05 -0.02
Hampden County 66.58 16.48 2363 5449 6414 76.74 12881 1567 2224 025 0.59 0.05 0.19
Hartford County 68.75 17.85 2119 5561 66.05 8055 13269 18.07 24 94 0.26 0.48 0.05 -0.09
Hillsborough County  59.19 11.46 28.69 51.11 58.01 6619 11268 1111 15.07 019 0.67 0.05 1.07
Kennebec County 56.24 12.37 2429 47.39 5438 6401 10481 1181 16.62 022 0.65 0.05 0.39
Kent County 63.43 18.36 21.66 5058 61.26 7493 13448 18.01 243 029 0.46 0.05 -0.06
Kings County 70.75 26.87 17.68 5163 6502 8584 19116 2393 3418 0.38 0.98 0.05 1.15
Lehigh County 63.92 11.31 2523 5574 6292 7123 10993 1121 15.48 0.18 04 0.05 0.3
Mercer County 68.12 14.91 2617 5799 6747 7821 12235 1502 20.21 022 0.12 0.05 -0.09
Monroe Caounty 62.03 10.57 3567 545 6059 6832 10743 1011 13.82 017 0.59 0.05 0.34
Mew Castle County — 66.36 13.84 271 5739 6553 7494 12218 1319 17.55 0.21 0.24 0.05 0.31
Mew Haven County ~ 71.59 2404 2017 5364 6775 8716 19171 2362 33.49 0.34 0.66 0.05 0.26
MNew York County 71.02 26.91 17.68 518 6517 8597 19116 241 34.16 0.38 0.98 0.05 1.13
Morfolk County 63.6 15.59 21.51 52 91 61.78 7334 12087 1467 20.41 025 0.43 0.05 0.07
Philadelphia County ~ 65.9 13.64 27.38 5698 6495 7501 12314 1316 18.02 021 0.23 0.05 0.36
Rockingham County  62.47 15.11 19.71 51.92 6149 7.7 14233 1469 19.78 024 0.56 0.05 1
Suffolk County 62.54 15.56 19.02 51.78 61.8 7263 12804 1539 20.84 025 0.27 0.05 0.02
Union County 68.42 16 19.48 5739 6782 7925 12888 1623 21.84 023 0.14 0.05 -0.04
Washington County  56.9 8.2 3012 51.93 56.24  61.44 96.23 6.92 9.5 0.14 0.52 0.06 1.6
Wicomico County 5468 10.76 22.07 4755 5517 6203 90.72 10.43 14.44 02 -0.14 0.06 0.1

Table S4-2. Summary statistics for maximum daily 8-hour moving average O; measurements derived from
CWRF-CMAQ simulations by county
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Mean

Std.Dev

Min

Q1

Median

Q3

Max

MAD

IQR

cv

Skewness

SE.Skewness

Kurtosis

N.Valid

Pct.valid

Table S4-3. Side-by-side regional-scaled summary statistics for Air Quality System (AQS) derived ozone

03_AQsS

32.70

11.77

0.00

24.21

31.77

40.15

112.29

11.77

15.94

0.36

0.50

0.01

0.38

58697.00

83.84

03_CMAQ

63.41

16.40

17.68

52.48

60.99

72.14

191.71

14.17

19.66

0.26

1.03

0.01

2.63

61440.00

87.76

PM2.5_AQS

10.65

7.29

0.00

5.80

8.70

13.40

114.85

5.19

7.60

0.68

2.07

0.01

8.22

42058.00

60.08

PM2.5_CMAQ

8.64

5.67

0.1

4.87

7.51

11.09

128.82

4.43

6.22

0.66

3.23

0.01

32.55

61440.00

87.76

(O3_AQS), CWRF-CMAQ-derived ozone (03_CMAQ), AQS-derived PM, s (PM2.5_AQS), and CWRF-CMAQ-derived

PM,s (PM2.5_CMAQ)
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Daily PM2.5 vs O3 Estimates
CMAQ Correlation
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Figure S4-1. County-specific correlations for CWRF-CMAQ PMz.5 and O3 estimates.
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Figure S4-2. Aggregated northeastern correlation for CWRF-CMAQ PM:2s and O3 estimates.
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Figure S4-3. Aggregated northeastern correlation for PMa2.s between CWRF-CMAQ and AQS observations
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Figure S4-6. County-specific correlations for O3 between CWRF-CMAQ and AQS observations
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Chapter 5 Supplemental materials

Model 1:
unadjusted total
temperature
association

Model 2: adjusted
total temperature
association

Model 3: adjusted
direct temperature
association (pre5SEP)

Model 4: adjusted
direct temperature
association (IDWG %)

Model 5: adjusted direct
temperature association
(preSBP + IDWG%)

Daily Max Temp (Lag2)

preSEP (Lag2)
IDWG change (Lag2)
Age (yr)

Race /Ethnicity
Non-Hispanic Black
Asian

Hispanic

Non-Hispanic White
Other/Not Reported

1.075 (1.069-
1.081)

Blood Pressure Medication

No
Yes
Sex

Female

Male

1.075 (1.069-
1.080)

0.999 (0.994-1.003)

1.000

0.998 (0.687-1.451)
1.393 (1.105-
1.756)

1.083 (0.939-1.251)
0.943 (0.797-1.116)

1.000
1.051 (0.944-1.170)

1.000
0.884 (0.788-
0.992)

1.074 (1.068-1.080)
0.998 (0.9956-1.000)
0.998 (0.994-1.002)
1.000

1.004 (0.690-1.461)
1.401 (1.111-1.766)
1.080 (0.936-1.246)
0.941 (0.796-1.114)

1,000
1.058 (0.951-1.176)

1.000

0.880 (0.784-0.987)

1.075 (1.070-1.081)

1.048 (1.012-1.085)
0,999 (0,995-1.003)

1.000

0.957 (0.662-1.384)
1.376 (1.093-1.732)
1.081 (0.936-1.248)
0.954 (0.806-1.128)

1,000
1,059 (0.950-1.180)

1.000

0.876 (0.782-0.981)

1.075 (1.069-1.081)

0.998 (0.996-1.000)
1.051 (1.015-1.088)
0.999 (0.995-1.003)

1.000

0.961 (0.664-1.390)
1.384 (1.100-1.743)
1.077 (0.933-1.243)
0.952 (0.806-1.126)

1.000
1.068 (0.959-1.188)

1.000

0.871 (0.777-0.976)

Table S5-1. Hazard ratio (HR) and 95% confidence intervals for the association of daily maximum daily
temperature and all-cause hospital admissions (ACHA) based on Lag 2 discrete time model structure. Due to the
large number of categorical factors, treatment clinics associations were not reported. Bold indicates statistically
significant hazard ratio at p <0.05.
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Model 1:

Model 2: adjusted

Model 3: adjusted

Model 4: adjusted

Model 5: adjusted direct

unadjusted total . . L.
temperature total temperature direct temperature direct temperature temperature association
p, ) association association (preSBP)  association (IDWG %)  (preSBP + IDWG%)
association
1.069 (1.045- 1.071 (1.047-
i 2 - - -
Daily Max Temp (Lag2) 1.094) 1.096) 1.068 (1.044-1.093) 1.070 (1.045-1.095) 1.067 (1.042-1.092)
preSBP (Lag2) 0.989 (0.983-0.994) 0.989 (0.984-0.995)
IDWG change (Lag2) 0.927 (0.843-1.019) 0.944 (0.838-1.037)
1.034 (1.024-
Age (yr) 1 04-3][ 1.032 (1.022-1.041) 1.034 (1.024-1.043) 1.032 (1.022-1.041)
Race/Ethnicity
Non-Hispanic Black 1.000 1.000 1.000 1.000
Asian 1,128 (0.418-3.048) 1.200 (0.443-3.247) 1.194 (0.440-3.237) 1.249 (0.461-3.387)
Hispanic 1.516 (0.985-2,.334) 1.595 (1.034-2.460) 1.359 (1.011-2.404) 1.622 (1.051-2.503)

Non-Hispanic White

Other/Not Reported

Blood Pressure Medication

No
Tes

Sex
Female
Male

1.575 (1.182-
2.099)
0.769 (0.459-1.289)

1.000
0.493 (0.381-
0.638)

1.000
1.027 (0.807-1.307)

1.547 (1.159-2.063)
0.767 (0.459-1,282)

1.000

0.518 (0.400-0.671)

1.000
0.991 (0.778-1.261)

1.597 (1.197-2.130)
0.759 (0.453-1.271)

1.000

0.486 (0.375-0.629)

1.000
1.037 (0.815-1.319)

1.563 (1.171-2.085)
0.758 (0.453-1.269)

1.000

0.511 (0.395-0.661)

1.000
0.998 (0.784-1.271)

Table S5-2. Hazard ratio (HR) and 95% confidence intervals for the association of daily maximum daily

temperature and all-cause mortality (ACM) based on Lag 2 discrete time model structure. Due to the large number
of categorical factors, treatment clinics associations were not reported. Bold indicates statistically significant
hazard ratio at p <0.05.
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Model 1:
unadjusted total
temperature
association

Model 2: adjusted
total temperature
association

Model 3: adjusted
direct temperature
association (preSBP)

Model 4: adjusted
direct temperature
association (IDWG %)

Model 5: adjusted direct
temperature association

(preSBP + IDWG2%)

Daily Max Temp (Lagl)

pre5BP (Lagl)
IDWG change (Lagl)
Age (yr)
Race/Ethnicity
Non-Hispanic Black
Asian

Hispanic

Non-Hispanic White
Other/Not Reported

Blood Pressure Medication

No
Yes
Sex

Female

Male

1.083 (1.075-
1.090)

1.082 (1.075-
1.090))

0,999 (0,993-1.003)

1,000
0092 (0.682-1.442)
1.390 (1.104-
1.751)

1.077 (0.933-1.243)
0014 (0.772-1.082)

1.000
1.050 (0.943-1.168)

1,000
0.882 (0.787-
0.989)

1.082 (1.074-1.090)
0998 (0.996-1,000)
0099 (0,994-1,003)
1.000

0.997 (0.685-1.452)
1.399 (1.111-1.762)
1.074 (0.931-1.240)
1.074 (0.931-1.240)

1,000
1.058 (0.952-1.175)

1.000

0.878 (0.783-0.985)

1.084 (1.076-1.092)

1.071(1.040-1.104)
1.000 (0.995-1.004)

1.000

0.933 (0.646-1.348)
1.362 (1.084-1.711)
1.071(0.928-1.237)
0.927 (0.783-1.097)

1,000
1063 (0.955-1.184)

1.000

0.872 (0.779-0.976)

1.084 (1.076-1.092)

0.998 (0.995-1.000)
1.075 (1.043-1.107)
0.999 (0.995-1.003)

1.000

0.937 (0.647-1.356)
1.372 (1.092-1.723)
1.068 (0.925-1.232)
0.926 (0.783-1.095)

1.000
1.073 (0.965-1.194)

1.000

0.866 (0.773-0.970)

Table S5-3. Hazard ratio (HR) and 95% confidence intervals for the association of daily maximum daily
temperature and all-cause hospital admissions (ACHA) based on Lag 1 discrete-time model structure. Due to the
large number of categorical factors, treatment clinics associations were not reported. Bold indicates statistically
significant hazard ratio at p <0.05.
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Model 1:

Model 2: adjusted

Model 3: adjusted

Model 4: adjusted

Model 5: adjusted direct

unadjusted total . ) e
temperature total temperature direct temperature direct temperature temperature association
p, ) association association (preSBP)  association (IDWG %)  (preSBP + IDWG%)
association
1.086 (1.058- 1.089 (1.060-
Daily Max Temp (Lagl) 1 116][ 1 113][ 1.088 (1.059-1.118) 1.093 (1.063-1.123) 1.092 (1.062-1.122)
preSEP (Lagl) 0.997 (0.992-1.003) 0.996 (0.991-1.002)
IDWG change (Lagl) 1.179(1.093-1.272) 1.186 (1.100-1.280)
1.034 (1.025-
Age (yr) 1 04-4-][ 1.034 (1.024-1.043) 1.035 (1.026-1.0453) 1.034 (1.025-1.044)
Race/Ethnicity
Non-Hispanic Black 1.000 1.000 1.000 1.000
Asian 1,113 (0.412-3.007) 1.124 (0.416-3.037) 0.971 (0.358-2.634) 0.981 (0.362-2.635)
Hispanic 1.500 (0.975-2.308) 1.517 (0.986-2.333) 1.402 (0.909-2.162) 1.426 (0.926-2.198)

Non-Hispanic White

Other/Not Reported
Blood Pressure Medication
No

Tes

Sex
Female
Male

1.563 (1.173-
2.082)
0.769 (0.450-1,289)

1,000
0.500 (0.386-
0.647)

1.000
1.022 (0.803-1.300)

1.554 (1.165-2.073)
0.739 (0.440-1.239)

1.000

0.506 (0.391-0.655)

1.000
1.011 (0.795-1.286)

1.516 (1.136-2.022)
0.761 (0.433-1.279)

1.000

0.511 (0.394-0.663)

1.000
1.004 (0.789-1.277)

1.506 (1.130-2.0086)
0.764 (0.436-1.282)

1.000

0.521 (0.402-0.676)

1.000
0.988 (0.776-1.239)

Table S5-4. Hazard ratio (HR) and 95% confidence intervals for the association of daily maximum daily
temperature and all-cause mortality (ACM) based on Lag 1 discrete time model structure. Due to the large number
of categorical factors, treatment clinics associations were not reported. Bold indicates statistically significant
hazard ratio at p <0.05.
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Model 1: Model 2: Model 3: Model 4:

. Temperature, Temperature, Temperature,
Estimate Temperature and
confounders only confounders, and confounders, and confounders,
SBP IDWG IDWG, and SBP
Temperature 3 0.0719 0.0715 0.0728 0.0723
. _ 0.0004 (0.0000, -0.0009 (-0.0014, - -0.0005 (-0.0006,
Indirect Effect 0.0008) 0.0006) -0.0001)
Percent Mediated -- 0.58% -1.25% -0.65%

Table S5-5. Effect size estimates and bootstrap-generated two-sided 95% confidence intervals for mediation
effects of the association between daily maximum temperature and all-cause hospital admissions (ACHA) based
on Lag 2 discrete-time model structure. Bold indicates statistically significant estimate at p<-0.05
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Model 2: Model 3: Model 4:
Model 1:
. Temperature, Temperature, Temperature,
Estimate Temperature and
confounders onl confounders, and confounders, and confounders,
y SBP IDWG IDWG, and SBP
Temperature 8 0.0689 0.0658 0.0674 0.0648
Indirect Effect 3 0.0030 (0.0010, 0.0014 (0.0013, 0.0041 (0.0027,
hdirect hitec 0.0067) 0.0031) 0.0119)
Percent Mediated -- 4.41% 2.11% 5.97%

Table S5-6. Effect size estimates and bootstrap-generated two-sided 95% confidence intervals for mediation
effects of the association between daily maximum temperature and all-cause mortality (ACM) based on Lag 2
discrete-time model structure. Bold indicates statistically significant estimate at p<-0.05
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Model 1: Model 2: Model 3: Model 4:

. Temperature, Temperature, Temperature,
Estimate Temperature and

confounders only confounders, and confounders, and confounders,

SBP IDWG IDWG, and SBP
Temperature 3 0.0792 0.0787 0.0809 0.0803

Indirect Effect B 0.0006 (0.0005, -0.0017 (-0.0023, - -0.0011 (-0.0015,
hdirect bitec 0.0008) 0.0015) -0.0007)

Percent Mediated -- 0.69% -2.15% -1.39%

Table S5-7. Effect size estimates and bootstrap-generated two-sided 95% confidence intervals for mediation
effects of the association between daily maximum temperature and all-cause hospital admissions (ACHA) based
on Lag 1 discrete-time model structure. Bold indicates statistically significant estimate at p<-0.05
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Model 1: Model 2: Model 3: Model 4:

. Temperature, Temperature, Temperature,
Estimate Temperature and
confounders only confounders, and confounders, and confounders,
SBP IDWG IDWG, and SBP
Temperature 3 0.0849 0.0841 0.0887 0.0877
Indirect Effect 3 0.0008 (-0.0002, -0.0038 (-0.0051, - -0.0028 (-0.0037,
ndirect bitec 0.0024) 0.0010) -0.0015)
Percent Mediated -- 0.93% -4.51% -3.27%

Table S5-8. Estimates and bootstrap-generated two-sided 95% confidence intervals for mediation effects of the
association between daily maximum temperature and all-cause mortality (ACM) based on Lag 1 discrete-time
model structure. Bold indicates statistically significant estimate at p<-0.05
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Model 1: unadjusted Model 2: unadjusted  Model 3: adjusted Model 4: adjusted Model 5: adjusted preSEP +

preSBP-only [DWG-only preSEP-only [DWG-only [DWG-only
preSBP (Lag2) 0.998 (0.995-1.000) 0.997 (0.995-0.999) 0.997 (0.995-0.999)
IDWG change (Lag2) 1.024 (0.988-1.061) 1.022 (0.986-1.058) 1.027 (0.991-1.065)

Table S5-9. Hazard ratio and 95% confidence intervals for the association of blood pressure (preSBP) and inter-
dialytic weight gain (IDWGQG) percent change and all-cause hospital admissions (ACHA) based on Lag 2 discrete-
time model structure. Adjusted models include age, race/ethnicity, treatment location, sex, and blood pressure
medication use. Bold indicates statistically significant estimate at p<-0.05
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Model 1: unadjusted Model 2: unadjusted  Model 3: adjusted Model 4: adjusted Model 5: adjusted preSEP +

preSBP-only [IDWG-only preSBP-only IDWG-only IDWG-only
preSEP (Lag?2) 0.984 (0.979-0.990) 0.988 (0.982-0.993) 0.988 (0.982-0.994)
IDWG change (Lag2) 0.890 (0.796-0.985) 0.902 (0.804-0.999) 0.920 [0.835-1.014)

Table S5-10. Hazard ratio and 95% confidence intervals for the association of blood pressure (preSBP) and inter-
dialytic weight gain (IDWG) percent change and all-cause mortality (ACM) based on Lag 2 discrete-time model
structure. Adjusted models include age, race/ethnicity, treatment location, sex, and blood pressure medication use.
Bold indicates statistically significant estimate at p<0.05
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Model 1: unadjusted Model 2: unadjusted  Model 3: adjusted Model 4: adjusted Model 5: adjusted preSBP +

preSBP-only IDWG-only preSBP-only IDWG-only IDWG-only
preSEP (Lagl) 0.098 (0.995-1.000) 0.997 (0.995-0.999) 0.997 (0.995-0.999)
IDWG change (Lagl) 1.050 (1.018-1.081) 1.048 (1.017-1.078) 1.053 (1.022-1.084)

Table S5-11. Hazard ratio and 95% confidence intervals for the association of blood pressure (preSBP) and inter-
dialytic weight gain (IDWG) percent change and all-cause hospital admissions (ACHA) based on Lag 2 discrete-
time model structure. Adjusted models include age, race/ethnicity, treatment location, sex, and blood pressure
medication use. Bold indicates statistically significant estimate at p<0.05
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Model 1: unadjusted Model 2: unadjusted  Model 3: adjusted Model 4: adjusted Model 5: adjusted preSBP +

preSBP-only IDWG-only preSBP-only IDWG-only IDWG-only
preSBP (Lagl) 0.993 (0.987-0.998) 0.996 (0.991-1.002) 0.995 (0.990-1.001)
IDWG change (Lagl) 1.131 (1.054-1.209) 1.159 (1.082-1.237) 1.168 (1.091-1.245)

Table S5-12. Hazard ratio and 95% confidence intervals for the association of blood pressure (preSBP) and inter-
dialytic weight gain (IDWG) percent change and all-cause mortality (ACM) based on Lag 1 discrete-time model
structure. Adjusted models include age, race/ethnicity, treatment location, sex, and blood pressure medication use.
Bold indicates statistically significant estimate at p<0.05
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Figure S5-1. Directed acyclic graphs (DAGs) depicting mechanistic pathways between time-dependent extreme
heat event exposures (E), and IDWG change (M1) and preSBP (M2) mediators. Lag 2 (left) and Lag 1(right) DAGs
represents lag-specific pathways using t-2, t.1, and to variables. Variables denote two-day, one-day, and same-day
lags, respectively, that correspond to time-dependent measures before hospital admission or mortality events. Grey
arrow represents total effect pathway; Single blue arrow represents an indirect pathway operating through M.
Single green arrow represents an indirect pathway operating through Mz. And double orange arrows represent
combined indirect pathways operating through M1 and M.
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Figure S5-2. Combined pathway analysis of the association between daily maximum temperature and all-cause
hospital admissions (ACHA) and mediating paths for combined mediators based on Lag 2 discrete-time model
structure. For indirect paths: IDWG path is considered independent of preSBP, and preSBP indirect effect is
independent of IDWG, and IDWG + preSBP path is independent of IDWG and preSBP indirect effects. Direct
effects greater than 100% can occur when inconsistent mediation is present in one or more of the paths.
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Figure S5-3. Combined pathway analysis of the association between daily maximum temperature and all-cause
mortality (ACM) and mediating paths for combined mediators based on Lag 2 discrete-time model structure. For
indirect paths: IDWG path is considered independent of preSBP, and preSBP indirect effect is independent of
IDWG, and IDWG + preSBP path is independent of IDWG and preSBP indirect effects. Direct effects greater than
100% can occur when inconsistent mediation is present in one or more of the paths.
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Figure S5-4. Combined pathway analysis of the association between daily maximum temperature and all-cause
hospital admissions (ACHA) and mediating paths for combined mediators based on Lag 1 discrete-time model
structure. For indirect paths: IDWG path is considered independent of preSBP, and preSBP indirect effect is
independent of IDWG, and IDWG + preSBP path is independent of IDWG and preSBP indirect effects. Direct
effects greater than 100% can occur when inconsistent mediation is present in one or more of the paths.
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Figure S5-5. Combined pathway analysis of the association between daily maximum temperature and all-cause
mortality (ACM) and mediating paths for combined mediators based on Lag 1 discrete-time model structure. For
indirect paths: IDWG path is considered independent of preSBP, and preSBP indirect effect is independent of
IDWG, and IDWG + preSBP path is independent of IDWG and preSBP indirect effects. Direct effects greater than
100% can occur when inconsistent mediation is present in one or more of the paths.
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