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Abstract. Forest wildfires consume and redistribute carbon within forest carbon pools.
Because the incidence of wildfires is unpredictable, quantifying wildfire effects is challenging
due to the lack of prefire data or controls from experiments over a large landscape. We
explored a quasi-experimental method, propensity score matching, to estimate wildfire effects
on aboveground forest woody carbon mass in Washington and Oregon, United States. Obser-
vational data, including national forest inventory plot measurements and satellite imagery met-
rics, were utilized to obtain a control set of unburned plots that are comparable to burned
plots in terms of environmental conditions as well as spatial locations. Three matching meth-
ods were implemented: propensity score matching (PSM), spatial matching (SM), and dis-
tance-adjusted propensity score matching (DAPSM). We investigated if propensity score
matching with and without spatial adjustment led to different outcomes in terms of (1) balance
in covariate distributions between burned and control plots, (2) mean carbon mass obtained
from the selected control plots compared to burned and all unburned plots, and (3) estimates
of wildfire effects by burn severity. We found that PSM and SM, which use only the environ-
mental covariate set or the spatial distance for estimating propensity scores, respectively, did
not appear to produce a comparable set of control plots in terms of the estimated propensity
scores and the outcomes of mean carbon mass. DAPSM was the preferred method both in bal-
ancing the observed covariates and in dealing with unobservable confounding variables
through spatial adjustment. The average wildfire effects estimated by DAPSM showed clear
evidence of redistribution of carbon among aboveground woody pools, from live to dead trees,
but the consumption of total woody carbon by wildfire was not substantial. Only moderate
burn severity led to significant reduction of total woody carbon mass across Washington and
Oregon forests (64% of control plots remained on average). This study provides an applied
example of a quasi-experimental approach to quantify the effects of a natural disturbance for
which experimental settings are unavailable. The study results suggest that incorporating spa-
tial information in addition to environmental covariates would yield a comparable set of con-
trol plots for wildfire effects quantification.
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INTRODUCTION

Forest wildfires can lead to substantial carbon loss by
the immediate removal of forest fuels (Dixon et al. 1994)
as well as redistribution of carbon among forest pools
(Keith et al. 2014). The change in forest carbon due to
wildfire affects regional carbon dynamics that prompt
ecological and climatic changes on a landscape (Flanni-
gan et al. 2009). Thus, wildfire effects need to be

identified at regional scales as a part of carbon manage-
ment strategies over a region (Hudiburg et al. 2011). In
the U.S. Pacific Northwest, where forests are abundant
and exposed to high risk of wildfires (Hurteau and
North 2010), forest managers and biologists have been
trying to quantify wildfire effects on forest carbon to
assess the regional carbon cycle (Mitchell et al. 2009,
Hudiburg et al. 2011). Combined with increasing risk of
wildfires due to drought and high fuel density in Pacific
Northwest forests (Law and Waring 2015), wide varia-
tion in vegetation and burn severity on the landscape
requires consistent monitoring and a refined quantifica-
tion process for wildfire effects on carbon mass (Mitchell
et al. 2009, Wimberly and Liu 2014).
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Estimating wildfire effects on forest carbon, however,
is challenging because areas that burn typically lack
comparable controls or prefire data (Johnson et al.
2007). Wildfires are considered as stochastic events, and
the probability that a forest burns depends on fuel bed
composition, climate, and topography (Pew and Larsen
2001, Ager et al. 2007, Parisien et al. 2012) as well as the
amount of carbon from forest biomass (Ottmar 2014).
Therefore, simple comparisons of carbon mass between
burned and unburned forests may result in biased esti-
mates of wildfire effects on forest carbon owing to the
pre-existing differences in the environmental conditions
among burned and unburned forests (Meigs et al. 2009).
When the wildfire effect quantification is conducted at a
regional scale with variability in environmental condi-
tions, it is impractical to obtain measurements of con-
trols or prefire data over a large spatial and temporal
coverage (Kremens et al. 2010). Instead of comparing
burned and unburned forests, wildfire effects on forest
carbon have been investigated through statistical models
(e.g., Mitchell et al. 2009), simulations (e.g., Amiro et al.
2001), case studies of individual fires (e.g., Campbell
et al. 2007, Johnson et al. 2007), and prescribed fires
(Eskelson and Monleon 2018). The assessment of wild-
fire effects from case studies for high-severity fires on a
particular area, however, may not be capture all the vari-
ability need for landscape-level estimations (Zheng et al.
2004), nor to the majority of wildfires with low to mod-
erate severities (Eskelson and Monleon 2018).
The preexisting difference in forest conditions between

burned and unburned forest stands that induces different
wildfire probability is referred to as selection bias
(Caliendo and Kopeinig 2008). In a randomized experi-
ment, the selection bias is eliminated by the random
assignment of a treatment (Heckman et al. 1996). Wild-
fire effects, however, can only be assessed by observa-
tional study data due to the unpredictability of wildfires
and the spatiotemporal scales that do not allow the
implementation of randomized experiments. Butsic et al.
(2017) and Larsen et al. (2019) suggested quasi-experi-
mental methods to analyze causal relationships from
observational data for ecological problems. Propensity
score matching (Rosenbaum and Rubin 1983) is one of
the quasi-experimental methods that balances the proba-
bility of treatment between treated and control groups.
While propensity score matching is widely used for
observational studies in other fields of science such as
health (e.g., D’Agostino 1998, Hernán et al. 2004),
social policy program evaluation (e.g., Caliendo and
Kopeinig 2008, Keele et al. 2015), and econometrics
(e.g., Lechner 2002), the method is not commonly
applied to quantify effects of natural disturbances on
forests. Only a few examples of employing propensity
scores are available in wildfire research (e.g., Butsic et al.
2017), and those are mostly related to evaluating man-
agement policies such as wildfire mitigation programs
(Butry 2009) or wildfire prevention education (e.g.,
Prestemon et al. 2010).

In terms of wildfire effect analysis, the presence of
wildfire is equivalent to the treatment in an experiment
and the change in carbon mass is the outcome of interest
(Ager et al. 2010, Butsic et al. 2017). Given that the
treatment units are forest inventory plots, the propensity
score is the probability of a plot being burned by wild-
fire. By selecting a set of unburned plots with a similar
propensity score distribution to the set of burned plots,
the selection bias due to the pre-existing difference
between burned and unburned plots can be eliminated,
conditional on the propensity scores (Rosenbaum and
Rubin 1983). Various environmental covariates that
account for fuels, climate, and topography can be
obtained from observational data such as forest inven-
tory plot measurements and satellite imagery metrics to
estimate propensity scores (Butsic et al. 2017). Lately,
there have been efforts to incorporate a measure of spa-
tial distance in estimating propensity scores to account
for covariates that are unobservable from available data
(Keele et al. 2015, Papadogeorgou et al. 2019). Ecologi-
cally, forests that are spatially close to each other share
similar environmental characteristics (Legendre 1993).
Given that geographical proximity is often used as a fac-
tor to describe similarity among ecological structures or
as a confounding variable that was not observed in the
dataset (Dray et al. 2006), it may be beneficial to utilize
spatial distance in estimating propensity scores for forest
inventory plot data that are recorded with locations.
Propensity score matching to solve ecological problems
has been suggested only recently using a simulated data-
set (e.g., Butsic et al. 2017), and mostly focused on the
intuitional framework rather than the technical details
(Larsen et al. 2019). Use of actual forest measurements
to determine empirical effect estimates will elucidate the
applicability of matching methods to estimate wildfire
effects with observed environmental variables and dis-
tance measures.
In this study, we used matching methods in conjunc-

tion with national forest inventory data to quantify
regional wildfire effects on aboveground woody forest
carbon mass in Washington and Oregon, USA. The
objectives were both methodological as well as applied.
We implemented three matching methods: (1) propensity
score matching, (2) spatial matching, and (3) distance-
adjusted propensity score matching. The first objective
was to diagnose the balance achieved between burned
and control plots under the three matching methods, to
address how environmental covariates and spatial dis-
tance can contribute to the removal of the selection bias
between burned and unburned plots. The second objec-
tive was to compute the carbon masses of several forest
pools, live trees, standing dead trees, and coarse woody
materials, from each set of control plots to show how the
three matching methods may provide different outcomes
when answering an ecological question. The third objec-
tive was to estimate the difference in carbon mass by
burn severity obtained through the three matching meth-
ods. The estimates of difference in the aboveground
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woody carbon mass between burned and control plots
provided a regional assessment of average wildfire effect
over the heterogeneous landscape of the U.S. Pacific
Northwest.
Given the remote-sensing data and the extensive

national forest inventory datawith detailed environmental
conditions and spatial locations, we discussed the applica-
bility of propensity score matching as a quasi-experimen-
tal method to wildfire effect analysis with and without the
inclusion of a spatial distance measure. This study high-
lights how the theoretical framework of matching meth-
ods can be applied to real-world data sets to solve
ecological problems and how users can assess the perfor-
mance of different matching approaches and choose the
method that may provide the most reliable inferences with
regards to the ecological question asked. Because match-
ing methods have rarely been used for ecological applica-
tions, our comprehensive discussion of several
approaches in a real-world application provides an impor-
tant contribution to users of matching methods.

STUDYAREA AND DATA

Study area

The study area encompasses the states of Washington
and Oregon, USA (Figure 1). The landscape is largely
distinguished by coastal temperate rainforests and drier
forests west and east of the Cascade Range, respectively.
Evergreen conifers such as Douglas-fir (Pseudotsuga men-
ziesii), western hemlock (Tsuga heterophylla), Pacific silver
fir (Abies amabilis), and ponderosa pine (Pinus ponderosa)
are dominant over much of the landscape. The proportion
of public forestland tends to be high: more than 50% of
Washington and 60% of Oregon (Donnegan et al. 2008,
Campbell et al. 2010). Fire regimes in the study area vary
substantially, with fire return intervals ranging from 15 to
937 yr depending on the regional climate variation and
forest types (Perry et al. 2011). The western part of the
region tends to have less frequent, stand-replacing fires
than the dry interior, which exhibits a variety of burn
severities from low-severity fires in ponderosa pine forests
to high-severity fires in subalpine, mixed conifer forests
(Reilly et al. 2017).

Forest Inventory and Analysis (FIA) data

Since 1999, the Forest Inventory and Analysis (FIA)
program has provided comprehensive information of
nationwide forest plots based on an annual data collec-
tion protocol (Smith 2002). Following the annual inven-
tory protocol that was applied to Washington and
Oregon from 2001 and 2002, respectively, all forested
lands are systematically sampled with one FIA plot for
approximately every 2,500 ha (6,000 acres; Bechtold and
Patterson 2005).
One FIA plot comprises measurements from four

fixed circular 7.3 m radius subplots with plot centers 36

m apart (Appendix S1: Fig. S1). Year of measurement
and topographical attributes (i.e., elevation, slope, and
aspect), and plot location (i.e., latitude and longitude)
are recorded. Measurements of standing trees and
downed woody materials are collected on each plot with
a 10-yr remeasurement cycle.
From 2001 to 2016, 16,239 plots with forested condi-

tions (i.e., at least 10% potential cover by live trees;
Bechtold and Patterson 2005) were measured by the
FIA program in Washington and Oregon, USA. Of
these, 8,184 plots were measured twice with a 10-yr
remeasurement cycle in our data, producing separate
measurements for the same plot location. Therefore,
each plot can have multiple plot measurements. We con-
sidered only plots that had a minimum of 25% forested
area, which resulted in a total of 23,150 plot measure-
ments including remeasurements. The topography and
land cover variables—physiographic class (PHYSCL),
land ownership (OWNS), elevation (ELEV, m), slope
(SLOPE, degrees), and cosine transformation of aspect
(cosASP; Weiskittel et al. 2011)—were obtained from
FIA data at the plot level and included as covariates to
perform matching (Table 1). For ease of analysis, the
categorical variables, physiographic class (PHYSCL)
and land ownership (OWN), were classified into three
(mesic, xeric, and hydric) and two (public and private)
categories, respectively. Because a plot may straddle sev-
eral values of the categorical variables, we used the value
that covered the greatest proportion of the area. The
proportion of forested area (PROPforest) was also calcu-
lated for each plot observation.

Fire data

Monitoring Trends in Burn Severity (MTBS) data
from 1984 to 2016 (Fig. 1) were utilized to identify the
presence of wildfires, burn severities, and date of wildfire
for each plot (data available online).4 National MTBS
burn severity mosaics are provided as tagged image file
format (TIFF), classifying burn severities into four
major categories (e.g., low-low, low, moderate, and high)
according to the differenced Normalized Burn Ratio
(dNBR) from Landsat satellite images with 30 m of spa-
tial resolution (Eidenshink et al. 2007). The MTBS data
used in this study include records of over 1,000 fires in
Washington and Oregon, USA, since 1984, which were
approximately 40 ha in size or larger.
Burned plots were identified as FIA plot measure-

ments that experienced any wildfire within 5 yr prior to
the field measurement. In contrast, plot measurements
that experienced no fire within at least 10 yr prior to the
measurement were identified as unburned plots. Plots
that had fires more than once within 5 yr were dropped
to exclude the effect of reburn from the analysis. Any
prefire measurements of burned plots found within the
unburned group were also discarded to completely

4http://www.mtbs.gov/
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separate burned and unburned groups during the imple-
mentation of matching. A total of 611 burned plots and
22,539 unburned plot measurements were identified
(Table 2). Approximately 70% of the burned plots were
measured before 2011, thus those plot locations retained
a single measurement in our data due to the 10-yr
remeasurement cycle. For the 611 burned plot measure-
ments, the burn severity was assigned as the most fre-
quent severity around the selected plot location, using

the values on the plot center and eight adjacent 30-m
pixels from the MTBS burn-severity maps (Appendix
S1: Fig. S1).

Climate and remotely sensed data

Thirty-year normals of PRISM (Daly et al. 2008) spa-
tial climate data from 1981 to 2010 were obtained with
30-m resolution and spatially overlaid with each of the

FIG. 1. Study area (Washington and Oregon, USA) and spatial distribution of large wildfires (e.g., >40 ha) from 1984 to 2016.
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FIA plot locations. The data contain information on
precipitation, temperature, vapor pressure, and moisture
stress, which are closely linked to wildfire regimes over
large areas (Parisien and Moritz 2009). Climate variables
found to be highly correlated with each other (e.g.,
ρ̂ > 0.8 in inter-variable Pearson’s correlation

coefficients) were dropped to avoid multicollinearity
among the covariates (Adelson 2013). As a result, six
variables were selected as covariates to estimate propen-
sity scores (Table 3): annual precipitation (annpre),
mean annual temperature (anntmp), difference in precip-
itation between August and December (cvpre), differ-
ence in temperature between August and December
(diftmp), mean summer vapor pressure deficit (smrn-
mvpd), and growing season moisture stress (smrtp).
Vegetation indices such as the normalized difference

vegetation index (NDVI) and tasseled cap metrics (TC;
Crist and Cicone 1984) are considered to be correlated
with biophysical attributes and aboveground biomass
(Duane et al. 2010, Pflugmacher et al. 2012). Using 30-
m resolution, TC brightness (TC1), greenness (TC2),
and wetness (TC3) indices as well as NDVI in the middle
of the growing season were derived from Landsat spec-
tral bands from 1984 to 2016 for the study area. For
each of the plot locations, the remotely sensed metrics
were averaged using nine adjacent pixel values (Appen-
dix S1: Fig. S1). Burned plot measurements were associ-
ated with Landsat metrics from the year prior to the fire.
Unburned plot measurements were associated with met-
rics of the measured year. For example, a plot measure-
ment that experienced wildfire in 2012 and was
measured in 2014 was classified as a burned plot and
was associated with 2011 Landsat metrics. On the other
hand, a plot measurement that burned in 2002 and was
measured in 2014 was classified as unburned plot, and
associated with 2014 Landsat metrics. All climate and
remotely sensed metrics were obtained from the Land-
scape Ecology, Modeling, Mapping, and Analysis
(LEMMA) team (data available online).5

METHODS

Matching burned and unburned plots

Propensity score matching chooses a set of control
units out of all the untreated units based on similarity of
propensity scores. The propensity score is the probability
that a subject is assigned the treatment, given a set of
observed covariates (Rosenbaum and Rubin 1983). If
the propensity score distributions are similar between
the treated and the control groups, the selection bias due
to the pre-existing differences between treated and
untreated groups no longer exists conditionally on the
covariates (Rosenbaum and Rubin 1983). The distribu-
tion of probabilities receiving the treatment becomes
uniform between treated and untreated groups, which is
similar to what is achieved in randomized experiments
(McCaffrey et al. 2004).
With regards to wildfire effect analysis, wildfire is the

treatment, and forest inventory plots are the experimen-
tal units either treated or untreated. The two groups of
plots, treated or untreated, exhibit selection bias of

TABLE 1. Summary statistics of topographic and land cover
variables obtained from FIA plot data.

Variable and description
Burned
(n = 611)

Unburned
(n = 22,539)

Topography
ELEV
Elevation (m) 1,241.9 (439.63) 1,073.78 (534.08)

SLOPE
Slope (degrees) 37.16 (23.88) 30.41 (24.28)

cosASP
Aspect (degrees
azimuth),
cosine value

0.03 (0.72) 0.11 (0.74)

Land cover
PROPforest
Proportion of
forested
area

0.95 (0.14) 0.95 (0.14)

OWN
Owner group code
(categorical)†

Number of
plots (%)

1, Public lands 552 (90.34) 17,610 (77.76)
2, Private lands 59 (9.66) 5,037 (22.24)

PHYSCL
Physiographic
class code
(categorical)‡
1, Xeric sites 292 (47.79) 5,239 (23.13)
2, Mesic sites 319 (52.21) 17,279 (76.30)
3, Hydric sites 0 (0) 129 (0.57)

Notes: For continuous variables, the mean with the standard
deviation in parentheses is provided. For categorical variables,
the number of plots in each category is specified with the pro-
portions in parentheses.
†Public lands in OWN are forests owned by the federal, state, or

local governments.
‡Xeric sites are low or deficient in available moisture (e.g., dry

tops, slopes, or deep sand), while mesic sites refer to sites with
moderate but adequate available moisture (e.g., flatwoods, rolling
uplands, or flood plains and bottomlands). Hydric sites exhibit
abundant or overabundant moisture all year, including swamps,
ponds, drains, or wet pocosins. See FIA user manual (https://www.f
ia.fs.fed.us/library/database-documentation/index.php) for a detailed
description of the variables.

TABLE 2. Number of FIA plots in each burn-severity class.

Burn severity Number of plots Group

0 (unburned) 22,539 unburned
1 (low-low) 120 burned
2 (low) 201 burned
3 (moderate) 145 burned
4 (high) 145 burned

5https://lemma.forestry.oregonstate.edu/
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wildfires due to different environmental conditions (Car-
dille et al. 2001). Through matching, a set of unburned
control plots that has a similar propensity score distribu-
tion to that of burned plots can be obtained. Hereafter,
we refer to the untreated group including all unburned
plot measurements (n = 22,359) as “unburned plots,”
and denote the subset of unburned plot measurements
selected through matching as “control plots.”
Burned plots were matched one-to-one with the near-

est unburned plot in terms of the propensity scores using
a greedy algorithm (e.g., Austin 2011), generating the
same number of control plots as burned plots (n = 611).
Three matching approaches were conducted using differ-
ent sets of propensity scores estimated based on (1) a set
of covariates representing environmental plot character-
istics (propensity score matching [PSM]; e.g., Pufahl and
Weiss 2009), (2) the spatial distance between burned and
control plots (spatial matching [SM]; e.g., Samal et al.
2004), and (3) an equally weighted combination of both
the set of covariates and the spatial distance (distance-
adjusted propensity score matching [DAPSM]; e.g., Cha-
gas et al. 2012). The overall process of data use and anal-
ysis are outlined in Fig. 2.

Propensity score matching (PSM).—The propensity
score p(X) is usually defined as a function of covariates
X using binary logistic regression (Austin 2011) such
that

p Xð Þ¼Pr T ¼ 1jXð Þ¼E T jXð Þ¼ 1
1þ e�Xβ (1)

where T is a binary treatment that identifies burned
(T = 1) or unburned (T = 0) FIA inventory plots, X+
(X1,. . .,Xn) is the vector of covariates and β = (β1,. . .,βn)
are the parameters. In this study, the propensity score
presents the probability that a forest inventory plot expe-
riences a wildfire, given environmental conditions such
as climate, topography, and land cover. Sixteen

covariates from FIA plot data, PRISM, and Landsat
metrics (Tables 1, 3) were included in the covariate set to
estimate the propensity score of each plot with logistic
regression.

Spatial matching (SM).—In spatial data, the geo-
graphic distance between a pair of observations can be
considered as a measure of similarity. Selection of con-
trol groups based on such spatial distance is reasonable
provided that spatially close inventory plots usually
share analogous environmental characteristics (Franco-
Lopez et al. 2001). In practice, burned plots are often
compared with adjoining plots just outside of the fire
boundary (e.g., Ghebrehiwot et al. 2011). Spatial match-
ing in this study denotes a matching method that takes
into account the geographic distance to select the nearest
unburned plot as control for a burned plot. For the FIA
inventory plots, the standardized Euclidean distance
(Distij) between any pairs of burned and unburned forest
inventory plots i,j was calculated as

Distij ¼ dij �mindall

maxdall�mindall
(2)

where dij is the Euclidean distance between plot i, j and
dall denotes the distances of all burned and unburned
plot pairs. The distance is standardized with the maxi-
mum and minimum value of all observed distances to
have the same scale as the propensity scores [0,1]
(Papadogeorgou et al. 2019). If a plot had multiple mea-
surements, spatial matching resulted in the same propen-
sity score; the algorithm randomly chose one of the
measurements as match.

Distance-adjusted propensity score matching
(DAPSM).—The propensity scores were derived based
on both the environmental covariate set and the spatial
distance. Papadogeorgou et al. (2019) developed the dis-
tance-adjusted propensity score (DAPS) that combines

TABLE 3. Mean of PRISM and Landsat data derived covariates, with the standard deviation in parentheses.

Variable Description Burned (n = 611) Unburned (n = 22,539)

Climate
Annpre annual precipitation (measured in mm; multiplied by 100

and ln-transformed) from PRISM 30-yr normals
679.98 (65.25) 701.84 (66.64)

Anntmp mean annual temperature (°C × 100) 737.22 (270.01) 755.11 (221.89)
cvpre coefficient of variation of mean monthly precipitation of

December and July (wettest and driest months)
6,928.74 (2,163.23) 7,266.69 (1,747.79)

diftmp difference between mean August maximum temperature
and mean December minimum temperature (°C × 100)

3,053.12 (293.17) 2,882.3 (455.35)

Smrmnvpd mean summer vapor pressure deficit (hPa) 1,244.12 (228.68) 1,091.14 (276.31)
smrtp growing season moisture stress (ratio of temperature to

precipitation from May to September) (°C/ln mm)
277.78 (52.17) 262.93 (45.07)

Remotely sensed data
NDVI normalized difference in vegetation index 0.50 (0.14) 0.64 (0.14)
TC1 tasseled cap brightness 2,550.40 (644.25) 2,361.04 (696.60)
TC2 tasseled cap greenness 787.46 (444.06) 1,281.09 (620.91)
TC3 tasseled cap wetness −1,251.07 (579.17) −721.95 (593.07)
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the propensity score estimate p(X) with the standardized
Euclidean distance

DAPSij ¼w� p Xð Þi�p Xð Þ j
�
�
�

�
�
�þ 1�wð Þ�Distij (3)

where i and j are the unburned and burned plots to be
paired, and w denotes the weight that puts emphasis

either on covariates or distance in estimating DAPS. p
(X) and Distij are the propensity scores and the relative
distance, respectively, as defined previously. The choice
of w depends on the balance of observed covariates or
on the influence of unmeasured spatial confounding
variables, and the value of w is often chosen by the
researcher, based on the subject-matter knowledge
regarding the potential confounding variables

FIG. 2. Flow of the analysis in this study.
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(Papadogeorgou et al. 2019). We tried three values of w
(e.g., w = 0.25, 0.5, 0.75). The means of the outcome
variable from selected control plots were not signifi-
cantly different among the values of w (P = 0.999; chi-
square test). Therefore, we chose a weight of w = 0.5 to
equally account for the observed environmental covari-
ates and the spatial distance. Thus, DAPSM in this study
represents the midpoint between PSM (w = 1) and SM
(w = 0), where PSM is based only on the propensity
scores estimated from the environmental covariates and
where the environmental covariates are not included in
the propensity score estimation for SM. All three match-
ing methods—PSM, SM, and DAPSM—and propensity
score estimation were performed using the DAPSm
package (Papadogeorgou et al. 2019) in the R software
(RCore Team 2013).

Diagnosis of balance between burned and control plots

Once the control plots were obtained through match-
ing with burned plots, we diagnosed if the balance
between burned and control plots had been achieved.
The balance in propensity scores and in covariate distri-
butions of burned and control plots was checked both
numerically and graphically following Stuart (2010). The
comparisons of the propensity score distribution before
and after matching were visually presented as jitter plot
(Stuart and Green 2008). Two-sample t and chi-square
tests were used to test for differences in propensity scores
as well as covariate distributions for continuous and cat-
egorical variables, respectively (Everitt 1992).
The balance in 16 individual covariates under each of

the matching scenarios was further assessed using the
absolute standardized mean differences (ASMD; Rosen-
baum and Rubin 1985). ASMD denotes the mean differ-
ence of covariate values between burned and control
plots relative to their standard deviations, and should
generally be less than 0.2 when the balance has been
achieved (Stuart and Rubin 2004). All analyses were
conducted using the R software version 3.4.0 (R Core
Team 2013).

Calculations of aboveground woody carbon mass

For live trees, the regional biomass oven-dry mass
(Woodall et al. 2012) of individual trees was obtained
from FIA plot data. The biomass includes stem, bark,
and live branches of all large live trees (≥12.7 cm DBH)
and small trees (≥2.54 cm DBH). All tree biomass from
a forest inventory plot was summed as per hectare value,
and the carbon mass (Mg/ha) was then computed for
each plot by multiplying the carbon ratio (i.e., 0.5; Woo-
dall et al. 2012).
The carbon mass from large standing dead trees

(≥12.7 cm DBH) was calculated following Eskelson
et al. (2016), considering the regional biomass oven-dry
masses are estimated based on live trees thus often not
applicable to dead trees with missing or broken top

parts. We computed individual snag biomass based on
the tree volume using DBH and height measurement,
assuming a conic-paraboloid tree shape (Fraver et al.
2007). For trees with broken tops, original heights with-
out the broken tops were estimated from height–diame-
ter equations (Barrett 2006) to calculate the volume of
frustums using measured heights and the estimated orig-
inal heights. The tree volumes were multiplied with the
wood bulk density and decay-class reduction factors
(Harmon et al. 2008) to obtain dead woody biomass.
Carbon mass was calculated as half of the biomass and
summarized as per hectare value (Woodall et al. 2012).
Calculation of carbon mass in coarse woody materials

(CWM) over 7.6 cm of transect diameter was based on
the line-intersect sampling protocol of the FIA program
(Woodall and Monleon 2008). Measurements of CWM
loads on four 7.3 m long transects in every FIA plot
were converted to carbon mass (Mg/ha) considering spe-
cies-specific wood density and decay class (Harmon
et al. 2008), similarly to the large standing dead trees.
The carbon masses in this study included four differ-

ent aboveground woody carbon pools calculated as
above: (1) large live trees, (2) small live trees, (3) large
dead trees, and (4) CWM. Total carbon mass was com-
puted as the sum of carbon masses of the four pools.
Small standing dead trees under 12.7 cm DBH were not
measured by FIA before 2016. Therefore, this carbon
pool was not included in the analysis. Using post-2016
measurements, we performed exploratory analyses to
confirm that the contribution of small dead trees to the
aboveground woody carbon mass was minimal.

Average wildfire effects on aboveground woody carbon
masses

When the balance in the propensity score distributions
between burned and control plots is achieved, the poten-
tial outcome Y of the wildfire (Y(T)) is regarded to be
independent of the propensity scores p(X) given that the
presence of T is correctly specified with the covariates
(Rosenbaum and Rubin 1983). Here the potential out-
come of interest is aboveground woody carbon mass
contained in the plots that were either burned (T = 1) or
unburned (T = 0). The average effect of wildfire is sim-
ply the difference in the mean carbon masses between
burned and control plots.
The carbon mass in unburned plots and in plots

burned with different severities is always positive and
can often be zero. We fitted Poisson pseudo-maximum
likelihood models with burn severity (Table 2) as covari-
ate to estimate the average wildfire effect as the relative
amount of carbon mass to control plots at a given burn
severity. The aboveground woody carbon mass from four
different pools, large live trees, small live trees, large
dead trees, and CWM, and the total carbon mass (Mg/
ha) was set as the response variable, and five burn-sever-
ity classes (Table 2) including unburned status from con-
trols (n = 611) were used as the explanatory variable.
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Models were constructed for each combination of car-
bon pools (i.e., large live trees, small live trees, large dead
trees, CWM, and total) and matching methods (i.e.,
PSM, SM, and DAPSM) including a random effect of
the matched pairs describing the correlation between the
pairs (Austin 2008). The estimated coefficients of the fire
severities can be interpreted as the proportion of carbon
mass in burned plots, relative to that in unburned con-
trols, under the corresponding burn severity (Long and
Freese 2006). The 95% confidence intervals of the esti-
mated coefficients were constructed using Tukey’s pair-
wise comparison (Malison and Baxter 2010). Model
fitting and computation of summary statistics were con-
ducted using the SAS 9.4 PROC GLIMMIX procedure
(SAS Institute, Cary, North Carolina, USA).

RESULTS

Balance in propensity scores and in covariate distributions
achieved under both PSM and DAPSM

Thee three matching scenarios, PSM, SM, and
DAPSM, created one-to-one matches of control plots
to all 611 burned plots, although the spatial distribu-
tions of control plots were different for each of the
three scenarios (Fig. 3). PSM showed a scattered pat-
tern of control plots over most of the forested lands in
Washington and Oregon such as the Cascade Moun-
tain Range and around Harney Basin, except for a few
plots on the Olympic Peninsula and coastal Oregon
where no large wildfire was reported during the study
period (Fig. 1). DAPSM tended to attain control plots
that were farther to the burned plots than the control
plots selected under SM (Fig. 3). The mean distances
between control plots and the closest burned plots
were approximately 20.2, 3.2, and 4.7 km under PSM,
SM, and DAPSM, respectively.
The propensity scores estimated from the logistic

regression model ranged from approximately 0 to 0.44
across all burned and unburned plots (Fig. 4). Out of
the sixteen environmental covariates, ten were found to
be statistically significant in the linear logistic regression
model to estimate the propensity scores (Appendix S1:
Table S1). All six climate variables including mean
annual precipitation (annpre) and temperature (an-
ntmp), slope (SLOPE), land ownership (OWN), physio-
graphic class (PHYSCL), and tasseled cap brightness
(TC1) were strongly associated with the probability of
wildfires (P < 0.05). The distribution of propensity
scores was heavily right-skewed with a few plots having
large propensity scores, meaning that those few plots
had much higher chances of wildfire. The mean propen-
sity score of all control plots was significantly smaller
than the mean of the burned plots (P < 0.0001 in
Welch’s two-sample t test), with no statistical difference
from those of the burned plots under PSM and DAPSM
(Appendix S1: Table S2). The mean propensity score of
SM-matched control plots was significantly smaller than

those of burned plots (P = 0.004; Welch’s two-sample t
test). However, SM-matching greatly reduced the
observed discrepancy in the mean propensity score
between burned and unburned plots.
The comparisons of the individual covariate distribu-

tions based on two-sample t and chi-square tests also
exhibited similar results of balance achievement under
each method. When unmatched, the empirical means
were significantly different (P < 0.05 in t test) between
burned and control plots for 13 out of 16 covariates,
excluding proportion of forest (PROPforest), annual
temperature (anntmp), and tasseled cap brightness
(TC1). When matched by PSM and DAPSM, all covari-
ates achieved balance at the α = 0.05 level. SM left slope
(SLOPE) and physiographic class of the site (PHYSCL)
imbalanced (P = 0.010 and P = 0.0002, respectively).
In terms of the absolute standardized difference in

means (ASDM), 11 out of the 16 covariates were found
to be imbalanced (ASDMs > 0.2) between burned and
unburned plots (Fig. 5). Summer mean vapor pressure
deficit (Smrmnvpd) exhibited the largest ASDM (0.607),
followed by physiographic class (PHYSCL, 0.542), dif-
ference in mean precipitation (diftmp, 0.451), and tas-
seled cap greenness (TC2, 0.447). This means that those
variables may account for a large portion of the selection
bias. When matched based on PSM and DAPSM,
ASDM of all covariates resulted in values below the cut-
off value of 0.2 (Fig. 5). ASDM of PROPforest slightly
increased after matching in the process of balancing the
other covariates, although the increments were minimal
(black lines in Fig. 5). Under SM, on the other hand,
the ASDM of PHYSCL (0.236) was above the cut-off
value of 0.2. SLOPE also showed relatively large ASDM
(0.148) compared to the other covariates.

Discrepancy in carbon mass of standing and downed wood
between unburned and control plots

The mean of total carbon mass (Mg/ha) of all
unburned plots (n = 22,539) was notably larger than
that of control plots (n = 611) or burned plots with low-
low severity (n = 102), implying that there are consider-
able differences in stand level characteristics between
burned and unburned forests (left four bars in Fig. 6).
The PSM-selected control plots had the greatest amount
of mean total carbon mass due to the large live tree car-
bon mass (77 Mg/ha) compared to that observed under
SM and DAPSM (~70 Mg/ha). DAPSM produced con-
trol plots with the smallest total carbon mass among the
three matching methods, and the composition ratio of
four pools within the total carbon mass was similar to
the ratio observed from the burned plots with low-low
severity. Carbon masses from CWM and small live trees
in DAPSM-selected controls were slightly larger than
those in the low-low-severity plots. The total carbon
mass in PSM-selected control plots was significantly dif-
ferent from the other two methods (P = 0.044) due to
the large tree carbon mass, otherwise the carbon masses
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from individual pools were statistically the same among
the three matching methods (P > 0.05).
The total carbon mass in the burned plots was not sta-

tistically different between low-low and low burn sever-
ity (P = 0.5 in two-sample t test), despite the difference
in the composition ratio of four pools (right four bars in
Fig. 6). The plots with moderate wildfires had a signifi-
cant reduction of the mean total carbon mass compared
to the control plots, largely due to the decrease of carbon
mass from large live trees (Fig. 6). The plots with high-
severity fire contained similar total carbon mass to those
with low-low and low-severity fire, but the mean of total
carbon mass was significantly lower in high-severity

plots than that observed in the control plots (P < 0.006
under all method). Looking at individual carbon pools,
the mean carbon mass from large and small live trees
significantly decreased with increasing burn severity
(Fig. 6). Meanwhile, the opposite trend was observed for
large dead trees (≥12.7 cm DBH), meaning that live car-
bon mass was consumed or converted into dead carbon
experiencing wildfire. The mean of carbon mass in
CWM did not vary substantially across severities
(6.42–8.62 Mg/ha across all severities), and was the low-
est under moderate severity (Fig. 6). Under high-severity
fire, the mean carbon mass in CWM was significantly
larger than under low-low severity.

FIG. 3. Spatial distributions of burned plots (gray dots) and control plots (black dots) over Washington and Oregon under three
matching strategies: (a) propensity score matching (PSM, w = 1), (b) spatial matching (SM, w = 0), and (c) distance-adjusted
propensity score matching (DAPSM, w = 0.5).
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Average wildfire effect on aboveground woody carbon
mass under three matching methods

While SM and DAPSM indicated a significant reduc-
tion of total carbon mass under low-severity fire (95%
CI 63–105% and 69–115%, respectively), PSM failed to
detect a statistically significant difference under the same
carbon pool and burn severity (95% CI 57–98%; Fig. 7
a). This tendency of contradicting results in detecting a
statistically significant difference compared to controls
between PSM and the other two matching methods also
appears for large live trees under low-severity fire (Fig. 7
b) as well as for CWM under low and moderate fire
(Fig. 7e). The only exception was in small live tree car-
bon mass under low-low-severity fire, where SM-
matched control plots identified a difference for this car-
bon pool while DAPSM matching did not detect a dif-
ference from control plots (Fig. 7c).
In terms of the estimated proportion by severities,

low-low-severity fires did not alter the total carbon
mass or the carbon mass in any of the pools except for
the small live trees under PSM and SM (Fig. 7c). Small
live tree carbon mass significantly decreased by 22–28%
of the control plots under all methods in low-severity
fire, while the carbon mass from large dead trees
increased approximately 350 % on average across all
three matching methods. In total carbon mass, however,
little difference under low burn severity was observed
due to the conversion of carbon mass from live to dead
trees. Plots that experienced moderate burn severity
showed a significant decrease of total carbon mass

under all three matching methods to the extent of
58–66% of control plots on average (P < 0.05 for all
methods). There was a large reduction in live tree car-
bon mass, while the increase in dead tree carbon was
similar to the level observed for low-severity fire (ap-
proximately 340–370% of control plots across all meth-
ods). Under high-severity fires, on the other hand, the
observed total carbon mass was larger than under mod-
erate-severity fires, but not significantly. Carbon mass
from CWM did not show as clear of a monotonic
increase or decrease along with increasing burn severity
as the other pools.

DISCUSSION

Balance in observed covariates may not guarantee
unbiased estimation of average wildfire effects

The selection bias induced by the difference in covari-
ates between burned and unburned plots was mostly
removed under all three matching methods, except for
SM showing imbalance in physiographic class and
potentially slope. Slope and physiographic class are
strongly related to the moisture condition of sites
(Megahan 1983). Therefore, they are important variables
in describing the probability of wildfire occurrence
(Marques et al. 2012) as well as forest carbon mass
(Sharma et al. 2011). The observed imbalance under SM
in the covariate distributions suggests that spatially close
unburned plots may not be entirely similar to burned
plots in terms of their environmental conditions. Even

FIG. 4. Jitter plot of propensity scores from unburned plots (n = 22,539), burned plots (n = 611), and control plots (n = 611)
under three matching scenarios: PSM, SM, and DAPSM. Red lines denote the mean value of propensity scores in each category:
0.025 for control, 0.057 for burned, 0.057, 0.049, and 0.056 for control plots matched under PSM, SM, and DAPSM, respectively.
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though many studies use measurements of control plots
adjacent to the fire perimeter to compare with the
burned plots (e.g., Ghebrehiwot et al. 2011, Heckman

et al. 2013, Oliveras et al. 2018), researchers should
always check if the environmental conditions of the con-
trol plots are similar to those of the burned plots to
assure that the estimation of average wildfire effects is
unbiased (Certini et al. 2011). Nevertheless, the balance
acquired under SM except for only two covariates is
noteworthy, because SM matched burned and unburned
plots solely based on distances, regardless of any envi-
ronmental conditions.
Meanwhile, PSM considered only the available envi-

ronmental covariates in matching. The balance achieve-
ment in covariate distributions under PSM was
anticipated, because the method used the same covariate
set for propensity score estimation. However, PSM
resulted in choosing several inventory plots in coastal
forests, where wildfires are rare (Gavin et al. 2013) and
contain larger carbon mass compared to inland forests
due to the climate (Gholz 1982). Estimating wildfire
effects using the measurements from those plots may be
misleading, because the amount of carbon mass in the
two regions considerably differ (Palmer et al. 2018,
2019). Incorporating forest type to estimate the propen-
sity scores may prevent selecting control plots from very
dissimilar environments to the burned plots. For a small
sample size of 54 plots, Campbell et al. (2007) were able
to use a forest type variable in their analysis of carbon
change in litter and duff by the 2002 Biscuit fire in
southern Oregon, USA. However, for our larger sample
size we did not have forest type information available for
all plots. Specifically, for many of the burned plots that
were only measured after they burned, we were lacking
this information. Therefore, we could not include forest
type in the matching process.
PSM controls had the largest mean carbon mass

among the three sets of matched controls, and the
amount was higher than that observed from low-low-
severity plots. Low-low burn severity comprises very low
tree mortality or unburned area within the fire perimeter
following MTBS classification (Cocke et al. 2005, Eiden-
shink et al. 2007). Thus, low-low-severity fires hardly
affect the woody carbon mass in forests (Campbell et al.
2007, Whittier and Gray 2016). Large live tree carbon
mass in plots that burned with low-low severity is
expected to show little difference from control plots. The
carbon mass was significantly different between low-
low-severity plots and PSM-selected controls in large
live tree pool, which contradicts the general understand-
ing of low-low fires. This implies that the selection bias
in estimating wildfire effects has not been fully addressed
under PSM, despite the balance achieved in propensity
scores and covariate distributions. On the other hand,
SM produced control plots with similar amount of car-
bon mass to that of low-low-severity plots, even though
the balance was not achieved. This result suggests that
spatial distance may have played a more important role
in matching for wildfire effect quantification than the
environmental covariates.

FIG. 5. Absolute standardized mean difference (ASMD) of
16 environmental covariates before and after matching under
three strategies. The covariates are defined in Table 1 and
Table 3. ASDM of the covariates with gray lines decreased after
matching, while black lines denote that ASDM increased after
matching. ASDM over the cut-off value (0.2, gray line) denotes
the covariate means are different between burned and unburned
plots.
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DAPSM is preferable for wildfire effects estimation

Unobserved covariates may result in bias in matching
estimates due to residual imbalances between treated
and control groups (Rosenbaum 1987). Propensity score
matching warrants unbiased effect estimation condition-
ally on the covariates included, based on the assumption
that there are no unobserved confounding variables
(Rosenbaum and Rubin 1983). The assumption is
impossible to test and it is difficult to identify the pres-
ence of unobserved confounding variables from the
observed dataset, especially for ecological data for which
the relationship between treatment and outcome is com-
plex (Yuan 2010, Gross and Rosenheim 2011). Wildfires
and carbon content in forests are associated with a large
number of environmental covariates (Ager et al. 2007,
Parisien et al. 2012). Therefore, it is practically impossi-
ble to address all the confounding variables in propen-
sity score estimation.
Research in other fields of study has demonstrated

that the problem of undetected confounding variables
can be mitigated by incorporating spatial information,
such as adding spatially autocorrelated random effects
(Verbitsky-Savitz and Raudenbush 2012) or minimizing
the spatial distance in matching (Keele et al. 2015).
PSM in our study used propensity scores estimated
from 16 covariates that cover a wide range of environ-
mental conditions such as topography, climate, land
cover from ground measurements and remotely sensed
metrics. However, there still may be confounding vari-
ables related to the probability of wildfires and carbon
mass that were not included in this set. Based on our
results, the bias due to unobserved confounding vari-
ables can be reduced by introducing spatial informa-
tion. DAPSM met the diagnostic criteria for checking

the balance in propensity scores, and the selected con-
trol plots contained similar amount of carbon mass to
low-low-severity plots. Therefore, we conclude that
DAPSM is the preferred method for estimating wild-
fire effects, because it reduces the selection bias due to
both observable and unobservable confounding vari-
ables.
DAPSM estimation can further improve when com-

bined with other evaluation methods (Caliendo and
Kopeinig 2008), especially when longitudinal data are
available (Smith and Todd 2005). For example, future
studies, for which measurements before and after wild-
fire are available, may incorporate a difference-in-differ-
ences analysis (Heckman et al. 1998) for the matched
samples with a time relevant variable (e.g., years since
fire). Difference-in-differences analysis in combination
with propensity score matching may produce accurate
and robust estimators (Ryan et al. 2015, Ho et al. 2007)
by obtaining before- and after-measurements of burned
plots and comparing each case to before- and after-mea-
surements of control plots, respectively. Difference-in-
differences matching analysis was found to be effective
for removing selection bias due to unobserved confound-
ing variables (Smith and Todd 2005), and has been
applied in research quantifying the effects of economic
policies (e.g., Girma and Görg 2007), social (e.g., Guo
et al. 2006) and health programs (e.g., Whittaker et al.
2016), as well as forest management strategies (e.g.,
Brandt et al. 2015, Nolte et al. 2017), where repeated
measurements over time were available. In our data,
repeated measurements before and after wildfire were
only available for a subset of plots. Further accumula-
tion of FIA data will allow for more accurate and tem-
porally invariant estimation of wildfire effects (Smith
and Todd 2005).

FIG. 6. Mean total carbon masses (Mg/ha) by severity classes, shown with 2 SE. All unburned plots (n = 22,539) and control
plots (n = 611 for each method) denote the unburned plots before and after matching under three matching methods: PSM, SM,
and DAPSM.
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Estimated average wildfire effects on carbon mass by
severity from DAPSM

Based on the DAPSM estimates, on average, the total
carbon mass from aboveground woody pools in forests
of the U.S. Pacific Northwest was barely consumed by
wildfire. Instead, there was redistribution of carbon from
live to dead trees. Meigs et al. (2009) reported that

approximately 13–35% of carbon is emitted due to com-
bustion from wildfires across all severities in the pon-
derosa pine and Douglas-fir forests in the East Cascades
of Oregon, USA. The results were consistent with those
of Campbell et al. (2007), and both studies were con-
ducted for large, stand-replacing wildfires (e.g.,
>1,000 ha) using detailed prefire data or unburned plot
measurements. Our estimation of average wildfire effects

FIG. 7. Percentage of carbon mass relative to control plots (natural-log-transformed) estimated from the Poisson pseudo-maxi-
mum likelihood model were presented with 95% confidence intervals with Tukey’s adjustment. The exponential of the natural log
(given in parenthesis) denotes the percentage of remaining carbon mass compared to control plots under each burn severity (e.g., 1,
low-low; 2, low; 3, moderate; or 4, high). For example, approximately 14% of carbon mass from large live trees remained under
high-severity fire, while carbon mass from large dead trees increased over seven times under high-severity fire. The intervals includ-
ing the gray vertical line showed no difference from control plots under 95% confidence level.
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on carbon mass was focused on reduction of stem bole,
bark, and large branches based on the allometric equa-
tions of tree biomass utilized in FIA program (Smith
et al. 2006). Therefore, our approach excluded carbon
from foliage, shrubs, and small downed wood that occu-
pies a large portion of carbon consumption due to wild-
fires according to Meigs et al. (2009) and Campbell et al.
(2007). Our result of little reduction in woody carbon
mass by wildfire may also be related to the classification
of burned plots. We specified burned plots that experi-
enced any fire within 5 yr prior to field measurement.
Hence, the estimated wildfire effects may include delayed
mortality and short-term regeneration as well as the
immediate consumption of trees (Carlson et al. 2012).
There may be controversy on how to distinguish wild-
fire-affected forests from post-disturbance forests
because carbon dynamics after a wildfire substantially
vary by the nature of the disturbance (Raymond et al.
2015, Bartels et al. 2016). Limiting the criterion for clas-
sifying burned plots will allow us to quantify more
immediate effects of wildfires on forest woody carbon,
yet the decrease in sample size may hinder generalization
of the average effect estimates over the region.
Among the different burn severities, only moderate-

severity fires led to a statistically significant decrease in
total carbon mass, while high-severity fire did not show
statistically significant differences in the mean of total
carbon mass compared to control plots. This result
seemingly contradicts the general thought that more
woody carbon is consumed under more severe fire.
Peterson et al. (2019) found similar results for the Boul-
der Creek fire in British Columbia, Canada, where less
carbon remained under moderate burn severity than
under high severity in coarse woody materials. They
attributed this to the preexisting difference between the
moderate-severity fire plots and the other severity plots
(Peterson et al. 2019). However, in our data, no statisti-
cally significant differences in stand structure or species
composition were observed between moderate-severity
fire plots and the other severities during the preliminary
analyses. We speculated that the reason may be due to
disagreement of burn severity classification between the
ground measurements and satellite imagery metrics.
Whittier and Gray (2016) found that MTBS burn sever-
ity classification tended to classify burn severities as less
severe than the tree-mortality based classification from
field data did, potentially due to the delayed mortality of
large trees after a fire. Continued research on wildfire
effects using ground measurements may help improve
burn severity classification in relation with actual vegeta-
tion changes along with time since fire.

CONCLUSION

Propensity score matching allowed obtaining control
plots for which environmental conditions were compara-
ble to burned plots to quantify average wildfire effects

on aboveground forest woody carbon across the U.S.
Pacific Northwest. Among the three types of propensity
scores computed for forest inventory plots, DAPSM
matching was the most preferable for selection bias
reduction in terms of balance achievement and dealing
with unobservable confounding variables. The average
wildfire effect was calculated as the proportion of forest
woody carbon mass relative to control plots that showed
similar distributions of environmental covariates to
burned plots. This study serves as an applied example of
matching based on empirical data such as forest inven-
tory measurements and satellite imagery metrics. This
study supports Papadogeorgou et al.’s (2019) that both
spatial information and observed covariates should be
included for matching to address natural disturbances
for which cause-and-effect estimation are complicated.
Our results provide regional estimates of average wildfire
effects across all severities over Washington and Oregon,
USA, without the need for generalization from local
case studies. Matching methods will be a useful tool that
can enable effect quantification for other natural distur-
bances over landscapes, such as insects and diseases,
drought, and windstorms. Quasi-experimental methods
supported by observational data allow unbiased estima-
tion of effects caused by natural disturbances for which
experimental settings are unavailable.
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SUPPORTING INFORMATION

Additional supporting information may be found online at: http://onlinelibrary.wiley.com/doi/10.1002/eap.2283/full

DATA AVAILABILITY

Forest inventory and image data sources are provided in Appendix S2: Table S1. Data are available in an open repository, with
the exception of plot locations due to confidentiality issues; users needing the exact plot coordinates may contact the FIA program
directly as outlined in Appendix S2.
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