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Propensity score matching (PSM) and distance-adjusted PSM enable estimation of causal effects from observa-
tional data by selecting controls that are similar to treated observations in terms of environmental covariates and
spatial locations. Quantifying effects of natural disturbances such as wildfires often encounters limited avail-
ability of observational data due to the scarcity of ecological events or cost of data collection over large areas.
Using empirical data of national forest inventory plot measurements, we conducted a sensitivity analysis of
distance-adjusted PSM on data availability for wildfire effect quantification. Using Monte Carlo simulations, we

assessed the influence of sample size and covariates on the balance of propensity score distributions and the
performance of effect estimates. The inclusion of the distance measure in matching compensated for the omission
of key covariates. This study provides a practical guide of determining sample size and covariates for matching
with spatial information to analyze ecological data.

1. Introduction

Natural disturbances such as wildfires, disease and insect outbreaks
drive changes in the forest environment on a large scale. Wildfires, one
of the major natural disturbance agents, cause the instant removal and
redistribution of forest carbon (Dixon et al., 1994; Keith et al., 2014) as
well as long-term effects such as delayed tree mortality (Carlson et al.,
2012) and carbon losses through decomposition of dead trees (Eskelson
et al., 2016). However, the effects of natural disturbances such as
wildfire on forest dynamics are difficult to estimate due to the lack of an
experimental setting for natural disturbances. Quantification of the
impacts of natural disturbances and other ecological processes has been
largely based on statistical modelling using observational data (Liu
et al.,, 2011) instead of randomized experiments that control for con-
founding factors. Recent studies suggest quasi-experimental approaches
(Greenstone and Gayer 2009) for impact quantification of wildfires
(Butsic et al., 2017a; Larsen et al., 2019; Woo et al., 2021) to allow
causal inference from observational studies. Quasi-experimental
methods attribute causal relationships between a treatment (e.g., natu-
ral disturbance) and outcome (e.g., change in forest environment) from
observational data by specifying a control group that is as similar as
possible to the treatment group based on potential confounding factors
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(Campbell and Stanley 2015).

Propensity score matching (PSM) is one of the quasi-experimental
methods that enables cause-and-effect analysis from observational
data (Rosenbaum and Rubin 1983). A set of observations that were
affected by a natural disturbance (i.e., treated group) is matched to
observations that were not affected (i.e., untreated or raw control group)
based on propensity scores. The propensity score denotes the probability
of experiencing the natural disturbance conditional on the environ-
mental covariates (Rosenbaum and Rubin 1983). Balancing the pro-
pensity score distributions between treated and control groups removes
the possible selection bias introduced by the environmental covariates,
leading to a similar setting as that of a randomized experiment, which
assigns a known probability of treatment to the treated and control
groups (Stuart and Rubin 2004). The matched observations (i.e., control
group) with balanced propensity score distributions allow unbiased
estimation of the outcome of interest (Stuart 2010; Austin 2009).

Ecological data are often associated with geographical locations, and
the spatial information of the data can reflect some of the confounding
variables that were unmeasured (Dray et al., 2006). Because PSM
including geographical coordinates as covariates did not ensure the
spatial proximity between treated and untreated groups,
distance-adjusted propensity score matching (DAPSM) has been
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suggested by Papadogeorgou et al. (2019). DAPSM incorporates spatial
distance measures in addition to the estimated propensity scores to ac-
count for unobserved covariates. The application of PSM and DAPSM to
ecological data, however, was introduced only recently (e.g., Butsic
et al., 2017a; Woo et al., 2021), so the performance of these matching
methods in terms of balance between treated and control groups and
unbiasedness of the estimates under different data availability scenarios
is still unknown. Unlike large survey data from health science and
econometrics (e.g., >30,000 treated and >60,000 untreated from
Smeeth et al., 2009; >3000 treated and >100,000 untreated from Huber
et al., 2013), ecological data sets associated with natural disturbances
are often limited in size due to the scarcity of the natural disturbance
events (e.g., wildfire, disease, or insect outbreak) or the cost of data
collection over large spatial and temporal scales (Kremens et al., 2010).
In matching, availability of data can be identified based on the number
of treated observations, raw control observations, and environmental
covariates to estimate the propensity scores. Limited data on any of
these may affect the reliability of the causal effect quantification (Stuart
2010). The number of treated observations is directly related to the
variance of the estimated treatment effect (Brookhart et al., 2006), and
the number of raw control observations relative to the treated obser-
vations is associated with the bias in propensity scores (Heinrich et al.,
2010). The availability of covariates influences the exclusion of impor-
tant confounding variables when estimating the propensity scores
(Heckman et al., 1997). Given that matching based on limited data may
impose more severe bias on the effect estimation than regression ad-
justments (Stuart 2010), it is critical to understand the performance of
matching methods under different data availability scenarios and
identify a marginal size of data and covariate set required to implement
matching methods.

This study provides a sensitivity analysis of matching on data
availability in terms of the balance achieved in propensity score distri-
butions and of the estimated effect using a case study of wildfire effect
estimation. Woo et al. (2021) quantified the effect of wildfires on
aboveground live woody forest carbon using DAPSM and PSM based on
an empirical dataset of 23,150 forest inventory plot measurements from
Washington and Oregon, United States of America (USA). Taking
advantage of the large number of forest inventory plot measurements
used in Woo et al. (2021), we performed a Monte Carlo simulation to
generate subsets of the full dataset that contained 611 burned plots (i.e.,
treated) and 22,539 unburned plots (i.e., raw control). The propensity
scores of the burned and unburned plots were estimated based on
sixteen covariates that describe the different environment of plots, with
and without distance adjustment. We examined three scenarios of data
availability: 1) number of burned plots, 2) ratio of unburned plots
relative to burned plots, and 3) availability of environmental covariates.
For 3), we considered availability of the covariates based on data sources
to define four groups: topography, climate, land cover, and
remote-sensing variables. We first assessed how well the propensity
score distributions were balanced between the burned and the control
plots through matching. We then observed how the estimated wildfire
effect changed under the different scenarios. The effects of wildfire were
quantified as the difference in live woody carbon mass between the
burned and the control plots. We presented the balance achieved and
effect estimates under DAPSM and PSM to assess the bias and variability
expected within each matching method and data availability scenario.

By providing a sensitivity analysis of DAPSM and PSM based on real-
world data, the results of this study suggest practical guidelines of data
availability to be considered for wildfire effect quantification and, by
extension, estimation of other natural disturbance (e.g., Arovaara et al.,
1984) and management effects (e.g., Butsic et al., 2017b). Utilization of
national forest inventory data will broaden the opportunity to conduct
effect analyses over large spatial and temporal scales with spatially
balanced samples of forest conditions. The diagnostics of balance
achievement by matching presented in this study are applicable for
designing future quasi-experiments where the spatial distances as well
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as the environmental covariates play an important role in distinguishing
treated and raw control observations. By implementing matching
methods as quasi-experimental approach, causal effects can be esti-
mated from observational data to inform ecological problems for which
experimental settings are impractical.

2. Data
2.1. Forest inventory data

We used national forest inventory data of Washington and Oregon,
USA, from the United States Department of Agriculture Forest Service
Forest Inventory and Analysis (FIA) program (Smith 2002). Since 2000,
the FIA program has collected field measurements of forested lands (i.e.,
at least 10 percent potential cover by live trees) by measuring perma-
nent plots (4047-square meter in size) that represent a spatially
balanced sample of one plot for every 2400 ha (Bechtold and Patterson
2005). A plot consists of four circular subplots, and the measurements of
trees and environmental attributes are made at both plot and subplot
level. Ten percent of the plot locations are visited annually, resulting on
a 10-year remeasurement cycle (Bechtold and Patterson 2005).

Between 2001 and 2016, there were a total of 23,150 inventory plot
measurements in Washington and Oregon forests including 7994
remeasurements. We classified the plot measurements into burned (i.e.,
treated, t) and unburned (i.e., raw control, rc) based on the Monitoring
Trends in Burn Severity (MTBS, http://www.mtbs.gov/) map. Burned
plots were identified by spatially overlaying the plot locations on the fire
maps. Every FIA plot measurement that fell within the perimeter of a
wildfire that occurred less than five years prior to the measurement was
labeled as burned. Meanwhile, plots that had not burned at least ten
years prior to measurement were labeled as unburned. Here we refer to
the burned measurements as ‘burned plots’ and unburned measurements
as ‘unburned plots’ for simplicity. Thus, unburned plots may have
repeated measurements at the same location. To remove dependencies
among burned and unburned plots, previous measurements of burned
plots were excluded from the pool of raw control plots. Similarly, if a
plot burned twice, the measurements after the first wildfire were also
excluded to preclude the effect of reburn (Woo et al., 2021). A total of
611 burned plots and 22,539 unburned plot measurements were used for
the analysis. More details on the compilation of the data are available in
Woo et al. (2021).

2.2. Environmental covariates

For each forest inventory plot, we retrieved sixteen environmental
covariates that are associated with the probability of wildfire occur-
rence. These environmental covariates were grouped into four cate-
gories: 1) topography (TOPO), 2) climate (CLIM), 3) land cover (LAND),
and 4) remotely-sensed variables (REMO) (Table 1; additional details in
Woo et al., 2021).

Topography and land cover variables of the forest inventory plots
were measured in the field and obtained from the FIA database.
Topography covariates included elevation, slope, and aspect. Elevation
was measured at the center of the plot, and slope and aspect were
measured at subplot level according to the land classification within the
subplot (e.g., forested/non-forested land). We used the values of slope
and aspect that accounted for the largest percentage of the forested land
classification within the subplots. Land cover covariates including land
ownership, physiographic condition, and proportion of forested area
(Table 1) were measured at subplot level. For the class variables, we
used two categories of land ownership (public and private) and three of
physiographic class (mesic, xeric, and hydric) (Woo et al., 2021). We
assigned the land cover categories that accounted for the largest per-
centage within the four subplots.

Climate covariates consisted of six PRISM-derived variables related
to precipitation, temperature, vapor pressure, and moisture stress (Daly
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Table 1
Descriptions and sources of sixteen environmental variables used for matching
burned and unburned forest inventory plots.

Variable Abbr. Measurement unit/Description
Topography (TOPO)

Elevation ELEV Metres

Slope SLOPE Degrees

Aspect ASPECT Cosine value, degrees azimuth

Land cover (LAND)

Proportion of forested PROPforest % of plot area with forested condition (at
area least 10 percent potential cover by live
trees)
Owner group code OWNGC Categorical: Public, Private
Physiographic class PHYSCL Categorical: Xeric, Mesic, Hydric
Climate (CLIM)
Annual precipitation PRECP In mm * 100
Mean annual TEMP degrees C * 100
temperature
Coefficient of variation CVPRECP Variation between mean monthly
in precipitation precipitation of December and July
(wettest and driest months)
Mean temperature TEMPDIF degrees C * 100, difference between mean
difference August maximum temperature and mean
December minimum temperature
Mean summer vapor SVPD hPa
pressure deficit
Growing season GSMS degrees C/In mm, ratio of temperature to

moisture stress
Remotely-sensed data (REMO)
Normalized difference NDVI
in vegetation index
Tasseled cap brightness TC1
Tasseled cap greenness TC2
Tasseled cap wetness TC3

precipitation from May-September

et al.,, 2008). The climate covariates were derived from thirty-year
normal data (1981-2010) with 30-m resolution. The remote-sensing
data included four spectral and vegetation indices including the
normalized difference vegetation index (NDVI), and tasseled cap
brightness, greenness, and wetness in the middle of growing season, all
derived from annual Landsat satellite images with 30-m resolution.
Unburned plots were associated with the remotely-sensed variables in
the year that the plot was measured, and burned plots were associated
with the variables measured in a year before the wildfire to account for
stand characteristics that may be related to the risk of burning. To assign
the climate and remotely-sensed covariates to each of the plot mea-
surements the values of 9 pixels around the plot center location were
averaged. The climate and remotely-sensed metrics were obtained from
the Landscape Ecology, Modeling, Mapping, and Analysis (LEMMA)
team (https://lemma.forestry.oregonstate.edu/).

2.3. Aboveground live woody carbon

We obtained aboveground live woody carbon mass per plot (Mg
ha™1) for both burned and unburned plots, based on all live trees over
2.54 cm diameter at breast height (DBH) measured within the forest
inventory plot by the FIA protocol (Bechtold and Patterson 2005).
Aboveground woody biomass including stem, bark, and live branches
was estimated by the Pacific Northwest Research Station, USDA Forest
Service (Woodall et al., 2012). We converted the aboveground live
woody biomass into carbon mass using a carbon ratio multiplier of 0.5
(IPCC 2006). The obtained carbon mass was summarized as per ha
values (Mg ha™!) for each plot, and used as the outcome variable in
propensity score matching to assess the effect of wildfires. The estimated
wildfire effect is the difference in the outcome variable between burned
and unburned plots.
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3. Matching methods

3.1. PSM and DAPSM for assessing wildfire effects on aboveground live
woody carbon

Propensity scores in PSM denote the probability of receiving the
treatment conditional on the environmental covariates. The probability
assigned to each observation — in this study, the forest inventory plot — is
generally estimated using logistic regression. Distance-adjusted pro-
pensity scores in DAPSM consider spatial distances between burned and
unburned plot locations in matching. They are a weighted average be-
tween the propensity scores estimated from environmental covariates
and the normalized Euclidean distances between plot locations (Papa-
dogeorgou et al., 2019). Because the spatial distance may take into ac-
count unobserved covariates that were not included in the covariate set
to estimate the propensity scores, DAPSM should be preferred to PSM or
spatial matching (SM) that considers only the distances for matching
(Woo et al., 2021).

The quantification of wildfire effects on aboveground live woody
carbon using the matching methods followed three steps: First, we
estimated propensity scores of burned and unburned plots using logistic
regression with the sixteen environmental covariates. Then, we esti-
mated the distance-adjusted propensity scores as a linear combination of
the propensity scores and spatial distances between pairs of burned and
unburned plots. We used a weight of 0.5 to equally emphasize the
observed environmental covariates and the spatial distance, given an
earlier study that found other weights (i.e., 0.25, 0.5, and 0.75) did not
result in any difference in the effect estimation (Woo et al., 2021).
Finally, we matched the burned plots and unburned plots using PSM and
DAPSM to obtain a set of control plots that share similar covariates and
geographical locations. We employed matching without replacement
with a greedy algorithm (Austin 2011) that sequentially finds the
smallest difference in the distance-adjusted propensity scores between
the burned and the unburned plots. This algorithm is the most
commonly used in propensity score matching implementation (Austin
and Cafri 2020). The matched unburned plots were identified as control
plots. The estimates of the wildfire effects were then quantified as the
difference in aboveground live woody carbon mass between the burned
and control plots.

3.2. Sensitivity analysis of DAPSM under different data availability
scenarios

We ran Monte Carlo simulations to perform a sensitivity analysis on
the balance of propensity score distributions as well as effect estimates
when reducing the number of treated and raw control observations and
covariate sets. We created random subsets of forest inventory plot data
from the full data consisting of 611 burned plots (N;=611) and 22,539
unburned plots (N,=22,539). The full data was set as our reference
population for the Monte Carlo simulations (i.e., simulation population),
and the propensity scores estimated based on all available environ-
mental covariates using the simulation population were considered to be
the true propensity scores in our simulation. Because the number of
possible combinations of all covariates is very large, we grouped the
environmental covariates sharing similar attributes and sources as
stated in Section 2.2 based on the idea that the attainability of variables
is dependent on the accessibility to the data source. For example, TOPO
including elevation, slope, and aspect are easily available for researchers
through open sources such as digital elevation models (DEM) or
geographical information systems (GIS) for most regions (Bungartz
etal., 2018). The order of accessibility to the four groups of covariates in
our study was identified as TOPO-CLIM-REMO-LAND from the least to
the most costly to obtain. We considered four scenarios of environ-
mental covariate sets for propensity score estimation: 1) full set of
covariates with all four groups TOPO + CLIM + REMO + LAND, 2)
TOPO + CLIM + REMO, 3) TOPO + CLIM, and 4) TOPO + REMO
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Table 2
Simulated data availability scenarios and their values and conditions for DAPSM
and PSM. SM simulated n; and n,/n; only.

Simulated scenarios Values/Conditions
Number of burned plots 500, 250, 150, 100, 75, 50, 25
(ne)

Matching ratio (n./ n;) 30, 25, 20, 15, 10, 5, 4, 3, 2

1) TOPO + CLIM + REMO + LAND- full set of
environmental covariates

2) TOPO + CLIM + REMO

3) TOPO + CLIM

4) TOPO + REMO

Covariate set

(Table 2).

We examined three simulation scenarios of data availability: number
of burned plots (n;), number of unburned plots relative to burned plots
(ny./n.), and environmental covariate set. We varied numbers of burned
plots (n,) and unburned plots relative to burned plots (n./ n) for the
random subsets of data from the simulation population (Table 2) under
each of the four covariate set scenarios. From each combination of
subsets and covariate sets, the plots were matched using different
matching methods: DAPSM based on both the propensity scores and plot
locations, and PSM based only on the propensity scores. Additionally,
we implemented SM by matching the plots based only on the distances
among the plot locations. The process was iterated 100 times for each
combination of simulation values and conditions under different
matching methods. We observed the propensity score distributions and
the effect estimates under the data availability scenarios. We also
computed mean distance to the control plots from burned plots under
each matching method: DAPSM, PSM, and SM.

3.3. Evaluation of results

3.3.1. Descriptive statistics for evaluation of balance in propensity scores
The quality of the matching was assessed by the balance in pro-
pensity scores between treated and control groups (McCaffrey et al.,
2013; Stuart 2010). Here, balance means that the distribution of pro-
pensity scores of the matched pairs were similar, thus the matching
reduced the potential selection bias between treated and raw control
groups caused by the environmental covariates included in the model.
Rubin (2001) suggested three statistics to assess balance: 1) the differ-
ence in the means of the propensity scores between the treated and
control groups, 2) the ratio of the variances of the propensity scores, and
3) the ratio of the variances of the residuals of the covariates after
matching (Table 3). 1) and 2) represent the first and second moment of
the overall propensity score distribution, respectively. The ratio of the
variances of the residuals of the covariates is obtained by regressing each

Table 3

Baseline statistics of bias and variance ratio in propensity scores computed from
the simulation population (N;=611, N,./N, = 36.7) and controls obtained from
DAPSM with full covariate set including TOPO, LAND, REMO, and CLIM.

Raw control Matched control

N; =611, Ny = N, =611, N, =
22,359 611

1) Bias in mean PS: E(PS,) - E(PS;) 0.031 0.001

2) Variance ratio in PS: Var(PS,)/Var(PS;) 3.108 1.037

Percent of covariates for which
variance ratio of the residuals falls
within specified range

3) Variance ratio of the residuals for
individual covariates

<0.5 0 0
>0.5 and <0.8 18.75

<0.8 and <1.2 50 100
>1.2 and <2 31.25

>2 0 0

E: expected value, PS: propensity score, c: control group, and t: treated group.
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of the covariates on the estimated propensity scores. If the matching was
successful and the control group is similar to the treated group, the
means of difference and the variance ratios of the propensity scores
should be close to zero and one, respectively. Ratio of variance between
0.8 and 1.2 is considered adequate, while values below 0.5 or over 2 are
too extreme (Rubin 2001). For the ratio of the variances of the residuals
of the covariates, we computed the percentage of covariates that are
within each of the variance ratio ranges (i.e., <0.8 and <1.2, <0.5 or >
2) for the 16 variables considered, even if the model only included a
subset of covariates.

In addition to the statistics suggested by Rubin (2001), we compared
the absolute standardized mean difference (ASMD) in the sixteen
covariates between the unmatched and matched burned and unburned
plots to examine the balance at the individual covariate level (Nolte
et al., 2017; Austin 2009). ASMD was computed as the average differ-
ence standardized by the standard deviation of the variable for contin-
uous covariates and using the average difference in proportions for
categorical variables (Stuart 2010). ASMD values less than 0.2 indicate
adequate balance in the covariates, while ASMD values between 0.2 and
0.4 indicate moderate imbalance and ASMD values over 0.4 indicate
large imbalance (Cohen 2013).

Before matching, the bias and variance ratio of the estimated pro-
pensity scores using the full population of burned and unburned forest
inventory plots (N;=611 and N,./N; = 36.7) and the full covariate set
(16 variables; TOPO + CLIM + REMO + LAND) was very large (Table 3).
After DAPSM, the bias decreased by approximately 97% (from 0.031 to
0.001). The variance ratio decreased from 3.11 to a value very close to 1.
Thus, DAPSM with all 16 covariates resulted in a control group similar to
the burned plots in terms of propensity scores (Rubin 2001). Regarding
the ratio of the variance of the residuals of the covariates, 50% of the
covariates (8 out of 16) showed relatively large variance ratios (e.g.,
<0.8 or > 1.2) between treated and raw control, meaning that there was
imbalance between burned and unburned plots for those covariates
(Table 3). When DAPSM was applied, the variance ratios ranged within
0.8-1.2 for all covariates (100%, 16 out of 16) (Table 3). These three
statistics obtained from DAPSM and the full data set were the baseline to
compare bias and variance ratios from the subsets of data and covariate
set using DAPSM and PSM. We graphically presented the comparisons of
the descriptive statistics along with the combinations of the three
simulation scenarios for effective visualization (Pianosi et al., 2016).

3.3.2. Performance of matching estimates

The bias reduction and variability of matching estimates was
examined using the distributions of the simulated wildfire effect esti-
mates computed under varying sample sizes and covariate sets. The
wildfire effects were calculated as the difference in the aboveground live
woody carbon mass between the burned and control plots. We obtained
the baseline estimate of wildfire effects on aboveground live woody
carbon mass based on the simulation population to benchmark the effect
estimation. Based on the simulation population, the difference in the
mean aboveground live woody carbon mass between the burned and the
control plots was estimated as 30.95 Mg ha™! in absolute value. The
difference in the mean carbon mass between burned and raw control
plots was 50.82 Mg ha™?, so that the wildfire effect on aboveground live
woody carbon mass was overestimated by 19.87 Mg ha™! on average
due to the selection bias introduced by the different environmental
conditions between plots that burn and those that do not. We presented
the simulated wildfire effect estimates from the subsets of data against
the baseline estimate to assess the mean bias and the variability of the
matching estimates. Also, we computed relative bias of the simulated
wildfire effect estimates compared to the simulation population under
different data availability scenarios. The simulated estimates and their
relative bias were displayed as boxplots and matrix plots, respectively.
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4. Results

4.1. Balance in propensity scores under different data availability
scenarios

4.1.1. Smaller mean bias in propensity scores under larger n; and covariate
set with CLIM

The three scenarios of data availability in matching (i.e., n;, n./ ns,
and covariate set) jointly affected the mean bias in propensity scores
under DAPSM. A notable change in the mean bias in propensity scores
was found among different covariate sets. While there was little devia-
tion from the baseline bias under DAPSM with the full covariate set
including TOPO, CLIM, REMO, and LAND (<0.003, Fig. 1a), dropping
LAND variables (Fig. 1b) and CLIM (Fig. 1c) resulted in larger bias on
average: 0.005-0.007 and 0.007-0.019, respectively. Excluding REMO
from the covariate set also increased the bias but not much (e.g., <0.002
on average; Fig. S1 in Supplementary materials). The mean bias in
propensity scores was relatively constant across n;, with a minimal in-
crease in bias as n,/n; decreased to 10 (Fig. 1a and b). When the co-
variate set excluded CLIM variables (Fig. 1c), however, the increase of
bias was remarkable compared to the covariate sets including CLIM,
especially when n,./n. was less than 10. In contrast to the covariate sets
including CLIM (Fig. 1a and b), the bias increased with decreasing n, for
the covariate set that excluded CLIM variables (Fig. 1c).

Comparing DAPSM to PSM shows that including distance in the

Environmental Modelling and Software 144 (2021) 105163

matching process did not result in large differences in mean bias in
propensity scores as long as CLIM variables were included in the co-
variate set (Fig. 1a vs. 1d and Fig. 1b vs. 1e). Without CLIM variables,
PSM produced much larger bias than DAPSM regardless of n/n;
(Fig. 1f). Without any environmental covariates included in the
matching process (i.e., SM with distance only; Fig. 1e), the mean bias
showed a similar pattern to DAPSM without CLIM (Fig. 1c¢): small in-
crease in mean bias on average and a sharp increase in mean bias when
Ny /n:<10.

4.1.2. Smaller variance ratio in propensity scores under large n, and
covariate set with CLIM

The variance ratio in propensity scores between the burned and the
control plots generally followed similar patterns as the mean bias in
propensity scores: matching based on covariate sets that excluded CLIM
variables led to a large increase in the mean variance ratio with
decreasing n; and n,./n; (Fig. 2). When using the full covariate set, the
variance ratio fell within the range of 0.8-1.2 (i.e., close to 1) for most
combinations of n, and n,/n; except for n, less than 25 and ny./n; less
than 5 (Fig. 2a). Dropping the LAND variables resulted in variance ratios
larger than 1.2 for the majority of combinations of n, and n,./n;, but not
in extreme values exceeding 2 (Fig. 2b). Excluding CLIM variables from
the covariate set introduced large variability in the variance ratio among
different n, and n,./n; (Fig. 2¢). Small n; (i.e., <75) and ny. /n; (i.e., <5)
exhibited extreme variance ratios over 2, indicating imbalance in the
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Fig. 1. Mean bias in propensity scores (PS) under different number of burned plots (n;), unburned plots to burned plots (1. /n.), and covariate set. The burned and
unburned plots were matched based on each combination of simulation scenarios using (a)-(c) DAPSM, (d)-(f) PSM, and (g) SM.
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Fig. 2. Mean variance ratio in propensity scores (PS) between burned and control plots under different combinations of number of burned plots (1), unburned plots
to burned plots (n,c/n;), and covariate set, matched based on (a)-(c) DAPSM, (d)-(f) PSM, or (g) SM. The cutoff values of variance ratio from Rubin (2001): values
between 0.8 and 1.2 are considered to be adequate, while values > 2 are extreme. Values outside the range of the graphs are available in Fig. S2 in the supple-

mentary materials.

distributions of propensity scores between burned and control plots.
PSM produced slightly smaller variance ratios than DAPSM did when
CLIM was included in the covariate set (Fig. 2a vs. 2d, Fig. 2b vs. 2e).
PSM without CLIM, however, did not reduce the variance in propensity
scores between burned and unburned plots (red lines in Fig. 2f). Once
distance was included in the matching process, however, the variance
ratio substantially dropped, especially for large n, (>100) and n,./ n;
(>15) values even if no other covariates were included (Fig. 2g).

4.1.3. Smaller variance ratio of the residuals of the covariates under
DAPSM

Comparing raw control to controls obtained through DAPSM and
PSM, the improvement in the variance ratio of residuals of individual
covariates through matching was obvious in all covariate sets, showing
increase in the percentages of variance ratio between 0.8 and 1.2
(Fig. 3a—d). DAPSM exhibited larger percentages of variance ratio be-
tween 0.8 and 1.2 than PSM did, indicating the method was more
effective achieving balance in terms of individual covariates. SM based
on distance only was also more balance in individual covariates than
PSM, especially when n,./n,>10 (Fig. 3d).

As n; decreased, increasingly extreme variance ratios of the residuals

were observed for the matched plots, regardless of n,. /n; (Fig. 3a-d). n;
= 25 barely reduced the variance ratio for any n,./n, through matching.
When climate variables (CLIM) were included in the covariate set, the
distribution of variance ratios obtained through both DAPSM and PSM
did not differ much among the covariate sets (Fig. 3a—c). TOPO and
REMO variables, however, showed little initial imbalance in the vari-
ance ratio of residuals between burned and raw control plots (Fig. 3d)
compared to other covariate sets. In that case, PSM introduced more
severe imbalance in variance ratio than the raw controls (Fig. 3d).

4.1.4. DAPSM balances some covariates that were not included in
propensity score model

The average ASMD computed for each covariate showed major dif-
ferences between DAPSM and PSM under the same covariate set
(Table 4, Fig. S4). Comparing the raw controls of unburned plots to the
burned plots (i.e., unmatched), 11 out of 16 covariates were imbalanced
(i.e., ASMD > 0.2). Matching based on the full covariate set achieved
balance in all covariates under both DAPSM and PSM. When the co-
variate sets were reduced, PSM resulted in imbalance in the omitted
covariates (e.g., PHYSCL, TEMP, TEMPDF, SVPD, and GSMS under PSM
with TOPO + REMO; Table 4). On the other hand, DAPSM accomplished
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Table 4

Average ASMD across all combinations of number of burned plots (n) and unburned plots to burned plots (1. /n.) under different covariate sets and matching methods:
unmatched, DAPSM, PSM, and SM. Values under different number of burned plots (n;) and unburned plots to burned plots (n./n;) are available in Fig. S4 in the
supplementary materials.

TOPO + CLIM + REMO + LAND TOPO + CLIM + REMO TOPO + REMO
Unmatched DAPSM PSM DAPSM PSM DAPSM PSM SM
ELEV 0.347 0.077 0.108 0.075 0.118 0.072 0.084 0.103
SLOPE 0.292 0.089 0.094 0.100 0.098 0.087 0.084 0.226
ASPECT 0.129 0.091 0.080 0.089 0.083 0.091 0.082 0.130
PHYSCL 0.552 0.117 0.072 0.286 0.292 0.287 0.340 0.343
OWNGC 0.356 0.078 0.083 0.178 0.206 0.136 0.192 0.160
PROPforest 0.097 0.094 0.090 0.127 0.135 0.125 0.137 0.121
PRECP 0.349 0.082 0.091 0.078 0.092 0.091 0.195 0.087
TEMP 0.119 0.057 0.092 0.055 0.104 0.072 0.205 0.063
CVPRECP 0.199 0.053 0.081 0.051 0.080 0.064 0.128 0.056
TEMPDF 0.454 0.073 0.101 0.071 0.107 0.138 0.219 0.126
SVPD 0.610 0.079 0.077 0.075 0.076 0.193 0.436 0.166
GSMS 0.317 0.096 0.079 0.089 0.087 0.133 0.371 0.113
NDVI 0.367 0.089 0.086 0.086 0.089 0.090 0.079 0.136
TC1 0.103 0.095 0.077 0.092 0.082 0.099 0.084 0.122
TC2 0.460 0.079 0.092 0.077 0.093 0.075 0.076 0.164
TC3 0.232 0.090 0.081 0.087 0.085 0.093 0.082 0.122

ASMD values over the cut-off of 0.2 were highlighted in bold. ASMD >0.2 and <0.4 indicates moderate imbalance, and ASMD >0.4 indicates severe imbalance.
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balance in climate variables even though the CLIM covariates were
excluded in the propensity score estimation. SM generally achieved
balance in most of the covariates except for SLOPE and PHYSCL despite
the withdrawal of all covariates in the matching process.

4.2. Performance of wildfire effect estimates under different data
availability scenarios

Again, the three data availability scenarios n;, n./ n;, and covariate
set affected the bias and variance of wildfire effect estimates collec-
tively. Under DAPSM, the number of burned plots in the simulation
subsets (n,) was related to the bias of the estimates of average wildfire
effect, whereas the ratio of unburned to burned plots (n,./ n,) influenced
the variability of the estimates (Fig. 4). Dropping CLIM from the co-
variate set increased the bias and variability under small values of n, and
Ny /n; (Fig. 4c). When n, = 500, the simulated mean effect estimate
obtained from DAPSM was 30.84 Mg ha ™, similar to the baseline esti-
mate (30.95 Mg ha™1). The estimates of wildfire effect across all n, and

Environmental Modelling and Software 144 (2021) 105163

ny/n; values under DAPSM deviated on average by 25-30% from the
baseline estimate when the covariate set included CLIM variables
(Fig. 4a and b), whereas the average deviation was 43% for the covariate
sets without CLIM variables (Fig. 4c). n, less than 100 tended to show
large variability in the wildfire effect estimates, resulting in positive
effect estimates for a few subsets.

The bias of the effect estimates tended to increase with decreases in
n; and n,./n; under DAPSM (Fig. 4a—c), while the bias of PSM-derived
estimates was mostly dependent on covariate sets only, not on n; or n../
n; (Fig. 4d-f). The matrix plots (Fig. 5) suggested that the bias was
susceptible to small n,. /n, than small n,. When CLIM was included in the
covariate set, controls from DAPSM with n, = 100 and n,./n; = 20 were
found to show 20% bias compared to the simulation population (Fig. 5a
and c). For small numbers of n, and n,./n; (e.g., n,<100 and n,. /n,<10),
PSM exhibited smaller bias than DAPSM once CLIM was included in the
covariate set (Fig. 5).
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(a) DAPSM with TOPO + CLIM + REMO + LAND

(b) DAPSM with TOPO + CLIM + REMO
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(c) DAPSM with TOPO + REMO
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Fig. 5. Matrix plot of percent bias in the wildfire effect estimates under different combinations of n, n../n;, and covariate sets. For example, the combination of n, =
150 and n,./n; = 15 exhibited less than 20% of bias compared to the baseline estimate under (a) TOPO + CLIM + REMO + LAND, <30% under (b) TOPO + CLIM +

REMO, and <40% under (c) TOPO + REMO when using DAPSM.

4.3. Distance between matched pairs under different matching methods

The mean distance between the burned plots and the matched con-
trol plots under PSM ranged between 340 km and 360 km regardless of
the number of burned and unburned plots. It did not change substan-
tially, regardless of n, and ny./n;. The mean distance under PSM was
similar to the mean distance of all pairwise burned plots and raw control
plots in the full data (363.1 km). The maximum pairwise distance be-
tween burned and raw control plots in the full data was 945.8 km.

Under DAPSM, the mean distance varied from approximately 7
km-80 km, increasing with decreasing number of observations (Fig. 6).
The mean distance changed little among the covariate sets under the
same matching method. SM showed the smallest mean distance, ranging
from 4.4 to 65 km (Fig. 6).

5. Discussion

5.1. Covariates and distance affect the balance achievement in PS
distributions

When matching on the propensity scores alone (PSM), the covariates
included in the models were the key driver determining the balance of
the propensity score distributions between treated and controls. Neither

the sample size nor the ratio of the number of treated plots to controls
significantly affected the performance of matching. CLIM variables were
the key covariates to estimate the propensity scores for matching, so that
covariate sets without CLIM failed to fully reduce the selection bias
between the burned and the unburned plots. Our identification of CLIM
as the key covariates was expected, as climate is one of the most critical
factors determining wildfire occurrence (McKenzie et al., 2004; Weis-
berg and Swanson 2003) as well as carbon mass in forests (Stegen et al.,
2011) at a regional scale. The results imply that to achieve balance in
propensity scores, it is more effective to identify and include key cova-
riates than to increase the sample size.

Once distance was included in the matching process (DAPSM), the
importance of CLIM variables subsided except when the sample size was
very small. Large bias and variance ratio in propensity scores under PSM
without CLIM compared to DAPSM suggests that the spatial distance
partially incorporated the effect of CLIM variables in estimating the
probability of wildfire. The results of average ASMD also specifically
confirm that the distance measure contributed to balancing the envi-
ronmental covariates that were not included in the propensity score
estimation model, while PSM obtained balance only on the covariates
that were included in the model. Closer plots have higher chance to
share similar climate conditions (Di Cecco and Gouhier 2018), thus the
spatial proximity may have compensated for the exclusion of CLIM
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Fig. 6. Mean distance between matched pairs of burned and control plots under
DAPSM, SM, and PSM across n/n;.

variables. Even SM, based solely on spatial distance, outperformed PSM
without CLIM variables. The results emphasize the importance of
incorporating spatial measures to account for both observed and unob-
served confounding factors (Woo et al., 2021; Papadogeorgou et al.,
2019).

However, incorporating spatial proximity was no longer effective as
the observations became sparser over the study area. The bias and
variance ratio in propensity scores were remarkably large under sample
sizes n; around 150 or less and n,. /n,<10. This finding indicates that the
benefit of spatial distance operates at a particular scale where the
geographic variation lines up with the heterogeneity of important
covariates. The data of national forest inventory plot measurements
utilized in our study were distributed systematically over the states of
the Pacific Northwest at an approximate distance of 5 km between plots
(Bechtold and Patterson 2005). Hence, the spatial distance among the
plots captured relatively large-scale variation of climate rather than
local geography such as aspect and slope. In our data with the full
sample, the average distance between matched pairs under DAPSM was
about 7 km. When the distance between the pairs of treated and control
units became extreme due to the small sample size over the region,
spatial distance did not account for the variation of climate. When the
sample size decreased below n,<150 and n,./n;<10, the mean distance
was approximately 20 km. Thus, the ability of spatial distance to account
for the effect of covariates may be linked with the patterns of landscape
variables depending on the spatial resolution (Wang et al., 2014; Turner
et al., 1989).

The three data availability scenarios — the number of treated, number
of raw control relative to treated, and covariate set — interplay with each
other to achieve the balance in PS distribution between the treated and
the controls. As the performance of the models estimating propensity
scores degrades due to the omission of key covariates, spatial informa-
tion will compensate the lack of data unless the observations are too
sparse. Likewise, when less observations are available and the
geographic locations do not provide additional information, covariates
will become relatively more important. This is especially true when the
heterogeneity of the key covariates does not align with the spatial scale
of the data.
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5.2. Sample size suggestion based on the effect estimates using DAPSM
and forest inventory data

The effect of spatial distance in the performance of the matching was
also evident from the estimated effect of wildfire, defined as the dif-
ference in live carbon between burned and control plots. DAPSM was
superior to PSM showing less bias, most likely because the spatial dis-
tance accounted for additional information from unobserved covariates.
These results agree with a recent clinical study that shows that spatial
propensity score matching outperformed non-spatial matching (Davis
et al., 2021). However, our study further showed that including the
distance measure was less effective or counterproductive when the
sample size was very small and the distance between possible matches
too large. Then, the spatial distance provided no additional information,
resulting in an even larger bias in the estimates. While the critical
sample size may be scale dependent, based on the results of simulated
estimates, we suggest a sample size of at least n, =100 and n,./n, = 10 as
the threshold to apply DAPSM over Washington and Oregon. This
threshold of number of treated and raw control observations can serve as
a practical guideline when implementing DAPSM for further research
using forest inventory at regional scales. Further research may not be
limited to wildfire effects on carbon mass but on various outcomes of
interest that are closely related with climate variables, such as vegeta-
tion structure (Duguy et al., 2013), biodiversity (Gill et al., 2013), or
land use (Duguy et al., 2012).

The bias in the estimates of wildfire effects observed from our study
was generally larger than the results from Pirracchio et al. (2012) who
obtained less than 10% of relative bias when decreasing the sample size
from 1000 to 40. The relative bias from Pirracchio et al. (2012) was
obtained from Monte Carlo simulations using an artificial dataset for
which the data generation process was known. It is common to use an
artificial dataset for sensitivity analyses of PSM (e.g., Coffman et al.,
2020; Rubin and Thomas 1996) based on the true propensity score
model or true estimates. Our simulation, on the other hand, was con-
ducted with empirical data of forest inventory measurements that in-
volves additional uncertainty from sampling and measurement errors
(Rudolph and Stuart 2018; Bennett et al., 2013). The treatment in our
study was a binary factor of either presence or absence of wildfire,
because the effect of different severities of wildfires was beyond the
research interests of this study. Large variability across fire severities in
burned plots may have increased the bias of our estimated wildfire ef-
fects. Nevertheless, our study reflects actual relationships among the
environmental variables under the presence of wildfires contrary to
artificial data (Lechner and Wunsch 2013). Further application of
various extended matching methods including propensity score esti-
mation using generalized boosted models (McCaffrey et al., 2013) will
help to assess multiple treatment effects from observational data.

5.3. Future work using forest inventory data

DAPSM can be utilized to examine any post-disturbance effects based
on the current forest inventory data as long as the number of disturbed
plot measurements is sufficient, i.e., >100. If the number of treated plots
for a given disturbance is less than the desired threshold over a spatial
region, one could possibly increase the spatial and temporal intensity of
the inventory plot measurements in the database. Such temporal or
spatial intensifications are already effective as supplemental studies
under the FIA program: the fire effects and recovery study (FERS), used
to assess fire effects and post-fire carbon dynamics (e.g., Eskelson et al.,
2016), and the sudden oak death syndrome assessment (Jain and Fried
2010). Extension of matching methods such as matching with replace-
ment (e.g., Nolte et al., 2013) can also resolve the small sample size
problem (Austin and Cafri 2020), while maintaining high quality of
matching (Abadie and Imbens 2006). Taking advantage of the
well-defined population and unified protocol of measurements, the na-
tional forest inventory dataset combined with a variety of
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quasi-experimental methods will provide opportunities of continuous
causal effect analysis for ecological data.

6. Conclusion

This study presented a sensitivity analysis of distance-adjusted pro-
pensity score matching (DAPSM) in relation to data availability. We
examined three data availability scenarios in matching: number of
available burned plots, number of unburned plots relative to burned
plots, and environmental covariate set to estimate the propensity scores
for the quantification of wildfire effects using national forest inventory
plot measurements in Washington and Oregon. We conducted Monte
Carlo simulations of random subsets of burned and unburned plots to
quantify the wildfire effects under different covariate sets. For each
simulation, performance of DAPSM was evaluated as the bias and
variance ratio of propensity scores as well as the bias and variability of
the estimates of wildfire effect. We studied the influence of distance
measure in matching by comparing the performance of DAPSM to that of
matching without distance adjustment.

We found that the three data availability scenarios interacted to
affect the performance of matching. Among the three scenarios, whether
the covariate set included climate variables or not dominated the degree
of balance in propensity score distributions between burned and control
plots. Climate variables turned out to be the key covariates to analyze
the wildfire effect on forest carbon mass. The sample size, especially the
number of unburned plots relative to the burned plots, was closely
related with the distance between the matched pairs. Large distance
among the plots due to sparseness of observations over the region
resulted in severe bias and variability in the effect estimates because the
key covariates were not accounted for by the distance measure.

Based on our results, the importance of key covariates and the in-
clusion of the spatial measure were emphasized for applying propensity
score matching methods to account for both observed and unobserved
confounding variables. We also suggest a marginal sample size with at
least a hundred treated observations and a tenfold larger number of raw
controls to implement DAPSM over Washington and Oregon to achieve
balance in propensity score distributions and low bias in effect esti-
mates. Future studies implementing matching approaches for effect
analyses using forest inventory plot data will find this research useful to
determine the sample size and covariate set in relation with spatial
distances among the observations. National forest inventory data facil-
itate monitoring and the assessment of comprehensive forest resources
over large spatial and temporal scales. Utilization of DAPSM with forest
inventory data enables rigorous research on effect analysis not limited to
wildfires but applicable to other disturbances and ecological processes
where a randomized experiment is infeasible.
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Supplementary data to this article can be found online at https://doi.
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