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Abstract

Background Prescribed fires often have ecological benefits, but their environmental health risks have been infre-
quently studied. We investigated associations between residing near a prescribed fire, wildfire smoke exposure,
and heart failure (HF) patients'hospital utilization.

Methods We used electronic health records from January 2014 to December 2016 in a North Carolina hospital-based
cohort to determine HF diagnoses, primary residence, and hospital utilization. Using a cross-sectional study design,
we associated the prescribed fire occurrences within 1, 2, and 5 km of the patients’ primary residence with the num-
ber of hospital visits and 7- and 30-day readmissions. To compare prescribed fire associations with those observed

for wildfire smoke, we also associated zip code-level smoke density data designed to capture wildfire smoke emis-
sions with hospital utilization amongst HF patients. Quasi-Poisson regression models were used for the number

of hospital visits, while zero-inflated Poisson regression models were used for readmissions. All models were adjusted
for age, sex, race, and neighborhood socioeconomic status and included an offset for follow-up time. The results are
the percent change and the 95% confidence interval (Cl).

Results Associations between prescribed fire occurrences and hospital visits were generally null, with the few
associations observed being with prescribed fires within 5 and 2 km of the primary residence in the negative direc-
tion but not the more restrictive 1 km radius. However, exposure to medium or heavy smoke (primarily from wildfires)
at the zip code level was associated with both 7-day (8.5% increase; 95% Cl=1.5%, 16.0%) and 30-day readmissions
(5.4%; 95% Cl=2.3%, 8.5%), and to a lesser degree, hospital visits (1.5%; 95% Cl: 0.0%, 3.0%) matching previous studies.

Conclusions Area-level smoke exposure driven by wildfires is positively associated with hospital utilization
but not proximity to prescribed fires.
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Background

Climate change is projected to increase wildfire occur-
rence and severity [1-3]. One consequence of increased
wildfire activity is a decline in air quality, primarily from
smoke. Wildfire smoke is a complex mixture with fine
particulate matter (PM,;) as a primary pollutant [4—6],
and exposure to PM, ; is associated with increased mor-
bidity and mortality [7-9]. Conversely, reducing air pol-
lution, and PM, 5 specifically, can lower morbidity and
mortality, particularly related to cardiovascular disease
[10-15]. Critical reviews of the health effects of wildfire
smoke exposure provided evidence of consistent positive
associations between wildfire smoke exposure and res-
piratory morbidity and all-cause mortality [2, 16].

Prescribed fires can be used to try and reduce the size,
frequency, and severity of wildfires [17-19], a practice
that is increasing [20]. Prescribed fires may also have
ecological benefits like natural hazards regulation, polli-
nation, and pest and disease control [21] that can moti-
vate their usage in communities. However, prescribed
fires also release smoke into the atmosphere, though in
much smaller quantities than wildfires, primarily due to
their smaller size [22]. Despite the smaller size of pre-
scribed fires than wildfires, a study of two states in the
southeastern United States (Florida and Georgia) found
that prescribed fires were a primary source of air pollu-
tion and explained up to 50% of the variability in daily
PM ,; concentrations [23]. Prescribed fires may also
have a disproportionate impact on socially vulnerable
populations in the United States [24, 25], presenting a
possible environmental justice issue. Although health
effects from prescribed fire smoke are potentially a con-
cern for vulnerable populations, there is a lack of studies
investigating the associations between health effects and
repeated prescribed fire exposures in clinically vulnerable
individuals.

Heart failure is one of the most severe cardiovascu-
lar diseases. An estimated 6.0 million individuals in the
US >20 years old have heart failure, which is projected to
increase to 8.0 million individuals by 2030, partially due
to an aging population [26, 27]. People with heart fail-
ure are at higher risk of health complications associated
with air pollution than the general population [28, 29].
Previous studies have, in particular, shown elevated risks
of readmissions and hospital visits among HF patients
exposed to elevated concentrations of PM, . [30] and
ozone [31]. In a study in the southeastern United States,
associations between air pollution and hospitalization
among HF patients were stronger than those with other
cardiovascular diseases, highlighting the unique vulner-
ability of HF patients to air pollution exposure [31].

This study aims to evaluate the health effects associated
with prescribed fire occurrences and smoke exposure
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from wildfires among heart failure (HF) patients. We
used the Environmental Protection Agency Clinical and
Archived Records Research for Environmental Studies
(EPA CARES) for this study.

Methods

Study cohort

EPA CARES is an electronic health record (EHR)
resource that merges EHRs from the University of
North Carolina Healthcare System with environmental
exposures [30, 32, 33]. The EPA CARES resource has
previously been used to study HF patients’ environmen-
tal health risks [30, 32, 33] but has not been used before
to examine the potential impacts of proximity to pre-
scribed fires or exposure to wildfire smoke. HF patients
in the EPA CARES resource had a recorded HF diagno-
sis at a hospital or clinic affiliated with the University of
North Carolina Healthcare System (UNCHCS) between
July 1, 2004, and December 31, 2016. The study cohort
for this analysis was restricted to patient observations
recorded between January 1, 2014, and December
31, 2016, as the prescribed fire data covered only this
period. As in previous analyses, HF was defined accord-
ing to the International Classification of Diseases, Ninth
Revision (ICD-9) codes 428.x and the International
Classification of Diseases, Tenth Revision (ICD-10)
codes 150.x [32] based on diagnoses recorded in the
electronic health record. Individuals were then linked to
demographics, address history, hospital and state death
records, and hospital visits data (including inpatient,
outpatient, and emergency room visits) as recorded
in their EHR. We focused on hospital utilization inde-
pendent of cause as this is the broadest possible cap-
ture of hospital visits, admissions, and readmissions.
While the vast majority of these will be for HF, given the
severity of the disease, air pollution exposure has broad
impacts on multiple organ systems and thus may con-
tribute to a variety of hospitalizations — including those
outside of the commonly studied cardiovascular and
pulmonary domains. Additionally, the EHR data did not
specifically detail primary and/or secondary reasons for
visits which can make it difficult to conclusively deter-
mine a reason, particularly in a patient population with
a high prevalence of co-morbidities such as HF patients.
Smoking status was missing from 6.3% of the cohort,
thus it was not included in the models. However, a
sensitivity analysis was performed where smoking sta-
tus was imputed using multiple imputation chained
equations as implemented in the mice package in R as
done in previous analyses of this patient data [30, 33].
Addresses were considered successfully geocoded at the
zip code level, and 99.9% of addresses met this criterion
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[32]. As with previous studies using the EPA CARES
resource, we restricted the study to participants who
resided in North Carolina.

Prescribed fire data

Prescribed fire locations and areas used in this study are
based on U.S. EPA’s 2014—2016 version 7 air emissions
modeling platforms (2014v7.1 [34], 2015v7.1 [35], and
2016v7.2 [36]). The platforms’ fire data was derived from
fire emissions inventory tools and national, state, and
tribal agencies databases, including the National Oce-
anic and Atmospheric Administration’s Hazard Mapping
System, the Monitoring Trends in Burn Severity (MTBS)
fire products, and fire data compiled by the North Caro-
lina Department of Environmental Quality. The Satellite
Mapping Automated Reanalysis Tool for Fire Incident
Reconciliation version 2 (SMARTFIRE2) was used to rec-
oncile these multiple sources of space-borne and ground-
based fire information into daily geolocated fires and
areas burned.

Prescribed fires have been shown to generate elevated
air pollution (PM,;) concentrations up to 9 km from
their location, with the highest concentrations occurring
within ~500m [37], and the impacted area around a pre-
scribed fire can vary based on location and other condi-
tions [25]. The prescribed fire data for this study did not
include estimates of PM, ; generated, thus based on previ-
ous studies, we linked participants with all prescribed fires
that occurred within 5 km of their primary residence as
determined by their EHRs. Address changes were dated,
allowing us to follow individuals over time even when they
changed residences. For our exposures, we examined the
number of prescribed fire occurrences within 5 km, 2 km,
and 1 km of the patients’ primary residence as this was
likely to capture both local (1 & 2 km) and broad area-level
(5 km) effects of prescribed fires. While some studies have
noted that elevated PM, 5 can be detected beyond 5km of
a prescribed fire, this would only be associated with larger,
less frequent prescribed fires which are also less likely to
occur near populated areas. Given the size of most pre-
scribed fires, we considered a 5 km cutoff a reasonable
maximum distance for this analysis. As stated before, our
exposure metric for prescribed fires was the number of
prescribed fires within each radius, as we did not have
access to measured or modeled estimates of air pollution
from the prescribed fires. Thus, while our exposure is a
proxy for air pollution due to the prescribed fire, it may
also capture the ecological effects of prescribed fires that
currently have unknown health effects, if any.

Smoke density
We also examined smoke density data (which is primarily
generated by wildfires) separate from the prescribed fire
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data. We did this to compare health effects from resid-
ing near the occurrence of prescribed fires (which has
not been evaluated for associations with hospital visits
or readmissions) to those from wildfire smoke exposure
which has been repeatedly associated with hospitaliza-
tions [38—40]. Daily smoke density data from January
2014 to December 2016 were acquired from the National
Oceanic and Atmospheric Administration’s Hazard Map-
ping System (NOAA HMS) [41], which was designed
to capture wildfire smoke. Smoke exposure days were
assigned to individuals based on their zip code tabula-
tion area (ZCTA) of residence. Population centroids
within the US Census ZCTAs were intersected with HMS
data to obtain smoke densities at the ZCTA level. HMS
smoke density is derived from a combination of obser-
vations from the Geostationary Operational Environ-
mental Satellites (GOES) and polar satellites. The HMS
smoke product (HMS Smoke) combines data from sat-
ellite observations and NOAA expert image analysts to
define potential light, medium, and heavy smoke plumes,
representing appropriate smoke concentrations between
0-10, 10-21, and 21-32 pg/m? respectively. HMS smoke
density data is designed to detect large area smoke from
wildfires and not prescribed fire smoke, although some
prescribed fire smoke may be captured within the data.

Statistical analysis

We used a cross-sectional study design to assess repeated
exposure to common events which have been understud-
ied for prescribed fires and wildfire smoke exposure —
as opposed to the short-term impacts as might be done
using a case-crossover approach. We did not have enough
data for a longer-term prospective analysis. The out-
comes considered were total hospital visits and 7-day and
30-day readmissions, with x-day readmissions defined as
an inpatient admission occurring within x days of dis-
charge from a prior inpatient hospitalization identical
to previous definitions used [30, 33]. Total hospital visits
included outpatient as well as inpatient and emergency
room visits, and thus broadly capture hospital utilization
which follows previous publications [30, 33]. Associa-
tions with hospital visits and readmissions were modeled
using quasi-Poisson regression (hospital visits) and zero-
inflated Poisson regression (readmissions) models.

We utilized an identical confounder adjustment for
total hospital visits and readmissions. We used demo-
graphic data from the hospital records and socioeco-
nomic data from the 2010 US Census Data to adjust for
age at HF diagnosis, sex, race, and the following 2010
census block group variables: percent urban, percent of
households below the federal poverty line, percent of
individuals with a high school education or more, per-
cent unemployed, median household value, and percent
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of individuals on public assistance. Confounders were
chosen a priori based on previous analysis of air quality
and hospitalizations examining this patient cohort [30,
33]. To improve convergence, all continuous confound-
ers were standardized to have a zero mean and a standard
deviation of one. Socioeconomic data were taken from
the US census as this data, e.g., income or poverty status,
is not recorded within the electronic health record. While
insurance status is occasionally extracted from EHRs as
a proxy for individual-level socioeconomic status, the
older age of our cohort meant that most individuals used
Medicare as their primary insurer, substantially decreas-
ing insurance as a proxy for socioeconomic status in this
data. All models included an offset of log-transformed
follow-up time which accounted for not all study par-
ticipants being in the study for the entire 3-year period
(some study participants were diagnosed with HF after
Jan 1, 2014, and others died before the study ended).

Only a minority of patients have a readmission causing
an excess of Os in the readmission distribution compared
to what would be expected in a Poisson distribution.
Thus, as stated before, we utilized a zero-inflated Poisson
model, as implemented in the psc/ R package [42, 43],
to model the outcome. The confounder adjustment for
the zero-inflated Poisson model remained the same as
detailed above (including the log follow-up time offset),
and the excess zeroes were modeled using an intercept-
only model identical to the modeling approach taken in
previous analyses of readmissions in this cohort [30].
As previously mentioned, our prescribed fire exposures
were the number of prescribed fire occurrences within
1 km, 2 km, and 5 km of a patient’s primary address. For
smoke density data, exposures were the number of total
smoke days and the number of light, medium, heavy, and
medium or heavy smoke days to capture smoke concen-
tration-dependent health effects. We combined medium
and heavy smoke days, given the relative rarity of each of
them. Each exposure was evaluated in a separate model.
We removed patients with Tukey outliers for total visits
using the interquartile range (IQR) score (third quar-
tile+1.5*IQR) as done for previous analyses [32]. There
were no lower limit Tukey outliers as that value was
negative, and one cannot have negative visits or readmis-
sions. Also, as done in previous analyses of this cohort,
we removed outliers for 7- and 30-day readmissions
by examining the distribution of the readmissions and
decided to consider 7-day readmission observations>4
and 30-day readmission observations>7 as outliers
(Figs. S-1 and S-2).

We conducted several sensitivity analyses for this
study. To examine sensitivity to geocoding precision, we
ran analyses restricted to individuals with street-level
geocoding. We examined associations after restricting

Page 4 of 11

to individuals with age<100, limiting age recording
errors. We imputed missing smoking status data using
multiple-imputation chained equations implemented in
the mice package in R and pooled the five imputations
to obtain an overall estimate [44]. For the imputation
analyses, we performed five imputations of the data and
then pooled the imputations and used the confounder
adjustment described previously. We also examined
associations without outliers removed to examine their
influence on the observed associations. We also evalu-
ated PM, ; on the day of the prescribed fire as a second-
ary outcome using the same confounder adjustment
model as before and using daily PM, ;. models validated
for the study area and utilized in previous analyses of
this study population [30, 33]. Finally, we examined
associations after restricting to patients with only one
recorded address over the study to limit potential expo-
sure misclassification related to errors such as incor-
rect recording of dates of address changes. Results from
all analyses are presented as the percent change in the
number of hospital admissions or readmissions and
associated 95% confidence interval (CI).

Results

The study population was comprised of 8,495 partici-
pants. Participants were aged 20-116 at the time of
their HF diagnosis (mean age 70.9 + 14.2 years). Table 1
shows the clinical covariates for these study participants.
The study population was primarily white (63.5%) and
roughly equivalent for sex (female 51%). Over 60% lived
in urban areas, while 70.5% were within 5 km of at least
one prescribed fire, 20.2% were within 2 km, and 5.5%
were within 1 km of a prescribed fire.

Geographic distribution of prescribed fires and smoke
density

Most prescribed fires in North Carolina are conducted
in the south-central area of the state, which coincides
with the presence of large military bases, as well as in the
western and eastern regions (Fig. 1).

Military bases perform prescribed fires for several rea-
sons, including reducing the risk of wildfires caused by
artillery and range training [45, 46]. While a high num-
ber of fires are concentrated in a few distinct ZCTAs, the
number of smoke days across the state based on smoke
data from HMS varies significantly (Fig. 2).

Most light smoke days occurred in the south-central
part of North Carolina and the state’s western and east-
ern regions (Fig. 2). The spatial distribution of total
smoke days is similar to light smoke days since 90% of
smoke days were from light smoke. Medium smoke days
were primarily distributed in the northern and west-
ern regions of the state, while the heaviest smoke days
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Table 1 Study cohort description including prescribed fire
occurrence, smoke exposure, total visits, and readmissions for
study participants

Covariates, N=28,495 Mean SD IQR
Age (y) 70.9 14.2 62.0—82.0
Urbanicity (%) 619 42 10.1—100.0
Poverty (%) 173 14.6 6.5—244
High school or more education 85 11.6 782-942
(%)
Unemployed (%) 10.2 75 51-136
Median household value ($) 185972 106814 109 900 - 230 600
Public assistance (%) 19 3 00-28

N %
White 5398 63.5
Black 2420 285
Other 677 8
Male 4166 49
Female 4329 51

Within 1 km of a prescribed fire 469 55

Within 2 km of a prescribed fire 1715 202
Within 5 km of a prescribed fire 5992 70.5
Prescribed Fire and Smoke Day Statistics 2014-2016

Median Mean  Max
Prescribed fires within 1 km 0 0.06 5
Prescribed fires within 2 km 0 03 7
Prescribed fires within 5 km 1 19 13
Light smoke days 32 36.2 168
Medium smoke days 2 24 14
Heavy smoke days 1 1.2 10
Medium +heavy smoke days 3 36 20
Total smoke days 35 378 188
Hospital Visits and Readmissions Statistics

Median Mean  Max
Total hospital visits 5 83 37
7-day readmissions 0 0.1 4
30-day readmissions 0 04 7

Units for measurement for continuous variables are in parentheses

SD Standard deviation, /QR Interquartile range

occurred in the southeast and west. In the summer of
2016, drought conditions led to a very active fall fire sea-
son in western North Carolina and neighboring states
[47]. These wildfires likely account for the high number
of medium and heavy smoke days in western ZCTAs. The
smoke data from HMS revealed 23,243 zip-smoke days
between 2014—2016 in North Carolina.

The total number of prescribed fires recorded in the
state during this period was 5,840. Only 575 prescribed
fires (9.8%) occurred on the same date and zip code as a
smoke day (light, medium, or heavy) recorded in HMS
(Fig. 3). This suggests that prescribed fires rarely (if ever)
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generate sufficient smoke to be captured by HMS, as the
low frequency of co-occurrence could be random chance.
The lack of intersection between smoke days recorded
in HMS and prescribed fire occurrence reflects both the
design of HMS (which uses satellites with a resolution
ranging from 375m to 2km) and the small size of pre-
scribed fires (median acres burned = 34).

Associations with prescribed fires
For prescribed fire occurrences, we observed inverse
associations with total hospital visits for an additional
prescribed fire within 5 km (2.6% decrease per addi-
tional prescribed fire; 95% CI=-4.1%, -1.1%) and within
2 km (6.0% decrease per additional prescribed fire; 95%
CI=-10.4%, -1.6; Table 2). For prescribed fires within
1 km, the association was still negative in direction but
with a wide confidence interval fully encompassing the
null. There was no association between proximity to pre-
scribed fires and 7-day readmissions and at best weak evi-
dence for a positive association between prescribed fires
within 5 km and 30-day readmissions (3.2% increase per
additional prescribed fire; 95% CI=-0.4%, 7.1%; Table 2).
Associations with prescribed fires were generally
unchanged under the sensitivity analyses described in
the Methods. The main exception was when includ-
ing observations initially identified as outliers and when
restricting to patients who did not move during the study
period. Under these sensitivity analyses, the direction of
association with 30-day readmissions was reversed for
all prescribed fire radii examined (Table S-1), but this
effect was not consistently observed across outcomes. As
mentioned in the Methods we also examine associations
between the selected outcomes and PM,  on the day of
each prescribed fire. These models only included PM, -
as the exposure. For total visits the association between
a 1 ug/m3 increase in PM, ; was 0.5% (95% CI=0.2, 0.8),
the association with 7-day readmissions was -1.55% (95%
CI=-3.0, -0.1), and the association with 30-day readmis-
sions was -0.1% (95% CI=-0.8, 0.6). However, these asso-
ciations account for only a part of the complete PM, -
data available (that which intersects with the 2014-2016
study time period). For a more complete and prospective
analysis of associations between PM,. and these out-
comes which covers a longer time period with a larger
sample size please see our previously published works on
this PM, - exposure and hospital utilization among indi-
viduals with HF [30, 33].

Smoke exposure

As described in the Methods, smoke presence data
from the NOAA HMS system was employed as a met-
ric to capture smoke exposure from larger fires, gener-
ally wildfires. The strongest associations with smoke
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Smoke product between 2014-2016 by ZIP code tabulation area (ZCTA)

days were observed for 30-day readmissions. There was
a 0.6% (95% CI=0.3%, 0.9%) increase in 30-day readmis-
sions with each additional smoke day. For light smoke
days, the association was 0.5% (95% CI=0.2%, 0.9%), and
for medium smoke days, the association was 6.5% (95%
CI=2.3%, 10.8%) increase in 30-day readmission. Heavy
smoke days had the largest magnitude of any associations
examined, with a 17.8% increase in 30-day readmissions

per additional heavy smoke day (95% CI=5.8%, 31.2%).
When combining medium and heavy smoke days, we
observed associations that mirrored those observed for
medium smoke days alone, with a 5.4% (95% CI=2.3%,
8.5%) increase in 30-day readmissions per additional
medium or heavy smoke day (Table 3).

In contrast to 30-day readmissions, associations were
weaker for 7-day readmissions, where the primary
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Table 2 Models for prescribed fire
visits and readmissions

associations with hospital

Outcome Exposure Associated 95% Cl (%)
Changein
Outcome (%)
Total hospital visits Fire counts (1 km) -5.8 -15.3,4.2
Total hospital visits Fire counts (2 km) -6.0 -104,-16
Total hospital visits Fire counts (5 km) -2.6 -4.1,-1.1
7-day readmissions  Fire counts (1 km) -2.1 -35.7,49.0
7-day readmissions  Fire counts (2 km) -7.9 -26.9,16.3
7-day readmissions  Fire counts (5 km) -1.8 -84,55
30-day readmissions  Fire counts (1 km) 5.5 -154,31.7
30-day readmissions  Fire counts (2 km) -2.6 -136,98
30-day readmissions  Fire counts (5 km) 3.2 -04,7.1

Cl Confidence interval

associations observed were with total smoke days (0.9%
increase per additional smoke day; 95% CI=0.2%,
1.6%) and medium or heavy smoke days (8.5% increase
per additional medium or heavy smoke day; 95%
CI=1.5%, 16.0%). Neither medium nor heavy smoke
days showed the same strength of association as the
combined category (Table 3). For total hospital visits,
there was evidence of a positive association for heavy
smoke days (5.4% increase per additional heavy smoke
day; 95% CI=-0.4%, 11.4%) and medium smoke days
(1.7% increase per additional medium smoke day; 95%
CI=-0.2%, 3.6%). The combined medium or heavy
smoke days mirrored associations with medium smoke
days for total visits; no association was seen for light
smoke days or total smoke days (Table 3).

In a broad range of sensitivity analyses, associations
between smoke days and 30-day readmissions were sta-
ble for medium or heavy smoke days and total smoke
days (Table S-2). For other exposures, associations with
30-day readmissions were reduced for individuals who

did not move, and associations with heavy smoke days
were attenuated when restricted to patients less than 100
years old, causing the removal of 29 individuals listed
age>100 at the time of HF diagnosis. As associations
with total hospital visits and 7-day readmissions were
weaker than those observed for 30-day readmissions,
we are more cautious not to over-interpret associations
seen in isolated sensitivity analyses. For 7-day readmis-
sions, associations with total smoke days and combined
medium or heavy smoke days were stable in all sensitiv-
ity analyses except for attenuated associations observed
with outliers retained. Associations with light smoke days
and medium smoke days were strengthened when imput-
ing smoking status, and associations with medium smoke
days increased when restricted to patients less than 100
years old. For total visits, sensitivity analyses consistently
showed weak to no associations. The exception was when
not removing outliers, where associations were observed
for heavy smoke days and medium or heavy smoke days
(Table S-2). However, given the weak initial associations
and the limited number of outliers, these associations are
less likely to be reproducible.

Discussion

Study findings show a negative or no association between
hospital utilization and prescribed fire exposures. What
associations were observed for prescribed fires were only
seen for the larger radii, e.g., fires within 2 and 5 km of a
primary residence, but not for those within 1 km of the
primary residence, and not for all outcomes examained.
The limited associations with prescribed fires, not seen
for the most proximal exposures, were also in the opposite
direction of what would be expected. This could be driven
by factors correlated with prescribed fire occurrence out-
side of smoke exposure, such as ecological changes or cor-
related land management practices which we lacked the
data to explore. In contrast, smoke exposure related to
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Table 3 Models of association between varying levels of smoke exposure and hospital visits and readmissions
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Outcome Exposure Associated Change in Outcome (%) 95% Cl (%)
Total hospital visits Light smoke days 0.0 -0.2,0.2
Total hospital visits Medium smoke days 1.7 -0.2,36
Total hospital visits Heavy smoke days 54 -04,114
Total hospital visits Med +heavy smoke days 1.5 00,30
Total hospital visits Total smoke days 0.1 -0.1,0.2
7-day readmissions Light smoke days 04 -0.2,1.5
7-day readmissions Medium smoke days 8.1 -1.5,185
7-day readmissions Heavy smoke days 214 -7.0,583
7-day readmissions Med +heavy smoke days 8.5 1.5,16.0
7-day readmissions Total smoke days 09 02,16
30-day readmissions Light smoke days 0.5 0.2,09
30-day readmissions Medium smoke days 6.5 23,108
30-day readmissions Heavy smoke days 17.8 58,312
30-day readmissions Med +heavy smoke days 54 23,85
30-day readmissions Total smoke days 0.6 03,09

Cl Confidence interval

wildfires was positively associated with 30-day readmis-
sions and, to a lesser degree, total hospital visits and 7-day
readmissions. Additionally, we observed a concentration-
dependent response, with heavier smoke days being more
strongly associated with 30-day readmissions. Examining
these associations among HF patients lends a unique but
essential view, as HF patients are a particularly vulner-
able subset of the community with elevated environmen-
tal health risks [31, 32, 48]. Additionally, HF prevalence is
growing in the United States due to the aging of the pop-
ulation and the increase in HF risk factors [26, 49]. This
makes studies of HF patients of particular public health
importance as we seek to understand the unique environ-
mental health risks faced by the most vulnerable commu-
nity members.

Our observation of an association between smoke
exposure and an increase in hospital readmissions indi-
cates that long-term smoke exposure is a health risk to
HF patients (Table 3). Though this result is expected,
given the elevated environmental sensitivity of HF
patients and the known links between smoke exposure
and health, it is still important to quantify these health
effects for HF patients and compare them with other
published associations. A study of smoke exposure in
the Western U.S. found that exposure to wildfire-specific
PM, ; (>37 pg/m?) for at least two consecutive days was
associated with a 7.2% increase in respiratory admissions
among Medicare beneficiaries [50]. This association is
comparable to the associations observed in this study for
medium and medium +heavy smoke days (Table 3). The
smoke exposures in our study likely come from a com-
bination of local wildfires and long-range transport. The

NOAA HMS system does not allow for tracking where
the smoke originated from. However, previous studies
have highlighted that smoke exposure is associated with
increased readmission and mortality risks even when
transported over long distances [51].

Despite the widespread usage of prescribed fires, few
studies have examined prescribed fires’ health impacts.
One study showed that prescribed fires are associated
with increased emergency room visits in asthma patients
[52]. A 2021 study estimated that prescribed fire burning
in Georgia increased the annual average PM, ; by 0.9 pg/
m? in 2016. By linking modeled PM, 5 with established
concentration—response functions, researchers showed
that PM, 5 from prescribed fires would be projected to
increase emergency department visits and mortality [25].
In our study, prescribed fire occurrences were not associ-
ated with increased hospital visits or readmissions among
HF patients (Table 2). The associations were generally
inverse, not observed for the most proximal prescribed
fires (those within 1 km), and not robust in sensitivity
analyses. While this study did not specifically examine
estimates of smoke or PM, ; from prescribed fires, it is
the first to examine prescribed fire occurrence frequency
in association with health outcomes in the community
using both individual-level health and residential data
and precise estimates of prescribed fire dates and loca-
tion. This study is also the first to examine prescribed fire
health effects in individuals with cardiovascular disease
who have increased environmental health risks. Previ-
ous studies of prescribed fires using individual-level data
have focused on occupational exposures experienced
by firefighters, which would differ substantially from
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community exposures [53-55]. These studies, involv-
ing much greater exposure than the larger community
would experience, showed increased inflammation and
decreased lung function in association with occupational
exposures to prescribed fires.

Given the advanced age (mean age equal to 70 years)
and overall modest size of our study population, we did
not stratify by age to investigate increased vulnerabil-
ity for older individuals. Future research should address
the overlapping areas of vulnerability (age, socioeco-
nomic, clinical) which may heighten health risks related
to smoke exposure. A study examining geographic and
social vulnerabilities observed increased vulnerability
among women and black participants [56]. However, this
study did not examine clinical vulnerabilities, leaving this
question unaddressed.

A limitation of this study is that it uses a cross-sectional
approach which was necessitated by the limited period of
exposure data. While the cross-sectional design allowed
us to use all available exposure data to determine the
spatial patterning of prescribed fire occurrence it comes
with the limitation that some prescribed fires would have
occurred after the hospital visits and hospitalizations for
some individuals. This tradeoff between prospectively
assessed outcomes (e.g., outcome strictly follows expo-
sure in time) versus improved exposure assessment is
often at the core of cross-sectional designs and is why
cross-sectional designs cannot exclude reverse causa-
tion, making casual interpretations of results difficult.
Thus, the generalizability of this study in part hinges on
the spatial patterning of prescribed fires being relatively
constant over time in North Carolina. Future studies
with more extensive exposure and outcome data should
seek to apply study designs robust to reverse causation.
Despite this limitation this study does focus on a popula-
tion highly sensitive to poor air quality and utilizes EHRs
to capture all hospital visits, and both 7 and 30-day read-
missions giving a broad picture of hospital utilization in
association with prescribed fire occurrences and smoke
exposure.

Another limitation of this study is that we only used a
single hospital system with limited capture of individual-
level socioeconomic status. The lack of individual-level
socioeconomic status variables (e.g., income) is a fac-
tor faced by all EHR studies. As done here, it is typically
addressed by incorporating area-level socioeconomic sta-
tus indicators. Using a single hospital system might limit
generalizability to a broader population. However, this
and previous studies based on this patient population
have shown concordance with patient populations across
the U.S., suggesting the results may generalize beyond a
single hospital system [30, 32, 33].
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Another limitation is that we did not have direct meas-
ures of smoke emitted by prescribed fires. While the pollu-
tion concentration increases with proximity to prescribed
fires, the occurrence of prescribed fires is only a proxy for
pollution exposure and potential longer-term ecological
benefits. Future studies should incorporate more direct
measurements of smoke exposure, possibly using mobile
monitoring at both residences and near the prescribed
fires to accurately assess the emitted pollutants. Never-
theless, we believe that the occurrence of prescribed fires
nearby to the primary residence is a critical exposure met-
ric with the potential to inform both community members
and policymakers in charge of prescribed fire programs on
the potential health impacts of this land management tool.

Conclusions

In conclusion, we observed substantial health effects
from smoke exposure associated with wildfires among
HF patients. Similar associations were not observed for
local prescribed fire occurrences, suggesting that pre-
scribed fires, as implemented during the study time
frame, may not contribute to health effects among HF
patients in the same manner as wildfire smoke exposure.
Future studies should continue to explore smoke-related
health risks in vulnerable populations while examining
prescribed fire programs for evidence of health effects.

Abbreviations

a Confidence Interval
EHR Electronic Health Record
EPA CARES Environmental Protection Agency Clinical and Archived Records

Research for Environmental Studies
GOES Geostationary Operational Environmental Satellites
HF Heart Failure

ICD-9 The International Classification of Diseases, Ninth Revision

ICD-10 The International Classification of Diseases, Tenth Revision

IQR Interquartile Range

IRB Institutional Review Board

MTBS Monitoring Trends in Burn Severity

NOAA HMS National Oceanic and Atmospheric Administration’s Hazard
Mapping System

PM, 5 Fine Particulate Matter

R R statistical computing software

SD Standard Deviation

SMARTFIRE2  Satellite Mapping Automated Reanalysis Tool for Fire Incident
Reconciliation version 2

UNCHCS University of North Carolina Healthcare System

ZCTA Zip Code Tabulation Area

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512940-023-01032-4.

Additional file 1: Figure S-1. Histogram of 7-day readmissions. This
histogram was used to remove the outlying observations for number of
7-day readmissions.



https://doi.org/10.1186/s12940-023-01032-4
https://doi.org/10.1186/s12940-023-01032-4

Raab et al. Environmental Health (2023) 22:86

Additional file 2: Figure S-2. Histogram of 30-day readmissions. This
histogram was used to remove the outlying observations for the number
of 30-day readmissions.

Additional file 3: Table S-1. Sensitivity analyses for associations between
prescribed fires and hospital visits and readmissions.

Additional file 4: Table S-2. Sensitivity analyses for associations between
smoke exposure and hospital visits and readmissions.

Additional file 5.
Additional file 6.

Acknowledgements
Not applicable.

Authors’ contributions

Henry Raab, Cavin Ward-Caviness, and Fernando Garcia Menendez wrote the
main manuscript text. Henry Raab prepared all figures and tables. Joshua
Moyer managed the database and retrieved all of the health data and helped
design the study. Sadia Afrin prepared the prescribed fire data to be utilized in
the study. All authors reviewed and edited the manuscript.

Funding

This work was supported by the US Environmental Protection Agency (EPA)
and partly by an appointment to the Oak Ridge Institute for Science and
Education (ORISE) participant research program supported by an interagency
agreement between the EPA and the Department of Energy (DOE). This work
does not necessarily represent the views or policies of the US Environmental
Protection Agency, and any mention of trade names does not constitute an
endorsement. This project described was supported by the National Center
for Advancing Translational Sciences (NCATS), National Institutes of Health,
through Grant Award Number UL1TR002489. The content is solely the respon-
sibility of the authors and does not necessarily represent the official views of
the NIH.

Availability of data and materials

This material is based on work supported by the National Science Foundation
under Grant No. 1751601. Publicly available data used in this study can be
found here: HMS smoke density data, US Census Bureau Data, Prescribed fires
and emissions modeling platform. Data containing protected health informa-
tion is not publicly shareable and can only be obtained upon reasonable
request with appropriate Institutional Review Board application approval.

Declarations

Ethics approval and consent for publication
This study was approved by the University of North Carolina — Chapel Hill Insti-
tutional Review Board (IRB# 17-0150) and received a waiver of consent.

Consent for publication

I, Henry Raab, hereby consent to the publication of this work in The Journal
of Environmental Health. | warrant that this work has not been previously
published and is not in consideration for publication by any other publisher,
and the persons listed as authors are listed in the proper order.

Competing interests
The authors declare no competing interests.

Author details

!Center for Public Health and Environmental Assessment, US Environmental
Protection Agency, Human Studies Building, 104 Mason Farm Rd, Chapel

Hill, NC 27514, USA. 2Department of Civil, Construction, and Environmental
Engineering, North Carolina State University, Raleigh, NC 27606, USA. *Present
address: MIT Laboratory for Aviation and the Environment, Massachusetts
Institute of Technology, Cambridge, MA 02139, USA.

Page 10 of 11

Received: 11 January 2023 Accepted: 8 November 2023
Published online: 13 December 2023

References

1. Rongbin X, Yu P, Abramson MJ, Johnston FH, Samet JM, Bell ML, et al.
Wildfires, Global Climate Change, and Human Health. N Engl J Med.
2020;383(33):2173-81.

2. Reid CE, Brauer M, Johnston FH, Jerrett M, Balmes JR, Elliott CT. Critical
Review of Health Impacts of Wildfire Smoke Exposure. Environ Health
Perspect. 2016;124(9):1334-43.

3. Mhawej M, Faour G, Adjizian-Gerard J. Wildfire likelihood's elements: a
literature review. Challenges. 2015;6(2):282-93.

4. Liu JC, Peng RD. The impact of wildfire smoke on compositions of fine
particulate matter by ecoregion in the Western US. J Expo Sci Environ
Epidemiol. 2019;29(6):765-76.

5. Balmes JR. Where there's wildfire, there’'s smoke. N Engl J Med.
2018;378(10):881-3.

6. O'Dell K, Ford B, Fischer EV, Pierce JR. Contribution of wildland-fire smoke
to US PM2.5 and its influence on recent trends. Environ Sci Technol.
2019;53(4):1797-804.

7. Anderson ML. As the wind blows: the effects of long-term exposure to air
pollution on mortality. J Eur Econ Assoc. 2020;18(4):1886-927.

8. Bentayeb M, WagnerV, Stempfelet M, Zins M, Goldberg M, Pascal M, et al.
Association between long-term exposure to air pollution and mortality in
France: A 25-year follow-up study. Environ Int. 2015;85:5-14.

9. Hales S, Atkinson J, Metcalfe J, Kuschel G, Woodward A. Long term expo-
sure to air pollution, mortality and morbidity in New Zealand: Cohort
study. Sci Total Environ. 2021;801: 149660.

10. Son JY, Fong KC, Heo S, Kim H, Lim CC, Bell ML. Reductions in mortality
resulting from reduced air pollution levels due to COVID-19 mitigation
measures. Sci Total Environ. 2020;744: 141012.

11. Chen K, Wang M, Huang C, Kinney PL, Anastas PT. Air pollution reduction
and mortality benefit during the COVID-19 outbreak in China. Lancet
Planet Health. 2020;4(6):e210-2.

12. Cromar KR, Gladson LA, Ewart G. Trends in Excess Morbidity and Mortality
Associated with Air Pollution above American Thoracic Society-Recom-
mended Standards, 2008-2017. Ann Am Thorac Soc. 2019;16(7):836-45.

13. Brook RD, Rajagopalan S, Pope CA 3rd, Brook JR, Bhatnagar A, Diez-Roux
AV, et al. Particulate matter air pollution and cardiovascular disease: an
update to the scientific statement from the American Heart Association.
Circulation. 2010;121(21):2331-78.

14. Newby DE, Mannucci PM, Tell GS, Baccarelli AA, Brook RD, Donaldson K,
et al. Expert position paper on air pollution and cardiovascular disease.
Eur Heart J. 2015;36(2):83-93b.

15. Ruckerl R, Schneider A, Breitner S, Cyrys J, Peters A. Health effects of par-
ticulate air pollution: a review of epidemiological evidence. Inhal Toxicol.
2011;23(10):555-92.

16. Adetona O, Reinhardt TE, Domitrovich J, Broyles G, Adetona AM, Kleinman
MT, et al. Review of the health effects of wildland fire smoke on wildland
firefighters and the public. Inhal Toxicol. 2016;28(3):95-139.

17. Hunter ME, Robles MD. Tamm review: The effects of prescribed fire on
wildfire regimes and impacts: A framework for comparison. Forest Ecol
Manag. 2020;475:118435.

18. Santos FL, Nogueira J, Souza RA, Falleiro RM, Schmidt IB, Libonati R.
Prescribed burning reduces large, high-intensity wildfires and emissions
in the Brazilian Savanna. Fire. 2021:4(3):56.

19. Fernandes PM. Empirical support for the use of prescribed burning as a
fuel treatment. Curr For Rep. 2015;1(2):118-27.

20. US Department of Agriculture National Forest Service Confronting the
Wildfire Crisis. 2022:47. https.//www.fs.usda.gov/managing-land/wildf
ire-crisis.

21 Pereira P, Bogunovic |, Zhao W, Barcelo D. Short-term effect of wildfires
and prescribed fires on ecosystem services. Curr Opin Environ Sci Health.
2021;22:100266.

22. Navarro K, Schweizer D, Balmes J, Cisneros R. A review of community
smoke exposure from wildfire compared to prescribed fire in the United
States. Atmosphere. 2018;9(5):185.


https://www.fs.usda.gov/managing-land/wildfire-crisis
https://www.fs.usda.gov/managing-land/wildfire-crisis

Raab et al. Environmental Health

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

(2023) 22:86

Afrin S, Garcia-Menendez F. The Influence of Prescribed Fire on Fine
Particulate Matter Pollution in the Southeastern United States. Geophys
Res Lett. 2020;47(15).

Kondo MC, Reid CE, Mockrin MH, Heilman WE, Long D. Socio-demo-
graphic and health vulnerability in prescribed-burn exposed versus
unexposed counties near the National Forest System. Sci Total Environ.
2022;806(Pt 2):150564.

Afrin S, Garcia-Menendez F. Potential impacts of prescribed fire smoke on
public health and socially vulnerable populations in a Southeastern U.S.
state. Sci Total Environ. 2021;794:148712.

Heidenreich PA, Albert NM, Allen LA, Bluemke DA, Butler J, Fonarow

GC, et al. Forecasting the impact of heart failure in the United States: a
policy statement from the American Heart Association. Circ Heart Fail.
2013,6(3):606-19.

Tsao CW, Aday AW, Almarzooq ZI, Alonso A, Beaton AZ, Bittencourt MS,
et al. Heart disease and stroke statistics-2022 update: a report from the
American Heart Association. Circulation. 2022;145(8):e153-639.

Kwon H-J, Cho S-H, Nyberg F, Pershagen G. Effects of ambient air pol-
lution on daily mortality in a cohort of patients with congestive heart
failure. Epidemiology. 2001;12(4):413-9.

Pope CA 3rd, Renlund DG, Kfoury AG, May HT, Horne BD. Relation of heart
failure hospitalization to exposure to fine particulate air pollution. Am J
Cardiol. 2008;102(9):1230-4.

Ward-Caviness CK, Danesh Yazdi M, Moyer J, Weaver AM, Cascio WE, Di Q,
et al. Long-term exposure to particulate air pollution is associated with
30-day readmissions and hospital visits among patients with heart failure.
J Am Heart Assoc. 2021;10(10):e019430.

DaneshYazdi M, Wang Y, Di Q, Zanobetti A, Schwartz J. Long-term
exposure to PM2.5 and ozone and hospital admissions of Medicare
participants in the Southeast USA. Environ Int. 2019;130:104879.
Ward-Caviness CK, Weaver AM, Buranosky M, Pfaff ER, Neas LM, Devlin

RB, et al. Associations between long-term fine particulate matter
exposure and mortality in heart failure patients. J Am Heart Assoc.
2020;9(6):e012517.

Wyatt LH, Weaver AM, Moyer J, Schwartz JD, Di Q, Diaz-Sanchez D, et al.
Short-term PM2.5 exposure and early-readmission risk: a retrospec-

tive cohort study in North Carolina heart failure patients. Am Heart J.
2022;248:130-8.

U.S. Environmental Protection Agency. Technical Support Document
(TSD) Preparation of Emissions Inventories for the Version 7.1 2014 Emis-
sions Modeling Platform for the National Air Toxics Assessment. In: Stand-
ards OoAQPa, editor. Research Triangle Park. North Carolina; 2018. https://
www.epa.gov/sites/default/files/2018-08/documents/2014v7.1_2014_
emismod_tsd.pdf.

U.S. Environmental Protection Agency. Technical Support Document
(TSD) Preparation of Emissions Inventories for the Version 7.1 2015 Emis-
sions Modeling Platform for the National Air Toxics Assessment. In: Stand-
ards OoAQPa, editor. Research Triangle Park. North Carolina; 2019. https://
www.epa.gov/sites/default/files/2019-08/documents/2015v7.1_emism
od_tsd.pdf.

U.S. Environmental Protection Agency. Technical Support Document
(TSD) Preparation of Emissions Inventories for the Version 7.2 2016
Emissions Modeling Platform for the National Air Toxics Assessment. In:
Standards OoAQPa, editor. Research Triangle Park. North Carolina; 2019.
https://www.epa.gov/sites/default/files/2019-09/documents/2016v7.2_
regionalhaze_emismod_tsd_508.pdf.

Price OF, Horsey B, Jiang N. Local and regional smoke impacts from
prescribed fires. Nat Hazard. 2016;16(10):2247-57.

Aguilera R, Hansen K, Gershunov A, llango SD, Sheridan P, Benmarhnia T.
Respiratory hospitalizations and wildfire smoke: a spatiotemporal analysis
of an extreme firestorm in San Diego County, California. Environ Epide-
miol. 2020/4(5):.e114.

Magzamen S, Gan RW, Liu J, O'Dell K, Ford B, Berg K, et al. Differential
cardiopulmonary health impacts of local and long-range transport of
wildfire smoke. Geohealth. 2021;5(3):e2020GH000330.

Le GE, Breysse PN, McDermott A, Eftim SE, Geyh A, Berman JD, et al.
Canadian forest fires and the effects of long-range transboundary air
pollution on hospitalizations among the elderly. ISPRS Int J Geoinf.
2014,3(2):713-31.

McNamara D, Stephens G, Ruminski M, Kasheta T. he Hazard Mapping
System (HMS) - NOAA'S multi-sensor fire and smoke detection program

42.

43.

45.

46.

47.

48.

49.

50.

51

52

53.

54.

55.

56.

Page 11 of 11

using environmental satellites. Conference on Satellite Meteorology and
Oceanography. 2004.

R Core Team. R: A language and environement for statistical computing.
Vienna: R Foundation for Statistical Computing; 2020.

Zeileis A, Klieber C, Jackman S. Regression Models for Count Data in R.

J Stat Softw. 2008;27(8). http://wwwjstatsoft.org/v27/i08/.

van Buuren S, Groothuis-Oudshoorn K. mice: Multivariate Imputation by
Chained Equations in R. J Stat Softw. 2011;45:1-67.

Johnson TJ, Yokelson RJ, Akagi SK, Burling IR, Weise DR, Urbanski SP, et al.
Advanced Chemical Measurements of Smoke from DoD-prescribed
Burns. Richland, WA: Pacific Northwest National Lab Richland; 2014.
Stoof C. Soil heating and impact of prescribed burning. Geophys Res
Abstracts. 2016;18.

Andersen LM, Sugg MM. Geographic multi-criteria evaluation and valida-
tion: a case study of wildfire vulnerability in Western North Carolina, USA
following the 2016 wildfires. Int J Disaster Risk Reduct. 2019;39:101123.
Buteau S, Goldberg MS, Burnett RT, Gasparrini A, Valois MF, Brophy JM,
et al. Associations between ambient air pollution and daily mortality in
a cohort of congestive heart failure: case-crossover and nested case-
control analyses using a distributed lag nonlinear model. Environ Int.
2018;113:313-24.

Glynn P, Lloyd-Jones DM, Feinstein MJ, Carnethon M, Khan SS. Disparities
in cardiovascular mortality related to heart failure in the United States.

J Am Coll Cardiol. 2019;73(18):2354-5.

Liu JC, Wilson A, Mickley LJ, Dominici F, Ebisu K, Wang Y, et al. Wildfire-
specific fine particulate matter and risk of hospital admissions in urban
and rural counties. Epidemiology. 2017;28(1):77-85.

Kollanus V, Tiittanen P, Niemi JV, Lanki T. Effects of long-range trans-
ported air pollution from vegetation fires on daily mortality and hospital
admissions in the Helsinki metropolitan area Finland. Environ Res.
2016;151:351-8.

Huang R, Hu Y, Russell AG, Mulholland JA, Odman MT. The impacts of
prescribed fire on PM2.5 air quality and human health: application to
asthma-related emergency room visits in Georgia, USA. Int J Environ Res
Public Health. 2019;16(13):2312.

Slaughter JC, Koenig JQ, Reinhardt TE. Association between lung function
and exposure to smoke among firefighters at prescribed burns. J Occup
Environ Hyg. 2004;1(1):45-9.

Hejl AM, Adetona O, Diaz-Sanchez D, Carter JD, Commodore AA, Rathbun
SL, et al. Inflammatory effects of woodsmoke exposure among wildland
firefighters working at prescribed burns at the Savannah River Site. SC J
Occup Environ Hyg. 2013;10(4):173-80.

MacSweeen K, Paton-Walsh C, Roulston C, Guerette E-A, Edwards

G, Reisen F, et al. Cumulative firefighter exposure to multiple toxins
emitted during prescribed burns in Australia. Exposure and Health.
2020;12:721-33.

Liu JC, Wilson A, Mickley LJ, Ebisu K, Sulprizio MP, Wang Y, et al. Who
among the elderly is most vulnerable to exposure to and health

risks of fine particulate matter from wildfire smoke? Am J Epidemiol.
2017,;186(6):730-5.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://www.epa.gov/sites/default/files/2018-08/documents/2014v7.1_2014_emismod_tsd.pdf
https://www.epa.gov/sites/default/files/2018-08/documents/2014v7.1_2014_emismod_tsd.pdf
https://www.epa.gov/sites/default/files/2018-08/documents/2014v7.1_2014_emismod_tsd.pdf
https://www.epa.gov/sites/default/files/2019-08/documents/2015v7.1_emismod_tsd.pdf
https://www.epa.gov/sites/default/files/2019-08/documents/2015v7.1_emismod_tsd.pdf
https://www.epa.gov/sites/default/files/2019-08/documents/2015v7.1_emismod_tsd.pdf
https://www.epa.gov/sites/default/files/2019-09/documents/2016v7.2_regionalhaze_emismod_tsd_508.pdf
https://www.epa.gov/sites/default/files/2019-09/documents/2016v7.2_regionalhaze_emismod_tsd_508.pdf
http://www.jstatsoft.org/v27/i08/

	Prescribed fires, smoke exposure, and hospital utilization among heart failure patients
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Background
	Methods
	Study cohort
	Prescribed fire data
	Smoke density
	Statistical analysis

	Results
	Geographic distribution of prescribed fires and smoke density
	Associations with prescribed fires
	Smoke exposure

	Discussion
	Conclusions
	Anchor 19
	Acknowledgements
	References


