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A B S T R A C T

Understory vegetation structure and its relationship with forest canopies and site conditions are important de-
terminants of carbon stocks, wildlife habitat, and fuel loading for wildland fire assessments. Comprehensive
studies are needed to assess these relationships through the use of consistently collected field-based data. One
approach to achieve this is to make use of preexisting forest inventory data to estimate understory vegetation
height and cover from site and overstory attributes. In this study, overstory, understory, and abiotic data de-
scribing site conditions were obtained from over 6700 Forest Inventory and Analysis (FIA) fixed radius plots
collected between 2000 and 2012 to assess how understory vegetation cover and height vary with overstory
attributes and site characteristics. The focus was restricted to four common forest types including lodgepole pine
(Pinus contorta var. latifolia), Douglas-fir (Pseudotsuga menziesii), ponderosa pine (Pinus ponderosa), and grand fir
(Abies grandis) found on approximately 43 million hectares in the western United States. Random Forest re-
gression classification trees were developed for cover and height of shrub and herb understories as a function of
field-measured predictor variables. Separate analyses were undertaken for the Pacific Northwest (PNW) and the
Interior West (IW) Forest Inventory and Analysis (FIA) regions. Models developed from the IW data generally
performed better and the OOB (out-of-bag) percent variance explained varied from 8.08% for forb height to
39.24% for shrub height. For the PNW data, percent variance explained ranged from 13.82% for forb height to
27.4% for shrub height. Percent variance explained values were higher in all corresponding models for the IW
than PNW, except for forb and grass height. Differences in model performance were smallest in the case of forb
cover (27.17% vs. 26.15%) and greatest in the case of percent shrub cover (30.92% vs. 15.53%) for IW and PNW
models, respectively. Cover models within each dataset performed better, on average, than their associated
height models. The most influential variables for predicting understory cover and height were ones representing
overstory conditions and conform to ecological expectation corroborated by many studies examining the in-
fluence of forest overstories on understory vegetation dynamics. Several variables, including aspect, slope, and
stand disturbance and treatment, were not important and contrary to expectation. Predicting understory ve-
getation attributes to aid assessments of carbon, fuel, and wildlife habitat may be more generalizable across
forests of the western U.S. using standardized national inventory data in conjunction with improved measure-
ments.

1. Introduction

Numerous ecological studies have focused on describing how
overstory, site, and understory vegetation interact with one another in
forested environments throughout the United States (Ffolliott and
Clary, 1982; McKenzie et al., 2000; Burton et al., 2014), in Canada
(Hart and Chen, 2006), in China (Ahmad et al., 2019), in Africa (Ensslin
et al., 2015) in Australia (Bauhus et al., 2001) and in Europe (Tonteri

et al., 2016; Hedwall et al., 2013; Sigurdsson et al., 2005). It has been
long understood that these interactions are both complex and dynamic,
and have profound effects on the composition, structure, and pro-
ductivity of understory vegetation. Considerable silvicultural research
in the past century has revealed the effects of site and overstory tree
density upon understory vegetation composition and production
through various management interventions such as thinning, prescribed
burning, and wildland fire. Enhancement of understory vegetation
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production has been achieved in many of these studies by strategic
removal of overstory trees and site preparation through these man-
agement practices (Sabo et al., 2008; Bailey et al., 1998; Uresk and
Severson, 1989; Hedwall et al., 2013; Tonteri et al., 2016; Bauhus et al.,
2001).

Understanding the effects of site and overstory structure and density
upon understory vegetation structure improves our understanding of
understory fuel loading (Lydersen et al., 2015; Olson and Martin,
1981), wildlife habitat (Hagar, 2007), and carbon stocks (Gray and
Whittier, 2014; Johnson et al., 2017; Sigurdsson et al., 2005) and se-
questration (Campbell et al., 2018; Suchar and Crookston, 2010), all of
which are functions of understory biomass production. Taken together,
predicting how forest understory vegetation will change in response to
proposed overstory management, disturbance, or natural succession is a
paramount endeavor in modeling forest change through time and
aiding landscape assessments of ecosystem properties.

Past efforts in modeling understory vegetation response to overstory
and site characteristics have been limited to specific scales, forest types,
and plant functional groups, and have often only focused on trees or
shrubs (Kerns and Ohmann, 2004; Moeur, 1985; Johnson et al., 2017).
Moreover, most studies describing understory vegetation have been
conducted at local scales limiting the spatial scale of application. Only a
few attempts have been made to use data collected at a national scale to
derive equations useful for estimating understory vegetation perfor-
mance across more extensive spatial domains. Gebert et al. (2008) used
national inventory data to estimate understory forest fuels but cited the
lack of available understory biomass equations for their accurate cal-
culation. Another study predicted understory herbaceous cover using
national inventory data for four forest types but only within a three
county-wide region in Alabama (Joyce and Baker, 1987). Forest un-
derstory species richness has also been modeled and predicted using
national inventory data but was restricted to coastal plain pine-domi-
nated forests of the southeastern U.S. (Timilsina et al., 2013). One si-
milarly broad-based study attempted to predict understory cover and
biomass as a function of relative stand percent canopy cover using in-
ventory data (Suchar and Crookston, 2010) but focused primarily on
the role of climatic factors, disturbance, slope and elevation, and
without additional overstory attributes. Another broad-based study
(Johnson et al., 2017) utilized national inventory data of understory
vegetation for estimation of U.S. carbon stocks in a novel approach
incorporating both allometric and spatial models of stand and remotely
sensed variables, but not as a direct function of field-measured site and
tree-level overstory attributes. Given the paucity of regional to na-
tional-scale studies aimed at describing relationships between overstory
and understory vegetation attributes and an increasing need to under-
stand ecosystems, it is critical to evaluate the ability of such national
datasets to reveal these relationships. The present study is unique in
that it signifies both an attempt to utilize national forest inventory data
to address such broad-scale questions and to fill an increasing need to
develop ecosystem-, regional-, and even national-level assessment and
analyses.

The difficulty in not utilizing national inventory data earlier for
these ends has been, in large part, due to the lack of a national standard
protocol by which to combine understory vegetation data over many
forest types for broad-scale analyses (Schulz et al., 2008). Increased
emphasis on the importance of understory vegetation inventory data in
recent years has provided impetus for establishing more standardized
measurements in order to permit consistent national and regional
analyses of understory vegetation (Bechtold and Patterson, 2005). Im-
proving measurement consistency in forest inventories is also taking
place internationally, as the need for such information increases to
address global-scale concerns, such as biodiversity and other effects of
climate change (Winter et al., 2008). However, it is unknown whether
these standardized datasets are useful for developing predictive equa-
tions that estimate understory attributes and what, if any, important
relationships exist between such measurements of overstory and

understory attributes collected in the field.
We attempt to address some of these needs by using national-scale

forest inventory data to examine the relationship between overstory
and site attributes with understory vegetation, and by identifying the
most important variables from inventory data that contribute to pre-
dicting understory vegetation structure (and biomass) using measured
attributes of height and cover. Both understory vegetation cover and
height have been used in many studies to predict biomass and conse-
quently fuel loading, net primary productivity, and quantification of
wildlife habitat (Olson and Martin, 1981; Alaback, 1986; Verschuyl
et al., 2018; Ohmann et al., 1981). Based on the extensive historical
literature on this topic, we expect that site differences and changes in
overstory conditions will similarly affect understory vegetation struc-
ture. Specifically, we expect that increases in overstory volume, density,
and canopy cover will be associated with decreased height and cover of
understory vegetation across forest types and that disturbance, treat-
ment, and site conditions will be influential in determining understory
vegetation structure.

2. Methods

2.1. Study area

The geographic scope of this study includes four major forest types
common to the western United States spanning nearly 43 million hec-
tares of the Pacific Northwest and Intermountain West regions
(Ruefenacht et al., 2008). They include lodgepole pine (Pinus contorta
var. latifolia), Douglas-fir (Pseudotsuga menziesii (including interior and
coastal varieties)), ponderosa pine (Pinus ponderosa), and grand fir
(Abies grandis) forest types (Eyre, 1980), all of which encompass a broad
range of environmental and vegetative conditions (Fig. 1).

2.2. Databases

Forest Inventory and Analysis (FIA) National Program Phase 2 in-
ventory data (O’Connell et al., 2013) were used for this study as they
contain a large and robust assemblage of measured abiotic, overstory,
and understory vegetation attributes appropriate to the task of under-
standing how understory vegetation may relate to site and overstory
components. FIA data were obtained from two sources covering the
western contiguous United States. First, plot data from the Pacific
Northwest (hereafter PNW) FIA Region (California, Oregon, and Wa-
shington) were obtained directly through FIA as a ready-made MS Ac-
cess database called the 2011 PNW FIADB Annual Inventory Database
(http://www.fs.fed.us/pnw/rma/fia-topics/inventory-data/index.php)
(USDA Forest Service, 2013). Second, plot data from the Interior West
(hereafter IW) FIA Region (Arizona, Colorado, Idaho, Montana, New
Mexico, Nevada, Utah, and Wyoming) were obtained directly through
their public website (USDA Forest Service, 2018) (available at: https://
apps.fs.usda.gov/fia/datamart/datamart.html) (Fig. 2).

2.3. Plot description

Data collected from the current national standard FIA plot design
were chosen for their measurement consistency and ease of scalability.
The current design consists of four circular subplots with three subplots
concentrically arranged around a single center subplot at a pre-
determined distance and azimuth (Appendix Fig. 1). Each subplot has a
7.3 m radius (168m2 or 1/59th ha) where trees greater than or equal to
12.7 cm diameter at breast height (DBH=1.37m) are individually
tagged and sampled. Within each subplot is a nested 2.1m radius mi-
croplot (13.5 m2 or 1/740th ha) for measurement of seedlings less than
2.54 cm DBH and saplings between 2.54 and 12.5 cm DBH. Understory
vegetation cover, composition, and canopy layer height, including all
seedling, sapling, and mature trees (i.e. tally trees), are measured se-
parately on each entire subplot in an ocular fashion. For very large
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diameter trees exceeding a predetermined diameter threshold, an op-
tional 17.9 m radius (1012m2 or 1/10th ha) macroplot is also used
(USDA Forest Service, 2014). The total area available for sampling,
including the macroplot, is approximately 4050m2 (or 0.4 ha).

2.4. Data selection

The historical range for all available data used in this study was
from 2000 to 2012, with the number of data collection years for most
states varying between nine and thirteen years. The notable exception
here is with the PNW data, in which only one year could be used (2011)
due to inconsistent understory vegetation measurement protocols (de-
scribed below).

Inventory plots were further delineated comprising only one
forested condition, that is, plots containing single uniform stand con-
ditions such as tree density, forest type, stand size class, and ownership,

etc. This reduced variability and minimized any edge effects that might
be present with more than one forested condition on a given plot. Plots
with recently cleared overstories and with complete and consistent
vegetation measurements on all four subplots were also included. A
total of 6,716 plots in eleven western states were retained for further
analysis (Fig. 2 and Table 1).

2.5. Independent/dependent variables

We used all measured plot variables that directly described both
overstory and site conditions demonstrated in many previous studies to
influence understory vegetation patterns. These included plot-, condi-
tion-, subplot-, and tree-level measurements that FIA routinely collects
at these measurement scales on each plot. Data tables from both FIA
regional databases were then further screened for attribute and mea-
surement consistency. Twenty-eight measured attributes were

Fig. 1. Spatial extent of the four Forest Inventory and Analysis (FIA) forest types selected for analysis in the western U.S. Total area represented is approximately 42.9
million hectares. Douglas-fir extent is approximately 21.6 million hectares; ponderosa pine - 12.0 million hectares; lodgepole pine - 7.4 million hectares; and grand fir
- 1.8 million hectares (Ruefenacht et al., 2008). Selected FIA plots are located within these areas except for South Dakota and Nebraska, which fall within the
Northern FIA Region.
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identified as important independent variables (Table 2) for predicting
understory vegetation growth and abundance. These included several
regional variables collected separately within each of the two FIA re-
gions. In total, 28 separate independent variables, 27 for the IW dataset
and 25 for the PNW dataset, were considered for analysis (Table 2).

For the dependent variables, understory vegetation height and
percent canopy cover of shrub, grass, and forb lifeform components
were used (Table 3). FIA collects vegetation height and cover for these
three commonly recognized lifeforms over each entire subplot, both in
an ocular fashion. However, due to inconsistent measurement protocols
of understory vegetation for most years of the PNW data (2001–2011),

only the last year of data (2011) that was provided could be used, since
national measurement protocols for understory vegetation were not
adopted until then for all FIA units (Patterson and O’Brien, 2011). This
resulted in only 362 single condition PNW plots available for analysis
(Table 1). This was not the case with the IW-FIA data, where all un-
derstory vegetation was either consistently measured or revised ap-
propriately according to national protocols to allow for between-year
comparisons.

Fig. 2. Distribution of Phase 2 Forest Inventory and Analysis (FIA) plots for both Interior West (IW) and Pacific Northwest (PNW) datasets selected for the present
study.
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2.5.1. Scaling variables

1) Independent variables – After selection of all predictor variables, it
was determined that the plot level was the most appropriate sam-
pling unit by which to conduct analyses. This meant that all vari-
ables measured at scales below this required upward scaling and
thereby included those that were collected at the individual tree-
and subplot-levels. In most cases, scaling was achieved by simply
taking the mode, average, or sum over all tree and subplot mea-
surements within a given plot. However, there were several special
cases encountered where summarizing measured attributes proved
more cumbersome, such as aspect and habitat type (Appendix
Table 1, Table 2).

2) Response variables – Understory vegetation measured on each
subplot also needed to be scaled up to the plot level. FIA collects the
percent cover for each lifeform at each of five individual vertical
layers. The first four layers are separate height classes (0–61,
62–183, 184–488,> 488, in cm) while the fifth layer represents an
aerial percent cover estimate. In determining estimates of average
plot lifeform cover, the aerial cover estimate associated with each
lifeform for each subplot was used; which is a top-down, over-
lapping view of the vegetation cover throughout all of the layers. By
definition, aerial cover cannot exceed the sum of all cover measured
for individual height layers, but can be less. Average plot lifeform
cover is then obtained by averaging the aerial percent covers for
each lifeform over all four subplots.

For calculation of average plot lifeform height over all four subplots,
the height of each lifeform was estimated using cover-weighted heights.
This is obtained by first calculating a lifeform’s relative cover for each
height class layer by summing the total lifeform covers over all four
height layers on each subplot and then determining the relative pro-
portion of cover for each individual height layer. The resulting relative
cover proportions, which always sum to one, are then multiplied by
their respective height class midpoints (i.e. 30, 124, 337, and 488 cm)
to obtain its cover-weighted height. These weighted heights are then
summed together for each lifeform and averaged over each subplot to
obtain an overall plot mean.

In the end, six variables representing height and percent cover for
each lifeform (shrub, forb, and grass) were calculated separately in this
way for each dataset (IW and PNW), consisting of: a) plot average
cover-weighted height and b) plot average percent cover for each of the
three non-tree lifeforms measured (Table 3). This resulted in twelve
total dependent variables, six for each dataset.

2.6. Analytical methods

We adopted a regression tree classification approach using Random
Forests (Breiman, 2001; Liaw and Wiener, 2002) since we wanted to
identify important variables and assess their ability and accuracy in
predicting understory cover and height from a large number of cate-
gorical and numerical predictors. In addition, Random Forests (here-
after RF) does not make any distributional assumptions about the re-
sponse and predictors nor of the nature of their relationship to one
another (Cutler et al., 2007). It is also robust against outliers and pre-
vents the overfitting of data (Breiman, 2001). Lastly, it is capable of
imputing missing data values, which is a common occurrence in many
ecological datasets.

The understory response variables representing percent cover were
expressed as proportions prior to modeling. Height response data were
not transformed and were modeled in their original scale. It was not
necessary to screen data obtained from both FIA sources prior to ana-
lysis, since FIA implements a stringent quality control process for each
field measurement (Pollard et al., 2006). Thus, all data were used in
their original form, including imperial units. All results were then
converted to common metric units.

All statistical analyses were done using R version 3.1.2 (R
Development Core Team, 2014) including the following libraries: (a)
caret, (b) doParallel, (c) ggplot2, (d) ggRandomForests, (e) gplots, (f)
gridExtra, (g) parallel, (h) randomForest, (i) randomForestSRC.

2.6.1. Random Forest parameters/missing data
We implemented the RF algorithm for regression in R using the

randomForestSRC package (Ishwaran and Kogalur, 2017). The default
parameter for the number of trees (ntree) was kept at 1000, since results
varied little after making several runs and increasing and decreasing the
number of trees. Another commonly modified parameter in RF is the
number of variables to be used to split a node (mtry), where we im-
plemented a training step in R for each model to optimize the number of
variables to be tried at each split in an individual tree. This alleviated
the need to specify a predefined number of variables beforehand and
was tantamount to a 10-fold cross validation.

Missing data were imputed using a modification of the missing data
algorithm from Ishwaran et al. (2008), in order to utilize all observa-
tions. Imputation for continuous variables are determined by a mean
rule and categorical variables via a modal rule. This method is referred
to as “on the fly imputation”, where data is imputed simultaneously
while growing a regression classification tree (Tang and Ishwaran,
2017).

Table 1
FIA single condition plot summary for Interior West (IW) and Pacific Northwest (PNW) datasets (2011 data for PNW only). All single condition plots contain four
accessible subplots where vegetation was equally measured on each. Forest types are taken from those defined by FIA and the Society of American Foresters (SAF).

FIA/SAF Forest
Type

# Plots (single
condition)

# Subplots (single
condition)

# Plots with live overstory and measured
understory vegetation1

Total # plots2

Interior West (2000–2012)
Douglas-fir 201 2529 10,116 2438 2529
Ponderosa pine 221 2001 8004 1910 2001
Grand fir 267 332 1328 327 332
Lodgepole pine 281 1492 5968 1359 1492
Total – 6354 25,416 6034 6354
Pacific Northwest (2011 only)
Douglas-fir 201 203 812 191 203
Ponderosa pine 221 95 380 85 95
Grand fir 267 27 108 27 27
Lodgepole pine 281 37 148 35 37
Total – 362 1448 338 362
Combined Total 6716

1 denotes plots where vegetation was fully measured in all four subplots.
2 total number of plots for each dataset include those with both live overstories and no overstories (e.g. recently harvested) and with complete vegetation

measurements taken over all four subplots.
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2.6.2. Model assessment and variable importance
The performance of the RF regression model can be examined as the

percent variance explained for the out-of-bag (OOB) portion of the
dataset. Models containing higher percent variance explained values
account for more variation in their data and hence represent better
model performance and fit. This is analogous to a traditional R2 but
since the out-of-bag predictions are averaged over a subset of the data
(roughly one-third) from which the percent variance explained is cal-
culated, it is a less forgiving and more pessimistically biased measure
than R2; which considers all of the data in other more traditional sta-
tistical approaches (James et al., 2013). Moreover, this aspect of model
performance is itself a means of cross-validation, since the OOB portion
of the RF model is never used for the development of the actual model,
but instead is used to test its predictive accuracy (Cutler et al., 2007;
Hastie et al., 2009).

Variable importance was calculated using the Breiman-Cutler per-
mutation method as described in Breiman (2001). This is first computed
by recording the OOB prediction error for each tree (described above).
Then, for each OOB case, a given variable is randomly permuted (i.e.
removed) before it is dropped through the tree grown for the in-bag
data. This is repeated for each tree and a new OOB estimate of pre-
diction error is calculated. Variable importance is the difference be-
tween this value and the estimate of OOB prediction error without the
permutation. Thus, large positive values indicate that the variable is
predictive, while zero or negative values indicate no predictive value
(Ishwaran et al., 2008).

2.6.3. Model prediction
Marginal dependence plots (also called variable dependence plots)

were generated for each variable in each model. Such plots may be used
to graphically characterize relationships between individual predictor
variables and predicted responses of cover and height obtained from the

RF regression algorithm. Marginal dependence relationships of vari-
ables give an idea of the overall trend between a given response-pre-
dictor by showing the predicted response as a function of a covariate of
interest. They depict the nature of the relationship of predictor vari-
ables as a function of the predicted response not averaging out the ef-
fects of the other predictors, as with partial dependence plots (Cook and
Weisberg, 1997). In other words, it is the estimated effect of a predictor
upon the predicted response not considering the effects of the other
predictors in the model. Variable dependence plots can only be gen-
erally interpreted, since each predicted response is dependent on the
full complement of covariates in the model. However, isolating the most
important variables within a model can illustrate how the RF predictors
respond in regard to specific variables of interest (Ehrlinger, 2015).

3. Results

3.1. Random Forest models

All twelve final RF regression models exhibited considerable stabi-
lity in performance, mean prediction error, and rankings of variable
importance (Table 4, Fig. 3). In addition to the measured variables
(Table 2), we also considered several derived measures of aspect (see
Appendix Table 1; Zar, 1999), which we thought would prove influ-
ential in predicting understory vegetation structure. However, in-
cluding these in several combinations resulted in little to no improve-
ment in either model performance or reduction in prediction error (not
shown). Moreover, all aspect measures within all models were among
the very least important variables in terms of their predictive power.
Therefore, we excluded these variables from our final models.

Table 3
Dependent variables for IW and PNW datasets calculated from subplot-level FIA understory vegetation measurements. See methods for description of cover-weighted
height calculations. Model names for each dataset are also based on the response variables listed below.

# Variable name Description Variable type Scaling method

1 Forb cover Mean percent cover of all forb species found on plot based on the average aerial cover layer for each subplot (n= 4). Continuous Average
2 Forb height Mean cover-weighted height of forbs, in meters, based on the cover-weighted height for each subplot (n= 4) and averaged

for each plot.
Continuous Average

3 Grass cover Mean percent cover of all grass species found on plot based on the average aerial cover layer for each subplot (n= 4). Continuous Average
4 Grass height Mean cover-weighted height of grass, in meters, based on the cover-weighted height for each subplot (n= 4) and averaged

for each plot.
Continuous Average

5 Shrub cover Mean percent cover of all shrub species found on plot based on the average aerial cover layer for each subplot (n= 4). Continuous Average
6 Shrub height Mean cover-weighted height of shrubs, in meters, based on the cover-weighted height for each subplot (n= 4) and

averaged for each plot.
Continuous Average

Table 4
Summary Random Forest model statistics for IW and PNW datasets. Model performance statistics are based on the out-of-bag (OOB) prediction dataset
for each model. Model names are based on the response variables described in Table 3.

IW (n=6354) PNW (n=362)

Model Measured Variables Measured Variables

Number of predictors 27 25
Forb Cover % variance explained 27.17 26.15

OOB prediction error 0.0063 0.0262
Forb Height % variance explained 8.08 13.82

OOB prediction error 0.2386 0.1448
Grass Cover % variance explained 27.27 19.53

OOB prediction error 0.0115 0.0194
Grass Height % variance explained 10.42 19.22

OOB prediction error 0.2409 0.1496
Shrub Cover % variance explained 30.92 15.53

OOB prediction error 0.0143 0.052
Shrub Height % variance explained 39.24 27.4

OOB prediction error 1.052 2.967
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3.2. Model performance

Overall, the IW models performed better (i.e. better model fit and
predictive ability) for each corresponding lifeform cover and height,
except for forb and grass height (Table 4). Average model performance
between datasets in terms of percent variance explained was higher
overall across IW models (23.85%) than with PNW models (20.28%).
For the IW models, percent variance explained (a measure of model fit)
ranged from 8.08% for forb height to 39.24% for shrub height. For the
PNW models, percent variance explained ranged from 13.82% for forb
height and 27.4% for shrub height.

Between corresponding models of each dataset, the differences in
percent variance explained were smallest for forb cover (1.02%) and
greatest for shrub cover (15.39%), both greater with the IW data. Both
forb and grass height for the PNW data represented better fits by 5.74
and 8.8 percent than their IW counterparts, respectively. Overall, both
IW and PNW shrub height models represented the best model fits with
the highest percent variance explained, where the IW model explained
nearly 12% more of the variance in shrub height than the PNW. The
forb height models had the lowest percent variance explained, where
the PNW model explained nearly 6 percent more of the variance.
Overall, cover models from both datasets performed better on average
than their corresponding height models, except in the case of shrub
height. Greater model performance (and hence model fit) of all models
was also demonstrated through lower OOB prediction errors, where the
smallest mean prediction errors were observed, in tandem, with the
highest values of percent variance explained.

3.3. Patterns of permutation-based variable importance

Clear patterns of variables and their relative importance were found
within all models for both IW and PNW datasets (Fig. 3, Table 5), where
often the same predictors appeared as the most important and least
important in terms of their contribution to predictive accuracy. In
nearly all models, the most important variables were most easily dis-
cerned within the top 5–10 by their relatively greater importance va-
lues. Below this approximate number, importance values tended to
converge and more slowly diminish in their predictive contribution,
making the top ten most important variables a convenient cutoff for
closer comparison of models both within and between datasets
(Table 5). Similarly, many of the same variables appeared as least im-
portant across all models and a similar cutoff would also allow for a
convenient comparison (Fig. 3). However, these are only briefly dis-
cussed in the aggregate over all models and we instead focus on the ten
most important variables, both in terms of their actual permutation
importance and, later, their ranked importance.

For all twelve models combined across each dataset, the top ten
variables accounted for between 69 and 86 percent of the permutation
importance of all of the variables in each model (Table 5). The top five
variables in each model across both datasets alone represented between
40 and 60 percent of the total permutation importance.

For the PNW data, the top ten variables in each model represented
between 72 and 86 percent of the total permutation importance
(Table 5). The top five most important variables for each model alone
represented roughly between 46 and 60 percent of the total permuta-
tion importance and included, among others: elevation, mean tree
height, forest type, total basal area, and gross tree volume. These latter
variables appeared most often as the top five most important variables

0 5 10 15 20 25 30

Mean tree height
Gross tree volume

Elevation
Number of trees
Total basal area

Forest type
Mean tree diameter

Mean tree age
Trees per hectare

Site productivity
Mean crown ratio

Habitat series
Mean slope

Site index
Physiographic class

Predominant diameter class (measured)
Predominant diameter class (computed)

Percent live canopy cover (IW only)
Ownership

Seedling trees per hectare
Percent live and missing canopy cover (IW only)

Primary stand disturbance
Primary stand treatment

Mean uncompacted live crown ratio (IW only)
Crown class

Topographic position (PNW only)
Secondary stand treatment

Secondary stand disturbance

Relative Rank (0=least important, ≥25=most important)

IW

PNW

Fig. 3. Combined mean rank variable importance values for the IW and PNW datasets. Relative rank represents the ranked average importance of each variable over
all models for each dataset. Variables with higher ranks reflect the most important variables and variables with similar ranks for each dataset reflect similar
importance of variables. Note the difference in maximum ranks between the two datasets, which reflects the number of model variables evaluated (i.e. 27 for the IW
and 25 for the PNW). See Table 2 for variable descriptions.
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Table 5
Top ten most important individual predictors (in descending order of importance) within cover and height models for the IW and PNW datasets. Percent relative
importance refers to the permutation importance of each variable relative to all other variables within each model. Regional variables are indicated with an *. See
Table 2 for variable descriptions. Model names are based on the response variables described in Table 3.

Model Rank IW Variable % Relative Importance PNW Variable % Relative Importance

Forb Cover
1 Gross tree volume 8.70% Site productivity 21.10%
2 Mean tree height 8.70% Site index 9.80%
3 Total basal area 8.00% Elevation 9.70%
4 Number of trees 7.90% Mean tree height 9.50%
5 Habitat series 7.00% Mean tree diameter 7.50%
6 Mean tree diameter 6.30% Number of trees 5.60%
7 Trees per hectare 5.90% Mean tree age 5.40%
8 *Percent live canopy cover 5.70% Gross tree volume 5.30%
9 Mean tree age 5.60% Physiographic class 5.20%
10 Elevation 5.40% Forest type 3.90%

Forb Height
1 Gross tree volume 11.20% Mean tree diameter 11.00%
2 Total basal area 11.20% Total basal area 10.90%
3 Number of trees 10.50% Gross tree volume 10.90%
4 Mean tree height 8.80% Mean tree age 10.80%
5 Mean tree diameter 7.20% Elevation 10.30%
6 Trees per hectare 7.10% Mean tree height 10.10%
7 *Percent live canopy cover 6.90% Site productivity 7.10%
8 *Percent live and missing canopy cover 4.30% Number of trees 6.40%
9 Mean tree age 4.20% Trees per hectare 5.40%
10 Site productivity 4.20% Forest type 3.40%

Grass Cover
1 Total basal area 10.80% Number of trees 21.30%
2 Number of trees 10.30% Physiographic class 15.90%
3 Gross tree volume 9.60% Site productivity 7.70%
4 Trees per hectare 7.10% Forest type 6.50%
5 *Percent live canopy cover 6.00% Total basal area 6.40%
6 Elevation 5.90% Gross tree volume 6.30%
7 Mean tree diameter 5.60% Mean tree height 5.90%
8 Mean tree height 5.40% Elevation 5.80%
9 Habitat series 4.70% Mean tree diameter 4.80%
10 Mean slope 3.90% Trees per hectare 4.10%

Grass Height
1 Gross tree volume 12.00% Number of trees 18.50%
2 Total basal area 11.20% Elevation 15.50%
3 Number of trees 11.20% Forest type 9.90%
4 Mean tree diameter 9.00% Mean tree height 9.30%
5 Mean tree height 8.30% Total basal area 6.50%
6 Trees per hectare 7.30% Trees per hectare 6.20%
7 *Percent live canopy cover 6.30% Gross tree volume 5.90%
8 Forest type 5.50% Physiographic class 4.30%
9 Mean crown ratio 4.10% Ownership 3.90%
10 Mean tree age 3.60% Mean tree diameter 3.60%

Shrub Cover
1 Habitat series 11.0% Elevation 16.6%
2 Elevation 10.2% Forest type 8.4%
3 Forest type 9.8% Mean tree height 7.4%
4 Mean tree height 9.2% Site index 6.8%
5 Total basal area 7.3% Gross tree volume 6.6%
6 Gross tree volume 6.8% Site productivity 6.1%
7 Number of trees 5.3% Mean tree age 5.4%
8 Site productivity 5.2% Number of trees 5.2%
9 *Percent live canopy cover 5.0% Total basal area 4.8%
10 Trees per hectare 4.7% Predominant diameter class 4.3%

Shrub Height
1 Elevation 15.1% Elevation 15.9%
2 Forest type 10.9% Mean tree age 10.7%
3 Site productivity 9.8% Forest type 8.9%
4 Mean slope 9.4% Mean tree height 7.6%
5 Mean crown ratio 6.0% Gross tree volume 7.5%
6 Mean tree height 5.7% Total basal area 7.5%
7 Mean tree age 5.0% Number of trees 5.9%
8 Total basal area 5.0% Mean tree diameter 5.5%
9 Gross tree volume 5.0% Site productivity 4.8%
10 Number of trees 4.9% Physiographic class 4.3%

M.A. Krebs, et al. Forest Ecology and Management 448 (2019) 509–527

517



in PNW models.
For the IW data, the top ten variables represented between 69 and

nearly 78 percent of the total permutation importance (Table 5). The
top five most important variables for each model alone represented
between 40 and 52 percent of the total permutation importance and
included, among others: total basal area, gross tree volume, mean tree
height, number of trees, and elevation. These latter variables also ap-
peared most often as the top five most important variables in IW
models.

3.4. Patterns of ranked variable importance (all models)

Comparing the mean ranks of all model variables for each model in
both datasets also revealed distinct similarities with both most and least
influential variables (Fig. 3). Overall, the top ten most influential
variables across both datasets for all lifeform cover and height models,
in descending order of importance from highest to lowest, were: mean
tree height, gross tree volume, elevation, number of trees, total basal
area, forest type, mean tree diameter, mean tree age, trees per hectare,
and site productivity. The top ten least influential variables overall
(excluding regional variables specific to either IW or PNW regions), in
ascending order of importance from lowest to highest, were: secondary
stand disturbance, secondary stand treatment, crown class, primary
stand treatment, primary stand disturbance, seedling trees per hectare,
ownership, predominant diameter class of live trees (computed), pre-
dominant diameter class (measured) of live trees, and physiographic
class.

Between the IW and PNW datasets, similar patterns of variable
importance existed but with two notable exceptions. For the IW data,

both trees per hectare and percent live canopy cover were also con-
sidered among the ten most important variables. Thus, for the IW
models overall, the top ten most influential variables, in descending
order of importance from most to least influential, were: gross tree
volume, total basal area, mean tree height, number of trees, elevation,
mean tree diameter, trees per hectare, percent live canopy cover, forest
type, and mean tree age (Fig. 3).

The notable exceptions for the PNW data were physiographic class
and site productivity, which were among the top ten most important
variables, and habitat series, which was among the least influential
variables (Fig. 3). Thus, the top ten most influential variables across all
PNW models, in descending order of importance, were: elevation, mean
tree height, number of trees, forest type, gross tree volume, total basal
area, site productivity, mean tree age, mean tree diameter, and phy-
siographic class. A complete table containing all variables and their
ranking (based on permutation importance) over all cover and height
models by lifeform for each dataset can be found in Appendix Table 2.

3.5. Patterns of permutation-based variable importance for individual grass,
forb, and shrub models

Clear patterns of variable importance were also found within in-
dividual lifeform models for each dataset. Within grass cover and height
models for the IW and PNW data, number of trees, total basal area, gross
tree volume, trees per hectare, mean tree height, and mean tree diameter
appeared in all four models as important variables (Table 5). Forest type
appeared as a top ten variable in all grass models except for IW grass
cover, and percent live canopy cover, which was only measured for the IW
data, appeared in both IW models. Elevation appeared in the top ten most
important variables in all models except for grass height. Physiographic
class appeared as important in both PNW grass models.

In both forb cover and height models for the IW and PNW data, mean
tree height, gross tree volume, number of trees, mean tree age, and mean
tree diameter were the most common important predictors in all four
models (Table 5). Elevation appeared in all models except for IW forb
height while site productivity appeared in all models except for IW forb
cover. Total basal area and trees per hectare appeared in all models except
for PNW forb cover, while forest type appeared in both PNW forb models.
Percent live canopy cover appeared in both IW forb models and percent
missing live canopy cover appeared as important predictors in the IW forb
height model. Both of these variables are regional.

In shrub cover and height models for the IW and PNW data, ele-
vation, forest type, mean tree height, total basal area, gross tree vo-
lume, number of trees, and site productivity were the most common
important predictors in all four models (Table 5). This represents the
greatest number of commonly appearing important variables (seven)
across lifeform models. Mean tree age appeared in all models except for
IW shrub cover. The IW regional variable, percent live canopy cover,
appeared only in the shrub cover model.

For all models combined, several variables for each model within
and between datasets appeared as most commonly important, that is,
occurring as top variables in all models. Across the six models for the
IW dataset, the most frequently occurring top ten important variables
that were found include mean tree height, number of trees, and gross
tree volume. These three variables appeared as top ten variables in all
six IW models (Table 6). Similarly, for the PNW, the most commonly
occurring most important variables that were found in all six PNW
models also include mean tree height, number of trees, and gross tree
volume. In addition, both elevation and forest type also appeared
within the top ten most important variables in all six PNW models.

For both datasets overall, the most important variables common to
all twelve models included mean tree height, number of trees, and gross
tree volume. The most commonly occurring least important variables
that were found across all models include primary and secondary dis-
turbance, primary and secondary treatment, and crown class (Fig. 3,
Table 6).

Table 6
Frequency of most and least important variables in cover and height models for
the IW and PNW datasets. Frequency of variables refers to the number of times
a predictor appears as a top ten ranked variable in each dataset model. Least
important variables (in asterisks) are those that appeared only in the bottom ten
variables for all models. Frequency values range from zero to six, reflecting the
maximum number of models for each dataset. Most important variables ap-
pearing most frequently in models as top ten variables are indicated in bold.
Marginal plots of these variables are shown in Fig. 4. NA refers to regionally-
specific variables that were not measured. See Table 2 for variable descriptions.

Variable IW PNW

Mean tree height 6 6
Mean tree age 4 4
Mean crown ratio 2 0
Mean tree diameter 4 5
Mean slope 1 0
Mean uncompacted live crown ratio (IW only)* 0* NA
Crown class* 0* 0*
Number of trees 6 6
Primary stand disturbance* 0* 0*
Secondary stand disturbance* 0* 0*
Primary stand treatment* 0* 0*
Secondary stand treatment* 0* 0*
Elevation 4 6
Predominant diameter class (measured) 0 0
Forest type 3 6
Habitat series 3 0
Percent live canopy cover (IW only) 5 NA
Percent live and missing canopy cover (IW only) 1 NA
Ownership 0 1
Physiographic class 0 4
Site index 0 2
Site productivity 2 5
Predominant diameter class (computed) 0 0
Total basal area 6 5
Seedling trees per hectare 0 0
Trees per hectare 5 3
Gross tree volume 6 6
Topographic position (PNW only) NA 0
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3.6. Predictive patterns of most important variables

In considering the six most important variables (mean tree height,
number of trees, total basal area, gross tree volume, elevation, and forest
type) based both on their mean rank and frequency within cover and
height models from both datasets (Table 6), we see the predicted model
responses as a function of each of these predictor variables (Fig. 4). The
predicted mean cover and height response for all shrub and forb models
generally increased with increasing mean tree height but decreased with
grass models in both datasets. According to the variable prediction models,
understory cover and height decreased with increasing tree number for
most models except for PNW forb cover and shrub height, where it was
generally increasing. For both shrub cover models, there was little to no
relationship between predicted shrub cover and number of trees.

Predicted cover and height for most models in both datasets generally
decreased with increasing total basal area and gross tree volume. The ex-
ceptions here were with PNW forb cover and shrub height, where forb cover
was predicted by our models to increase with increasing basal area and tree
volume, and with IW shrub cover and height, where little to no relationship
was evident. Predicted response for both cover and height generally

decreased in all models with increasing elevation except for PNW grass cover
and grass height, where cover and height both increased with elevation.

Mean predicted response of understory cover and height also varied
with forest type (representing the four major forest types considered here).
Forest type was the most important categorical predictor and was present
as a top ten variable in all six of the PNW models and in three of the IW
models (Table 6). In all of the models except for grass cover and height,
the highest predicted cover and height responses were found in either
Douglas-fir or grand fir forest types, and lowest in both ponderosa and
lodgepole pine forest types. In the four grass height and cover models,
mean predicted grass cover and height were highest in the ponderosa pine
forest type, while lowest in the Douglas-fir type of the PNW and in the
grand fir and lodgepole pine forest types of the IW (Fig. 4).

4. Discussion

In this study, we considered many field-measured variables, both
biotic and abiotic, for inclusion in our models, relying on those readily
measured in the field by FIA as part of their annual plot inventories. We
demonstrated that clear and similar patterns of measured variables exist

Fig. 4. (a and b). General predicted marginal relationships of most frequently occurring top six important variables across all models for the IW and PNW datasets.
Mean predicted responses are shown along with 95% confidence intervals. Ranges for response axes for cover models are given directly below each model name in
percent and in centimeters for height models. For forest type plots, the x-axis is given at bottom (DF=Douglas-fir, PP=ponderosa pine, GF=grand fir,
LP= lodgepole pine). See Table 2 for variable descriptions. Model names are based on the response variables described in Table 3.
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that are influential in predicting understory vegetation cover and height
over all lifeform cover and height models in the forest types we con-
sidered. We also found similarly consistent patterns with regard to the
least influential variables.

We were not overly surprised that several of these variables re-
presenting overstory conditions proved influential, since they depict
longstanding relationships supported by considerable previous work of
the effects of overstory on understory vegetation (discussed in Section
4.2 below). These include tree height, density, canopy cover, and vo-
lume. Elevation was also very influential and this has also been well
established as an important topographic factor in many such studies.

We were surprised, however, that several other variables were not
important in contributing to predictions of understory vegetation struc-
ture. These include additional topographic variables such as aspect and
slope, which have been well established to play a significant role in de-
termining understory vegetation patterns, distribution, and abundance.
We were also surprised that habitat series (Pfister et al., 1977), and stand
disturbance and treatment histories were not more prominent in our
models. We discuss possible reasons for these results below in Section 4.3.

Nonetheless, these results show promise in using national and re-
gional forest inventory data to predict understory vegetation structure
and biomass and would greatly facilitate efforts to estimate terrestrial
carbon stocks, fuel loading, and wildlife habitat. However, more work is

clearly needed as we discuss below in Section 4.4.

4.1. Model implications

Individual model results of understory cover and height were highly
variable and were generally weak to moderate in their predictive ac-
curacies when applied to the test OOB data. Overall, they did not account
particularly well in explaining the variation of understory lifeform height
and cover within the plots we considered. This was especially true of forb
and grass height models, which explained only between 8% and 19% of
the test data variance. Shrub height models represented the best model fits
with between 27% and 39% of the variance explained. These results un-
derscore both the longstanding difficulty and complexity in capturing
understory vegetation structure and dynamics, especially over the large
geographic regions we considered.

Our results are comparable to Suchar and Crookston (2010), whose
work is most closely aligned with the present study. They assessed
understory vegetation cover and biomass using regional inventory data
from national forests of the Pacific Northwest and focused on climatic,
disturbance history, topographic, soil, and overstory canopy cover at-
tributes as predictors. The percent variance explained by their RF
models for understory cover and biomass indices ranged from 37 to 44
percent, a result similar to ours. They found that climate, elevation, and

Fig. 4. (continued)
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slope were highly significant predictors of understory structure and, in
the case of elevation, corroborate our findings that shrub and herb
cover all decrease with increasing elevation. Slope played an influential
predictive role in their study but was a variable of only intermediate
importance in our models. In both studies, disturbance history had been
expected to play a greater role but these data suffered from inconsistent
and anecdotal records. A key difference between the present study and
theirs is that they focused more on site attributes while we emphasized
stand and overstory characteristics, but with comparable results. Thus,
in comparison, we conclude that our focus on plot-level overstory at-
tributes did not improve predictability of understory vegetation.

In another related study, FIA inventory data was used to estimate
understory species richness in coastal plain forests of southeastern U.S.
(Timilsina et al., 2013). Among the most important variables in their
models included forest type, stand age, and disturbance and treatment
histories. Their regression tree models explained approximately 57% of the
variation in herbaceous species richness. With the exception of forest type
and stand age, the importance of these variables is in contrast to our re-
sults where stand disturbance and treatment history were among the least
important variables. This is likely due to the much greater availability of
these data in these highly managed forests but nonetheless highlights the
potential role that such variables could have played in our models if such
stand history information were present in our data.

Nonetheless, and despite the limited ability of these predictors to
better account for understory structure, a substantial finding is the
identification of the most and least important field-collected variables
that commonly contributed to these models. The top ten variables for
each model alone accounted for more than two-thirds of the total
variable importance, while the least important variables accounted for
typically less than five percent. Despite these limitations however, the
presence of these variables and their predicted relationships with un-
derstory vegetation structure appear to coincide, at least in part, with
our ecological expectation of them based on previous studies. This is
discussed in the following section.

4.2. Most important variables

The majority of top variables for each of the cover and height
models are ones that relate exclusively to overstory structure conditions
and canopy closure. In these cases, the variables predicted to be im-
portant by the RF algorithm appear to, in part, substantiate ones typi-
cally found in many silvicultural studies of the effects of overstory
conditions upon understory vegetation structure. In the aggregate,
these variables represent individual measures of overstory tree size and
density; attributes both of which have been shown to influence un-
derstory vegetation structure through their effects upon canopy closure
and competition for light and nutrients.

For example, increases in tree size (basal area and height), density
(number of trees and trees per hectare), and volume (gross tree volume) as
part of stand development have typically resulted in decreases in un-
derstory vegetation abundance in many forests (Ffolliott and Clary, 1982;
Alaback, 1982; Hedwall et al., 2013; Tonteri et al., 2016; Bakker and
Moore, 2007; Bataineh et al., 2006). However, the predicted responses of
vegetation cover and height in our models were very mixed here and clear
predictive trends were sometimes difficult to discern. Predicted forb cover
generally increased with increasing average tree height, tree density, total
basal area, and gross tree volume, whereas predicted forb height generally
decreased against these predictors. This finding was complemented by
Jules et al. (2008), who examined a 420-year chronosequence of interior
Douglas-fir stands, where forb cover also increased with stand age and
overstory canopy closure. They explained this increase in very old stands
as likely due to both the greater structural complexity of the overstory
canopy allowing gaps in light penetration and the presence of dispersal-
limited forb species that very gradually expand and recolonize over cen-
turies. This may well be the case within our data but we do not have
enough detailed information to substantiate this.

Conversely, predicted shrub cover tended to decrease with the PNW
data and increase with IW data against these four overstory variables.
This was also observed by Jules et al. (2008) and seems consistent with
the notion that the IW region is generally more arid than the PNW,
where tree cover (which is on average greater in the PNW region) in-
creases light attenuation, and becomes more of a limiting factor con-
straining shrub growth. Increasing tree cover in the IW region may
indicate increased water availability and hence improved growing
conditions for both trees and shrubs, but tree canopy cover closure may
not be so pronounced as to create such a light-limited environment
restricting shrub growth.

In contrast, both predicted grass cover and height uniformly de-
creased in both datasets as each of these overstory predictors increased.
Considering also the mostly concomitant predicted increases in both
forb and shrub cover and height, this suggests that grass abundance
may be constrained through canopy closure by increased forb and shrub
abundance, as well as by increased overstory size and density. This
complements other studies, including those in longleaf pine forests of
the southeastern U.S., where (C4) grasses tended to decline with in-
creased overstory basal area and density (Veldman et al., 2013), and in
graminoid cover of older unmanaged interior Douglas-fir stands, which
favored more shade tolerant species (Jules et al., 2008).

Admittedly, many of these tree-based variables are biometrically
correlated with one another and both the IW and PNW data exemplified
this to similar degrees. For example, tree diameter is correlated with
total tree basal area and tree height, and consequently tree volume.
Tree diameter is also correlated with tree age, especially when site
conditions are considered. The number of trees is also directly corre-
lated with total trees per hectare. For all of these correlated predictors,
there is evidence that suggests that the RF algorithm tends to select
those variables with high collinearity (Nicodemus et al., 2010). Our
results illustrate the unique selection procedures of the RF algorithm
when compared with other classification methods by spreading the
variable importance across several variables, instead of removing them.
This potentially guards against the elimination of variables that are
good predictors of the response and that may be ecologically important
despite being correlated with other predictors (Cutler et al., 2007). In
addition to these reasons, we decided to keep these variables since they
also represented ones that are easily measured and were an important
objective of this study. Moreover, studies like this are not numerous and
thus the information about these variables is valuable.

Elevation was also an important variable in all of the PNW models
and in four of the IW models. It was also the variable with one of the
most consistent and distinct predicted relationships within all of the
models that were considered. Predicted values of both understory cover
and height generally decreased with increasing elevation in ten of the
twelve models. The exception to this was with grass height and cover
for the PNW, where the predicted height and cover of grass increased
with increasing elevation. This relationship is also consistent with the
findings of Suchar and Crookston (2010), where elevation was deemed
a significant predictor, with both understory biomass and cover de-
creasing with elevation. Ensslin et al. (2015) also reported decreases in
understory biomass, especially shrubs, over a broad elevation gradient,
owing largely to differences in precipitation patterns. This decline may
also be due to colder temperatures, shorter growing season, and
thinner, less productive soils associated with higher elevations. Eleva-
tion for PNW plots ranged from 30 to 3050m and from 470 to 3475m
for IW plots, which represent very broad elevational gradients for both
regions that would allow for this possibility. It is possible too that the
predicted relationship of increasing grass cover and height with in-
creasing elevation for the PNW data reflects an overall dominance of
non-graminoid species associated with these plots in the much more
productive forest environments found at lower elevations.

Forest type also exhibited trends that seem somewhat consistent
with our ecological understanding of the four forest types we con-
sidered. Predicted cover and height for both forb and shrub were
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highest in the grand fir and Douglas-fir forest types for each dataset.
Both of these types are typically more productive and would be ex-
pected to support greater amounts understory vegetation (Pfister et al.,
1977). Alternatively, highest predicted grass cover and height was
observed in ponderosa pine forests, which represent here the most
drought tolerant forest type. Since graminoids are known to thrive and
are well adapted to more arid conditions, this also supports the ex-
pectation of their greater abundance in these forests (Gibson, 2009).

Very similar to elevation, the trends in predicted cover and height
for forbs and shrubs declined as site productivity declined (not shown).
This was not the case for grass cover and height, where mean predicted
cover and height increased for the PNW data as site productivity de-
clined (there was no little to relationship present with the IW data).
Again, these trends are consistent with ecological expectation in that
sites containing greater growth potential will also generally support
greater amounts of understory vegetation, shown by many studies
(Hedwall et al., 2013; Hart and Chen, 2006). A possible reason why
grass was seen in our data to increase with declining site productivity
may again be due to its ability to withstand and better compete in drier
conditions and on less productive sites (Gibson, 2009).

One last important predictor deserves mention. It is percent live ca-
nopy cover, which is a regional variable that was measured only on the IW
plots and appeared as a top ten variable in five of the six IW models
(except for shrub height). Percent live canopy cover is a measure of
overstory tree crown closure for the plot ranging in value from 0 to 99
percent, and is an important measure of overstory density used in many
related studies (e.g. Suchar and Crookston, 2010; McKenzie et al., 2000;
Jules et al., 2008). Predicted forb and grass height, and grass cover all
tended to decrease with increasing live canopy cover (not shown), a result
largely corroborated by these studies (McKenzie et al., 2000; Jules et al.,
2008) and many others; due to greater light attenuation of increasing
crown closure on more shade intolerant species. Later releases of the PNW
data included the measurement of percent live canopy cover on all plots
and may have proved to be of similar predictive importance.

4.3. Least important variables

Primary/secondary stand disturbance and treatment history, and
crown class were all found to be the most consistently least important
variables in all models and contributed the least overall to their overall
predictive ability. In addition, the regional variables mean un-
compacted live crown ratio (IW) and topographic position (PNW) were
also consistently among the least important variables. We expected a
greater influence of both stand disturbance and treatment history
measures, but there was a general lack of collected information present
to discern any meaningful effect, despite recoding and simplifying these
variables as presence/absence. Many of our selected plots are located in
areas where little to no disturbance or treatment was evident both in
the previous 5–10 years and covering an area at least 0.4 ha in size,
which are the thresholds FIA crews use for recording these data.
Similarly, crown class offered little variation or contrast to discern any
effects, which was likely made worse by using the mode as a summary
measure for each plot. For mean uncompacted live crown ratio, nearly
one quarter of the observations were missing and were subsequently
imputed, which would have reduced overall variation in the plots.
Lastly, the PNW regional variable, topographic position, was also not
very discriminating in revealing any effect, with over three quarters of
all plots occurring either on upper, middle, or lower hillsides.

Several of the least important variables had negative importance va-
lues in most of the PNW models (not shown), which may be related to the
much smaller sample size of these data, or simply an artifact of the per-
mutation process. Since variable importance here uses the method of
randomly permuting the variable and determining the difference between
the OOB prediction errors both with and without this variable, positive
importance values signify that the model predictive accuracy is reduced
without the variable. Consequently, an importance value of zero means

that the variable contributes nothing to model predictive accuracy and a
negative value actually improves model accuracy if that variable was not
included; implying that model noise is actually more important when that
variable is absent versus present (Ehrlinger, 2015).

It was surprising that measures of both slope and aspect did not play a
greater role in our models, since it is well known that vegetation is greatly
affected by topography, or the combination of elevation, aspect, and slope
(Warren, 2008; White et al., 2005). In the case of aspect, this may have
been partly due to the relative difficulty in obtaining accurate aspect
measurements in highly variable landscapes, which FIA itself has ac-
knowledged in its own quality control efforts (Pollard et al., 2006). We
included slope in our final models since it was a measured field variable
that was simply averaged over each subplot; but it represented only in-
termediate importance throughout. Aspect was measured similarly too but
not included in our final models, since we needed to compute several
different measures to arrive at a mean plot aspect (see Appendix Table 1)
and hence considered them derived predictors. Nonetheless, all the com-
puted measures of aspect that we tested in earlier iterations were con-
sistently among the least important predictors (not shown).

Lastly, habitat series was of intermediate importance for the IW data
but not important for the PNW, which was also surprising to us, espe-
cially in this latter case. This was likely due in part, to the fact that
nearly 23% of the PNW cases for this variable were missing and needed
to be imputed (using a mode rule for categorical predictors). Also, the
number of plots per factor level was highly variable and unbalanced,
with several habitat series only represented by less than ten plots.

4.4. Model improvement

One of the more likely and obvious approaches for model improve-
ment lies with stratification, which would serve to partition the con-
siderable variation encountered in our data. Stratification could occur
geographically based on some measure of climate regime or ecoregion;
both possibly important predictive attributes that may not have been
adequately represented and integrated within our chosen suite of pre-
dictors. For example, the Douglas-fir forest type identified here (which
includes both interior and coastal varieties) has such broad ecological
amplitude that differences in climate driving vegetation growth and
structure may not be readily discernible within such a coarse classification.

However, many habitat series occurred within each of the four
forest types we considered; a level which could signify a better in-
dicator of differences in climate. If so, then stratification could also
occur for these habitat series, since they would better represent an in-
tegrated measure of physiographic, climatic, and edaphic factors
driving vegetation growth and structure in western interior forests of
the U.S. (Kusbach et al., 2014; Roberts, 2015). Moreover, as stated
previously, habitat types in this study were truncated to the series level
only, in order to increase the number of observations per habitat type
level. By stratifying and conducting a more focused analysis by habitat
type (including type and phase) may reveal stronger associations be-
tween vegetation types and other environmental indicators. Lastly,
stratification could also occur along other similarly integrated metrics
in our data, such as site index and site productivity.

Another considerable limitation in these models is the obvious and in-
herent difficulty in obtaining precise cover and height data for understory
vegetation from plots, as well as timing such measurements to coincide with
annual peak foliar biomass conditions. Moreover, in this study, height class
midpoints were used since actual heights were not collected and are not part
of the current FIA measurement protocol. As previously described, lifeform
heights were determined using a cover-weighted approach, which uses
midpoint class heights instead of actual height (again, which FIA does not
measure) for each of four FIA height layers. For example, if a lifeform had
only cover present in the first height layer of 0–61 cm for all four subplots,
then the cover-weighted height for that lifeform is 30.5 cm, the midpoint
height. For cover-weighted height to exceed 30.5 cm for the entire plot, then
some cover in the next height layer (64–183 cm) would have to be present
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on at least one subplot. The relative coarseness of height data obtained using
this approach had the net effect of constraining variability in heights to
more discrete and less continuous values. Nonetheless, shrub height models
performed comparatively well, perhaps due to the fact that shrubs are more
easily measured in the field, given their uniformly greater stature.

In the absence of using cover-weighted heights to better approximate
vegetation height, the remaining option would be to use the height layers
themselves as classes; a coarser option which would have likely resulted in
poorer prediction estimates. Additionally, height measurements for the IW
data were collected for three height classes until 2011, when a fourth
height class protocol was adopted. All previously collected height data
prior to 2011 were then adjusted by FIA to accommodate the new national
standard. This was not the case with the PNW data since they adopted the
new standards in 2011, the only year of data that could be used.

Ocular estimates of vegetation cover over an entire subplot are also
relatively subjective and vary from observer to observer, despite many
historical efforts to correct for this. However, FIA implements a strict
quality assurance program for their measurements through “blind checks”
of measured variables. For vegetation cover, compliance results indicate
that these measurements are very repeatable at the±5 and 10 percent
levels for all height layers, although the aerial cover estimate (i.e. fifth
layer) was found to be typically lower than the height layer covers, re-
gardless of the tolerance. This was likely due to the inherent difficulty in
combining vegetation at different heights to obtain an overall aerial cover
(Patterson and O’Brien, 2011). Nevertheless, more precise measurements
in both of these dimensions would likely improve the predictive ability of
these models, especially as it concerns lifeform height.

Also, as additional variables are being considered for inclusion in the FIA
measurement protocol nationwide, these may also prove valuable in pre-
dicting understory vegetation structure. One noteworthy example already
encountered here is the later addition of percent live tree canopy cover for
the PNW data, which may have had a similar (or greater) importance in our
models as with the IW data, had it been available at the time.

At the same time, with the adoption of more probabilistic standar-
dized measurements nationally of understory vegetation, such as with
FIA, improvements in overall prediction of understory structure and
composition would be more easily achievable, as well as scalable (Gray
et al., 2012). Such vegetation databases created from nationally con-
sistent protocols are being developed and increasingly used to address
long term ecological and management-oriented questions. Other data-
sets could be explored which more strongly emphasize understory ve-
getation measurement; although admittedly, such data would not likely
be part of a national or regional inventory strategy.

Sample size and missing data were also issues that likely compromised
both model performance and predictive power, especially with the PNW
data. With the relatively small number of useable plots with suitable un-
derstory vegetation measurements combined with the higher percentage
of missing data for several of the predictors resulted in a substantial loss of
information. Sample size was not an issue for the IW data but missing data
was also significant here, and for both datasets the imputation of these
missing cases is never a substitute for actual data. Improving sample size
and reducing missing cases should lead to improved model predictions.

One approach that was adopted by Suchar and Crookston (2010) in
their study was to analyze plot data at the subplot level; a scale where
understory vegetation patterns are more likely governed by their nat-
ural processes than in the aggregate at the plot level. This could address
some of the above concerns by increasing heterogeneity of understory
measurements by using actual observation-level data and avoiding the
loss of information from scaling, while at the same time greatly enlar-
ging sample sizes (e.g. a fourfold increase in the present study). Ad-
ditionally, they considered biomass (plant cover× height) as response
variables, which may or may not have improved our model predictions.

4.5. Model applications

One potential and direct application of this work will be to implement

these results in the U.S Forest Service (USFS) Forest Vegetation Simulator
(FVS), a model which simulates a broad range of silvicultural treatments
(Dixon, 2002). It addresses the effects of thinning, fire, insect and disease,
and climate upon forest growth and yield while simulating calibrated
treatments and disturbances over distinct geographical regions throughout
the United States; but generally lacks any current mechanism for estimating
understory structure in forests (Crookston and Dixon, 2005). In addition,
nearly all of the variables we considered, and especially those most im-
portant and most frequently occurring in our models (Tables 5 and 6), are
ones that FIA readily measures or that can be easily computed from them.
For forest simulation models such as FVS, which directly incorporates FIA
data for its predictions (Shaw, 2009), this work signifies an attempt to in-
tegrate FIA site, overstory, and understory data to reveal these relationships
in making understory vegetation cover and height (and biomass) predictions.

Our model results may also prove useful in improving estimates of
the contributions of understory vegetation for assessing terrestrial
carbon stocks. Less attention has been given to understory vegetation
because it is so variable and the fraction of carbon it represents is small
relative to total ecosystem biomass (Johnson et al., 2017). Nonetheless,
models estimating understory vegetation are still critical over broad
spatial scales (Russell et al., 2014). Moreover, in the context of climate
change, there is an increasing need to base carbon models on empirical
data that are regularly monitored (Woodall, 2012).

Likewise, the contribution of understory vegetation to the fuelbed
profile is another extension of this work. Understory fuel loading and bulk
density are among the most important predictors of wildland fire intensity
and rate of spread (Keane, 2015). The recent and increasing accumulation
of ladder fuels in many western forests can exacerbate fire severity by
exposing tree crowns, leading to catastrophic wildfires with often dramatic
post-fire effects on forest ecosystems (Kramer et al., 2016). Estimation of
understory vegetation cover and height based on field measurements
should help improve estimates of fuel loading, and especially ladder fuels,
which remain largely underrepresented (Kramer et al., 2016).

In addition, such estimates of understory structure and biomass by
lifeform will help enhance wildlife diversity by providing more refined
assessments of browse and cover suitability for habitats of many species
(Hagar, 2007). For example, estimates of shrub biomass have been useful
for assessing browse and forage availability in ungulate species (Visscher
et al., 2006) and smaller herbivores. For avian species, herbaceous vege-
tation is an important forage component of habitat and has direct effects
upon their overall breeding success (Betts et al., 2010). Shrubs, especially
those in early-seral stages of forest development are important for all
stages of avian breeding cycles (Hagar, 2007). Further understanding of
the habitat relationships and understory vegetation requirements of forest
faunal species are critical for understanding their demography and for
devising sound conservation strategies.

4.6. Conclusions

In this study, we examined the role of various overstory and site
variables measured in the field to predict understory vegetation cover and
height on permanent plots in selected forests of the western United States.
We found the most important variables responsible for predictions of
understory structure to be those representing overstory conditions as well
as elevation, forest type, and to a slightly lesser degree, site productivity.
Several variables proved surprisingly unimportant such as slope, aspect,
habitat series, and disturbance and treatment history; likely due to a
combination of data limitations and perhaps analytical approach in
scaling. The use of standardized measurements also allow for the addition
of variables for improved predictions of understory vegetation, as in the
case here with percent canopy cover, an important overstory variable for
the IW data but only recently introduced in the PNW region.

Despite the relatively weak ability of our models to predict understory
structure, many of the most influential variables measured over a large
geographic region conform to our ecological understanding and expecta-
tion of their role in such predictions based on considerable previous
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research. This, in itself, is an important finding and signifies an attempt to
address the prediction of understory structure using standardized field-
collected data obtained over such an extensive area. It is promising and
suggests that the prediction of understory vegetation structure may be
more generalizable, despite its current elusiveness, through the addition of
more pertinent and targeted data collected in the field (e.g. non-ocular
estimates of vegetation cover and height, measurements during periods of
peak foliar biomass, soil characteristics); and even supplemented with
additional outside data, such as those pertaining to climate.

More refinement and work is clearly needed to improve predictions
but our present results are encouraging and advantageous for several
reasons: 1) considerable capability currently exists within FVS for im-
plementation of these models, 2) the use of standardized data permits
broad-scale predictions of understory structure both regionally and na-
tionally, and 3) these data are being routinely collected and allow for
regularly updated estimates of understory structure (and biomass) for
improved assessments of carbon stocks, fuel loading, and wildlife habitat.
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Appendix

See Appendix Fig. 1 and Appendix Tables 1 and 2

b) Subplot:

7.3 m radius

Distance between 
subplot centers is 
36.6 m horizontal

c) Macroplot:

17.9 m radius

Azimuth 1-2 = 360°

Azimuth 1-3 = 120°

Azimuth 1-4 = 240°

a) Microplot:

2.1 m radius center 
is 3.7 m horizontal 
@ 90° azimuth from 
the subplot center.

Appendix Fig. 1. Forest Inventory and Analysis (FIA) national annual inventory plot design. Approximate sampling areas are as follows: (a) microplot (13.5m2), (b)
subplot (168m2), and (c) macroplot (1012m2) (O’Connell et al., 2013; Gray et al., 2012).
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Appendix Table 1
Description of the several aspect variables considered in IW and PNW understory cover and height models. Variables were not included in final models since they
were all derived and were found to contribute minimally to overall model predictive accuracy.

# Variable Name Description Variable Type Scaling Method

1 Eastness (derived) Subplot aspect (n=4), in degrees, that is averaged for the plot and transformed into eastness (sin[aspect]).
See Zar (1999) for methods.

Continuous Circular Average
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Continuous Circular Average

3 Final_Mean_Aspect (derived) Transformation of average eastness and northness components into mean aspect (in degrees). See Zar
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Categorical NA
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