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Random Forests is frequently used to model species distributions over large geographic areas. Compli-
cations arise when data used to train the models have been collected in stratified designs that involve
different sampling intensity per stratum. The modeling process is further complicated if some of the target
species are relatively rare on the landscape leading to an unbalanced number of presences and absences
in the training data. We explored means to accommodate unequal sampling intensity across strata as well
as the unbalanced species prevalence in Random Forest models for tree and shrub species distributions in
the state of Nevada. For the unequal sampling intensity issue, we tested three modeling strategies: fitting
models using all the data, down-sampling the intensified stratum; and building separate models for each
stratum. We explored unbalanced species prevalence by investigating the effects of down-sampling the
more prevalent response (presence or absence), and by optimizing the cutoff thresholds for declaring a
species present. When modeling species presence with stratified data that was collected with different
sampling intensities per stratum, we found that neither down-sampling the intensified stratum, nor fit-
ting individual strata models, improved model performance. We also found that balancing the number
of presences and absences in a training data set by down-sampling did not improve predictive models
of species distributions, and did not eliminate the need to optimize thresholds. We then apply our final
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choice of model to the full raster layers for Nevada to produce statewide species distribution maps.

Published by Elsevier B.V.

1. Introduction

Maps of tree species presence and silvicultural metrics like basal
area are needed throughout the world for a wide variety of forest
land management applications. Knowledge of the probable loca-
tion of certain key species of interest as well as their spatial patterns
and associations to other species are vital components to any real-
istic land management activity. Mapping vegetation characteristics
over broad geographic areas has received considerable attention in
the US. Here, extant ground-based measurements collected by the
US Forest Service Forest Inventory and Analysis program (Bechtold
and Patterson, 2005; Gillespie, 1999) are often used as the response
in predictive models of tree species distributions and other for-
est attributes using a variety of modeling techniques (Ohmann
and Gregory, 2002; Moisen and Frescino, 2002; Blackard et al.,
2008a,b). One such technique, Random Forests (Breiman, 2001)
has proved very effective for predictive mapping of ecological
attributes from climactic and topographic data (Attorre et al., 2011;
Cutler et al., 2007; Garzén et al., 2006; Iverson et al., 2004, 2008;
Prasad et al., 2006; Rehfeldt et al., 2006; Scarnati et al., 2009) as well
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as remotely sensed data (Baccini et al., 2008; Chan and Paelinckx,
2008; Evans and Cushman, 2009; Gislason et al., 2006; Ham et al.,
2005; Lawrence et al., 2006; Powell et al., 2010).

While the use of Random Forests for mapping species distri-
butions can be relatively straightforward for many applications,
challenges arise when data are collected in stratified designs that
involve different sampling intensity per stratum. The modeling
process is further complicated if some of the target species are rel-
atively rare on the landscape leading to an unbalanced number of
presences and absences in the training data. Both of these prob-
lems presented themselves in the state of Nevada where a recent
photo-based inventory pilot was conducted statewide to fill a gap
in the nationwide forest inventory information conducted by FIA
(Frescino et al., 2009). This Nevada Photo-based Inventory Pilot
(NPIP) involved acquisition, processing, and photo-interpretation
of large scale aerial photographs for numerous purposes. One pur-
pose was the production of forest and nonforest species distribution
maps for the state, constructed by modeling species presence as a
function of remotely sensed and bioclimatic predictor layers. The
challenges posed by this data set were, first, data collection was
stratified, with unequal sampling intensity across strata. Areas of
Nevada that had been predetermined as forested were sampled
with 10 times the intensity as the non-forest areas because of
heightened interest in tree species. Second, the species have a wide
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range of prevalence, ranging from 1% to 87%. Classification algo-
rithms that minimize overall error rates can cause problems for
species with unbalanced prevalence. By seeking to minimize over-
all error, such algorithms can increase the error rate for the rare
class.

Chen et al. (2004) provide an algorithm for down-sampling
within Random Forest that could potentially address both of these
issues. In a down-sampled Random Forest, instead of a bootstrap
sample from the entire dataset, each tree is built from a bootstrap
sample from the rare class or less intensive stratum, along with
a sub-sample of the same size from the more common class or
more intensive stratum. They found that this approach improved
the prediction accuracy of the rare category, with the added benefit
of improved computation times for very large datasets. Using this
algorithm, Chen et al. (2004) found down-sampling comparable to
weighted Random Forest, in which observations in the rare cate-
gory are given proportionally more weight than those in the more
common category. Other existing techniques for dealing with rare
categories include up-sampling (Japkowicz and Stephen, 2002) and
cost-sensitive learning (Elkan, 2001). Up-sampling involves dupli-
cating the rare class of less intensive stratum in the training data to
ensure equal proportion of presence and absences are used for each
tree, while cost-sensitive learning assigns different costs to errors
of omission and errors of commission. McCarthy et al. (2005) com-
pared down-sampling, up-sampling and cost-sensitive learning
in Random Forests, and found comparable performance between
the three techniques, though they found cost sensitive learning
to have a slightly advantage in very large datasets (greater than
10,000 examples). Drummond and Holte (2003) found that down-
sampling outperformed up-sampling in a decision tree learner.
Evans and Cushman (2009) found down-sampling to perform well
when mapping the presence of four conifer species in Northern
Idaho, USA.

In this study, we explore means to accommodate the unequal
sampling intensity across strata as well as the unbalanced species
prevalence in Random Forest models for trees and shrubs in the
state of Nevada. For the unequal sampling intensity issue, we
test three modeling strategies. First, we fit models using all the
data, ignoring the different probability of selection in each strata;
second, we model with down-sampling of the intensified stra-
tum; and third, we build separate models for each stratum. We
then explore unbalanced species prevalence by investigating the
effects of down-sampling the more prevalent response (presence
or absence), and by optimizing the cutoff thresholds for declaring a
species present. We then apply our final choice of model to the full
raster layers for Nevada to produce statewide species distribution
maps.

2. Methods
2.1. Response data

The presence or absence of the tree and shrub species was
derived from a Photo-Based Inventory Pilot that was conducted by
FIA in the years 2004-2005 within the state of Nevada (Frescino
et al.,, 2009).

The distribution of photo plots for NPIP relied on the sam-
pling design of the national FIA program (Reams et al., 2005). FIA
conducts a comprehensive inventory of forest lands across all own-
erships in the United States. Permanently established ground plots
are measured annually based on a systematic sample of regularly
spaced hexagons, each representing approximately 6000 acres. The
plots are delineated into 5 panels; each panel is 20% of the data,
measured on an annual cycle. In the West, each panel is divided
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Fig. 1. Map of Nevada Photo-Based Inventory Pilot study showing approximate
photo plot locations with sampling intensification in Green Stratum.

again into subpanels: one subpanel measured every year over 10
years.

Data for the NPIP study was collected on FIA plot locations using
a stratified sample, with unequal sampling intensity across strata
(Fig. 1). The state was pre-stratified into 3 initial strata using a
pixel-based, 250-m resolution map of predicted timberland for-
est, woodland forest, and non-forest areas (following the methods
described in Blackard et al., 2008a,b). The combined timberland and
woodland stratum is hereafter referred to as the Green Stratum, and
the non-forest stratum is referred to as the Brown Stratum. Photo
data were collected on all FIA locations (i.e., all 10 subpanels) within
the Green Stratum, with exception of areas with restricted air space,
totaling 1455 plots. However, only one-tenth of the FIA locations
(i.e., one subpanel) within the Brown Stratum were photo-sampled,
totaling 877 plots, resulting in an overall total of 2332 plots.

Each photo plot consisted of a grid of points distributed within
a 250 m radius circle covering approximately 20 ha (48 acres) of
land. There were a total of 49 points per plot representing about an
acre each with the center point straddling the FIA field plot center.
Using 6-in resolution color photography, each point was assigned
a value identifying the object in the photograph the point fell on. If
the object was a live tree, a species or species group attribute was
assigned as well. If the object was a shrub, the shrub was identified
as either sagebrush or not sagebrush. A species was classified as
“present” on a photo plot if it was identified at any of the 49 points.

In addition to the challenge of having different sampling inten-
sities within each stratum, many of the species in this data set also
exhibited unbalanced prevalence. That is, the ratio of presences
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Table 1

Species groups prevalence on NPIP plots. Stratum prevalence of 1% or less indicated in bold.

Number of plots

Percent of plots Estimated observed prevalence (%)

Total Green Brown Green Brown

Other shrub 1909 1130 779 78 89 87
Sage 1446 931 515 64 59 60
Juniper 1238 1155 83 79 9 19
Pinyon pine 1184 1133 51 78 6 16
Mountain mahogany 249 240 9 17 1 3
White fir 127 124 3 9 0 2
Aspen 78 68 10 5 1 2
Limber pine 49 47 2 3 0 1
Total plots 2330 1454 876

to absences of a particular species in the sample data was highly
skewed. With the extremely rare species (prevalence of 1% or less)
there were fewer than 20 presences in the entire dataset, leading
to erratic models and error estimates. Therefore for this paper we
concentrate on 8 species and species groups with 3% or greater
prevalence in at least one of the strata. These 8 species have esti-
mated prevalence across the landscape (weighted combination of
Green and Brown Strata) of 1% to 87% (Tables 1 and 3).

The study includes four species with highly unbalanced preva-
lence (1-3% landscape prevalence). While these four species have
3% or greater prevalence in the Green Stratum, they have 1% or
less in the Brown Stratum. This means that while they have 47 or
more observed presences in the Green Stratum, they have only 2-10
presences in the Brown (Table 1). With so few observed presences,
even prevalence independent error statistics such as AUC become
unreliable (DeLong et al., 1988). Therefore, while all 8 species are
included in the figures and tables, decisions about how best to han-
dle unequal sampling intensity and unbalanced prevalence were
based on all 8 species in the Green Stratum, but only the 4 more
prevalent species in the Brown Stratum.

2.2. Predictor data

The predictor data set included 16 raster layers of multi-
temporal, remotely sensed imagery and digital topographic data.

We used 250-m resolution, 16-day, cloud-free, composites of
Moderate Resolution Imaging Spectroradiometer (MODIS) imagery
for spring, summer, and fall of 2005. These included visible-red
(RED) and near-infrared (NIR) bands and 2 vegetation indices:
normalized difference vegetation index (NDVI) and enhanced veg-
etation index (EVI). The RED and NIR bands are commonly used
for discriminating vegetation by the sensitivity in reflectance val-
ues, or spectral signatures. In general, healthy, green vegetation
absorbs visible-red light and reflects near-infrared light. NDVI is a
ratio of RED and NIR bands and acts to accentuate live vegetation
cover by reducing the multiplicative noise in the bands. EVI fur-
ther reduces noise by incorporating the blue visible spectral band,

Table 2

Optimized thresholds from test set used for map production. Test set was selected
so that the proportion of plots in the Green and Brown Strata reflects the proportion
of land area in Nevada. Thresholds optimized to maximize kappa.

Species Threshold
Baseline Stratified Balanced

Other shrub 0.68 0.70 0.42
Sage 0.54 0.45 0.39
Juniper 0.54 0.50 0.49
Pinyon pine 0.51 0.37 0.56
Mountain mahogany 0.42 0.40 0.74
White fir 0.38 0.25 0.67
Aspen 0.36 0.36 0.83
Limber pine 0.03 0.04 0.81

thereby enhancing sensitivity in higher biomass areas (Huete et al.,
2002). Three different dates of each variable were used as a multi-
temporal approach to capture phenological differences that may
occur among seasons.

The topographic variables originated from the 90-m resolution,
National Elevation Dataset (NED) generated by the United Stated
Geological Survey (USGS) (Gesch et al., 2009). Elevation, in meters,
was re-sampled to a 250-m pixel size using the nearest neighbor
algorithm in ArcMap (ESRI, 2009). Slope, in percent, and aspect,
in degrees, were derived from this 250-m elevation product using
ArcGIS and aspect northing and easting variables were calculated
using sine and cosine functions, respectively, to convert aspect from
a circular variable to a linear variable.

2.3. Random forest

Random Forest models are built as an ensemble of classification
orregression trees (Breiman etal., 1984).In a Random Forest model,
a bootstrap sample of the training data is chosen. At the root node,
a small random sample of explanatory variables is selected and
the best split is made using that limited set of variables. At each
subsequent node, another small random sample of the explanatory
variablesis chosen, and the best split made. The tree continues to be
grown in this fashion until it reaches the largest possible size, and
is left un-pruned. The whole process, starting with a new bootstrap
sample, is repeated a large number of times. As the final prediction
is a vote or average from prediction of all the trees in the collection.

In addition to the traditional validation technique of predicting
over an independent test set, Random Forest also offers an Out-Of-
Bag (OOB) validation technique. Each tree is built from a bootstrap
sample of the training data, containing approximately 64% of the
data points. The tree can then be used to make predictions on the
remaining 36% of the data points. This is repeated for all the trees,
and then aggregated across the forest.

Our analysis is carried out with the randomForest (Liaw and
Wiener, 2002) package in R (R Development Core Team, 2008).
When building models with the R randomForest package there are
two main user controlled parameters: the number of variables to
try at each node, the ‘mtry’ argument, and the number of trees in
the forest, the ‘ntree’ argument. We used the ‘tuneRF()’ function
from the randomForest package to optimize the number of vari-
ables to try at each split. To determine the optimal number of trees
for our data, we tested models with varying numbers of trees and
plotted model error (in term of AUC) as a function of tree num-
ber. For most species and models, the plot of AUC as a function of
number of trees approaches a flat line between 500 and 1000 trees;
therefore all subsequent models are built with 1000 trees.

To minimize the stochasticity inherent in random forest models,
we averaged the errors over 20 examples of each type of model.
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2.4. Validation

When the training data has varying intensity across strata, both
test set and OOB validation techniques must be used with caution
for all models. If the independent test set is drawn using simple
random selection, it will be biased towards the intensified stra-
tum, and will not reflect the population as a whole. OOB validation
conducted on the training data is similarly biased. OOB Error mea-
sures can be calculated within each stratum, but not for the entire
population. Consequently, we constructed an independent test set
representative of the entire state by randomly withholding 5% of
the sample plots in the Green Stratum, and 50% of the sample plots
in the Brown Stratum.

Using this independent test set, models were assessed in term of
AreaUnder the Curve (AUC), kappa, prevalence, and the ratio of sen-
sitivity to specificity. Good models will have high AUC and kappa,
a proportion of predicted presences very close to the proportion
of observed presences, and sensitivity will be similar to specificity.
Poor models will have AUC near 0.5, kappa near zero, over or under
predict the observed prevalence, and have very different rates sen-
sitivity and specificity.

While threshold dependant accuracy measures such as percent-
age correctly classified (PCC), sensitivity, and specificity have a
long history of use in ecology, not only do they depend on the
researcher’s choice of threshold, but they also can be highly depen-
dent on species prevalence (Manel et al.,, 2001). The AUC, on the
other hand, provides a threshold independent method of evaluat-
ing the performance of presence/absence models. To calculate the
AUC the true positive rate (sensitivity) is plotted against the false
positive rate (1.0-specificity) as the threshold varies from 0 to 1. A
good model will achieve a high true positive rate while the false
positive rate is still relatively small; thus the plot will rise steeply
at the origin, and then level off at a value near the maximum of 1
resulting in an area under the curve near 1. The plot for a poor model
(whose predictive ability is the equivalent of random assignment)
will lie near the diagonal, where the true positive rate equals the
false positive rate for all thresholds resulting in an area under the
curve near 0.5.

The AUC is a valuable threshold independent measurement of
model accuracy; however, map making still requires a choice of
threshold. We optimized our thresholds to maximize kappa as
described in Freeman and Moisen (2008b). The kappa statistic sum-
marizes all the available information in the confusion matrix. Kappa
measures the proportion of correctly classified units after account-
ing for the probability of chance agreement. Kappa has been used
extensively in map accuracy work (Congalton, 1991). While still
requiring a choice of threshold, kappa is more resistant to preva-
lence than PCC, sensitivity and specificity, and was found by Manel
et al. (2001) to be well correlated with the area under the curve
(AUC) of ROC plots.

2.5. Down sampling for stratification or balance

In Random Forest, the default approach when building each tree
is to take a bootstrap sample from the training data as a whole.
If the training data is complicated by unequal sampling intensity
between strata or unbalanced response category, Random Forest
has the option of down sampling the more intensively sampled
stratum or more prevalent category by specifying the number
of samples to be taken (with replacement) from each strata or
response category (Chen et al., 2004). The entire dataset will still
be utilized for the forest as a whole, but each individual tree will be
built from a sub-sample of the data. The current R implementation
of the randomForest package does have some limitations on the
options available for down-sampling. The randomForest package
offers the down-sampling option for categorical response models

but not for continuous response models. Also, it is possible to down-
sample by strata or by response category, but not both in the same
model.

Toinvestigate the effect of the unequal sampling intensity across
strata, we compare 3 modeling strategies: a “Baseline” model con-
structed on the full dataset, a “Stratified” model constructed on the
full dataset with down sampling of the intensified stratum, and,
finally, “Separate” models built within each stratum. When build-
ing a stratified model to address unequal data collection intensity,
the randomForest argument ‘strata’ specifies the variable used for
stratification, and the ‘sampsize’ argument specifies the number of
data points to be randomly selected with replacement (unless spec-
ified otherwise) from each strata. A new selection is made for each
tree in the forest. For the NPIP Stratified models, we used ‘samp-
size’ to randomly sample (with replacement) all of the points in the
Brown Stratum and a fraction of the points in the Green Stratum
proportional to the Brown and Green land area in Nevada.

To investigate the effect of the unbalanced species prevalence,
we compare 2 modeling strategies: a “Baseline” model on the full
dataset as above, and a “Balanced” model with down-sampling of
the more prevalent response category so that each tree in the forest
is constructed from a balanced sample of presences and absences.
When building a balanced model to address unequal prevalence,
the ‘strata’ argument is not given, and the ‘sampsize’ argument
specifies the number of data points to be randomly selected with
replacement from each value of the categorical response variable.
A new selection is made for each tree in the forest. For the NPIP
balanced models, we used ‘sampsize’ to randomly sample (with
replacement) from all of the rare category, and an equal number of
points from the common category. We also compare two thresh-
old selection strategies: using the default threshold of 0.5 versus
optimizing the threshold to maximize kappa. It has been proposed
that building a model with balanced data samples can be used as an
alternative to threshold optimization (Evans and Cushman, 2009).

When comparing Baseline, Stratified and Balanced models, we
used OOB validation on the full dataset, with validation measures
calculated separately for each stratum. To minimize noise from
Random Forest’s stochasticity, we built 20 models for each strategy
and species, and averaged the error. We compare 8 species in the
Green Stratum, but only the 4 most prevalent species in the Brown
Stratum.

2.6. Map creation

The ModelMap (Freeman, 2009) package was used to create the
maps. The R software environment offers sophisticated new model-
ing techniques, but requires advanced programming skills to take
full advantage of these capabilities. In addition, spatial data files
can be too memory intensive to analyze easily with standard R
code. The ModelMap package provides an interface between sev-
eral existing R packages to automate and simplify the process of
model building and map construction. ModelMap uses the ran-
domForest package to construct models and the PresenceAbsence
(Freeman and Moisen, 2008a) package to validate binary response
models. Finally, ModelMap uses the rgdal (Kiett et al., 2010) pack-
age to read and predict over GIS raster data. Large maps are read in
sections, to keep memory usage reasonable.

The final model built from the full dataset was used to predict
over all 250m pixels in Nevada. This resulted in a probabil-
ity surface showing the proportion of trees voting for species
presence. Thresholds optimized by maximizing kappa over the rep-
resentative test data were applied to this surface to create the
presence/absence maps. To obtain population error measures, we
deliberately selected an independent test set to reflect the ratio
of land area in Nevada in the Green and Brown strata. However,
due to the high intensification of the Green stratum, an adequately
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sized test set (approximately 22% of total data) required setting
aside 50% of the data points from the Brown Stratum (while only
5% of the Green Stratum), leaving few Brown data points for model
training. This could adversely affect prediction quality in the Brown
Stratum.

Thus, for map production we follow the strategy outlined in
Fielding and Bell (1997) of using a test set for model validation,
but using all available data to create the final models for map con-
struction. The test set model was used to calculate error measures
for the population as a whole. As the final model for map produc-
tion was created from more data than the test model, then it is
reasonable to expect it has comparable or better accuracy. In addi-
tion, within strata OOB error measures were calculated from the
final model itself.

3. Results

Results are summarized in Figs. 2 and 3. These figures report the
average error for 20 repeats of each model, in terms of 4 error statis-
tics: AUC, kappa, the difference between predicted and observed
prevalence and the ratio of sensitivity to specificity. Good mod-
els have high AUC and kappa, a predicted prevalence equal to the
observed prevalence(a prevalence difference near zero), and sim-
ilar error rates in both the observed presences and the observed
absences (a sensitivity to specificity ratio near 1).

The species are arranged in the figures in order of decreasing
prevalence. This may give the impression that lower prevalence is
associated with higher model quality. However, we believe that this
isacase of correlation rather than causation. The highest prevalence
species included in the study are shrubs, followed by woodland
species. These species may simply be more difficult to correctly
identify on aerial photos, and more difficult to predict from satel-
lite imagery. The lowest prevalence species, on the other hand, are
timber species, which may stand out more on photos, and which
are strongly associated in Nevada with particular predictor layers,
such as elevation. Also, the timber species are very rare in the Brown
Stratum, and thus the high Brown Stratum AUC is unreliable.

3.1. Unequal sampling intensity across strata

3.1.1. Baseline versus separate models

The Baseline models built from both strata and the Separate
models built for individual strata had similar performance, though
in the Brown Stratum the Baseline models tended to slightly out-
perform models built from a single stratum. When predicting
within the Green Stratum, the Baseline model had higher AUC than
the Separate model for 3 species, tied for 2 species, and had lower
AUC for 2 species (Fig. 2a). When looking at kappa (Fig. 2c), the Base-
line model performed better for 5 species, tied for 1 species and
performed worse for 2 species. The differences were very slight,
with the largest difference only 0.01 in both AUC and kappa. In
terms of prevalence (Fig. 2e) the Baseline model was more accu-
rate than the Separate model for 2 species, tied for 3 species and
less accurate for 3 species. In terms of the ratio of sensitivity to
specificity (Fig. 2g) the Baseline model performed better than the
Separate Model for 4 species and performed worse for 4 species.
Similar to AUC and kappa, the differences in prevalence and the
ratio of sensitivity to specificity were slight in the low prevalence
species, but did become more apparent in the higher prevalence
species (Other Shrub, Sage, and Juniper). However, there was not
an obvious pattern in these differences. For example, looking at the
two largest differences in predicted prevalence, in Other Shrub, the
Baseline model had a more accurate prevalence (under predicting
by 3%) than the Separate model (under predicting by 6%), while in

Juniper, the Baseline model had a less accurate prevalence (over
predicting by 5%) than the Separate model (over predicting by 2%).
When predicting within the Brown Stratum, the Baseline model
had a higher AUC than the Separate model for 2 species and tied
for the other 2 species (Fig. 2b) and the Baseline model also had
a higher kappa for 3 species and tied for 1 species (Fig. 2d), had
a more accurate prevalence for 3 species and less accurate for 1
species (Fig. 2f) and performed better for all 4 species in terms of
the ratio of sensitivity to specificity (Fig. 2h). The differences in AUC
and kappa were also slightly higher in the Brown Stratum, with
differences of 0.02 in AUC, 0.08 in kappa, both in Pinyon.

3.1.2. Baseline versus stratified models

Again, the Baseline and the Stratified models had very similar
performance. When predicting within the Green Stratum, the Base-
line model had a higher AUC than the Stratified model for 2 species,
tied for 4 species and had a lower AUC for 2 species (Fig. 2a) and
had a higher kappa for 6 species and tied for 2 species (Fig. 2c). The
differences were larger than in the Separate model comparison, but
still small, with the largest difference 0.02 in AUC and 0.06 in kappa.
However, the Baseline model had a more accurate prevalence than
the Separate model in only 3 species, tied in 1 species and was less
accurate in 4 species (Fig. 2e). When looking at the ratio of sensi-
tivity to specificity (Fig. 2g), the Baseline model performed better
than the stratified model in only 2 species, tied in 1 species and
performed worse in 5 species.

When predicting within the Brown Stratum, the Baseline model
had a higher AUC than the Separate model for 1 species, tied for
2 species and had a lower AUC for 1 species (Fig. 2b). With the
Baseline model, all 4 species had a higher kappa (Fig. 2d) and a
better ratio of sensitivity to specificity (Fig. 2h) than the Stratified
model, and the Baseline model had a more accurate prevalence than
the Stratified model for 2 species, tied for 1 species and was less
accurate for 1 species (Fig. 2f).

3.2. Unbalanced species prevalence

3.2.1. Baseline versus balanced models

First, we take advantage of the AUC to compare the Baseline
and Balanced models independent of the choice of threshold. When
predicting locations within the Green Stratum, the Baseline model
had as a higher AUC than the Balanced model for 2 species, tied
for 2 species and had lower AUC for 4 species (Fig. 3a). Within the
Brown Stratum, the Baseline model tied the Balanced model for 3
species and had a lower AUC for 1 species (Fig. 3b). In both strata,
these differences were very slight. The largest difference was 0.03,
and most were less than 0.01.

Next we looked at threshold dependant error measures: kappa,
prevalence, and the ratio of sensitivity to specificity.

With thresholds of both models optimized to maximize kappa,
the Baseline model had higher kappa values for 3 species, tied for 4
species and had lower kappa for 1 species within the Green Stratum
(Fig. 3c), and had higher kappa for 1 species, tied for 2 species and
had lower kappa for 1 species in the Brown Stratum (Fig. 3d). The
largest difference was for Limber pine in the Green Stratum, where
the optimized Baseline kappa was 0.03 higher than the optimized
Balanced kappa. In the other species, differences were 0.01 or less.
The optimized Baseline model had a more accurate prevalence than
the optimized Balanced model for 1 species, tied for 4 species, and
had less accurate prevalence for 3 species within the Green Stratum
(Fig. 3e), and had more accurate prevalence for 1 species, tied for
2 species and had less accurate prevalence for 1 species within the
Brown Stratum (Fig. 3f). The average difference in predicted preva-
lence between the two models ranged from 0% to 5%, with most
species having differences of 1% or less. The ratio of sensitivity and
specificity for the optimized Baseline model was better than that of
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Fig. 2. Effect of stratification, averaged over 20 repeats. Baseline Models built from both strata of the training data set, Stratified Model with down sampling of the intensified
stratum, and Separate Models from the individual strata. Species arranged in order of decreasing prevalence. Good models have an AUC near 1, high values of kappa, predicted
minus observed prevalence near zero, and a ratio of sensitivity to specificity near 1. Prevalence of 1% or less shaded in gray.

the optimized Balanced model for 3 species and worse for 5 species
within the Green Stratum (Fig. 3g), and was better for 3 species and
tied for 1 species within the Brown Stratum (Fig. 3h).

With the default threshold of 0.5, the differences between the
Baseline and the Balanced model were more pronounced than
when the thresholds were optimized. The default Baseline model
had higher kappa values than the default Balanced model for only 2
species, tied for 2 species and had lower kappa for 4 species within
the Green Stratum (Fig. 3c), and in the Brown Stratum kappa was
tied for 3 species and lower for 1 species (Fig. 3d). The differences
between the default models were also larger than the differences
between the optimized models, with differences in kappa of up to
0.14. The default Baseline model had a more accurate prevalence
than the default Balanced model for 4 species and a less accurate
prevalence for 4 species within the Green Stratum (Fig. 3e), and in
the Brown Stratum, the default Baseline model had a more accurate
prevalence for 1 species, tied for 2 species and had a less accu-
rate prevalence for 2 species (Fig. 3f). The ratio of sensitivity and

specificity for the default Baseline model was worse than that of
the default Balanced model for all 8 species within the Green Stra-
tum (Fig. 3g), and was better for 2 species and worse for 2 species
within the Brown Stratum (Fig. 3h).

3.2.2. Optimized threshold versus default 0.5 threshold

As would be expected, optimizing the threshold to maximize
kappa produced a higher kappa value than the default threshold of
0.5 for all species for both models and both strata.

With the Baseline model, optimizing the threshold to maximize
kappa produced more accurate prevalence than the default thresh-
old of 0.5 in 6 species and less accurate prevalence for 2 species
within the Green Stratum (Fig. 3e) and in the Brown Stratum, the
optimized baseline model had a more accurate prevalence than
the default Baseline model for 2 species and less accurate preva-
lence for 2 species (Fig. 3f). The difference is prevalence between
the optimized and the default Baseline models ranged from 3%
to 23%. Optimizing the threshold did as good or better job at
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Fig. 3. Effect of Balance, averaged over 20 repeats. Baseline Models built from the training data set, Stratified Model with down sampling of the intensified stratum. Baseline
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gray.

balancing the error rates between the observed presences and
observed absences (the ratio of sensitivity to specificity) than the
default threshold of 0.5 in 7 species and a worse job in 1 species
within the Green Stratum (Fig. 3g). In the Brown Stratum, the opti-
mized Baseline model had a better ratio of sensitivity to specificity
than the default Baseline model in all 4 species (Fig. 3h).

With the Balanced model, optimizing the threshold to maxi-
mize kappa produced a more accurate prevalence than the default
threshold in 7 species and a less accurate prevalence in 1 species
within the Green Stratum (Fig. 3e) In the Brown Stratum the opti-
mized Balanced model had a more accurate prevalence in only 1
species, and a less accurate prevalence in 3 species (Fig. 3f). The dif-
ference in prevalence between the optimized and default Balanced
models ranged from 1% to 14%. When evaluating the Balanced
model in terms of the ratio of sensitivity to specificity, in contrast
to kappa and prevalence, optimizing the threshold to maximize
kappa was less effective than the default threshold of 0.5 and, in

fact, the optimized Balanced model had a better ratio of sensitivity
to specificity for 2 species and a worse ratio for 6 species within the
Green Stratum (Fig. 3g), and in the Brown Stratum, the optimized
Balanced model had a better ratio for 2 species and a worse ratio
for 2 species (Fig. 3h).

3.3. Map creation

The final models for map creation are built from the full dataset,
utilizing all available data (both training and test data) as recom-
mended in Fielding and Bell (1997). Maps were constructed with
thresholds optimized on the test set to maximize kappa. These opti-
mized thresholds ranged from 0.03 to 0.83 (Table 2). Interestingly,
the high and low extremes were both from the lowest prevalence
species investigated, Limber pine and Aspen. The optimized thresh-
olds for Limber pine were very low for the baseline model (0.03)
and for the stratified model (0.04), but very high for the balanced
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Table 3

Prevalence estimated from the observed data (strata weighted to account for unequal sampling intensity) and from the final maps. Thresholds for map predictions optimized

by maximizing kappa for the test data.

Strata Estimated observed
prevalence (%)

Map prevalence

Baseline (%) Stratified (%) Balanced (%)
Other shrub 87 88 88 92
Sage 60 55 66 65
Juniper 19 16 15 17
Pinyon pine 16 14 16 13
Mountain mahogany 3 2 2 2
White fir 2 1 2 2
Aspen 2 2 1 2
Limber pine 1 7 5 1

model (0.81). Aspen did not have quite as low optimized thresholds
for the baseline model (0.36) or the stratified model (0.36), but was
very high for the balanced model (0.83).

The population prevalence estimated from the dataset (account-
ing for unequal probability of selection within strata) was
compared to the prevalence in the maps (Table 3). The map preva-
lence for the Baseline model ranged from under-predicting by 5%
to over-predicting by 6%. The map prevalence for the Stratified
model ranged from under-predicting by 6% to over-predicting by
7%.The map prevalence for the Baseline model ranged from under-
predicting by 3% to over-predicting by 5%.

Overall map accuracy is estimated from the training data model
applied to the independent test set. Accuracy for the individual
strata is from the OOB predictions from the full dataset models
used to construct the map (Table 4). Overall AUC from the test set
ranges from 0.70 to 0.98. 00B AUC from the full dataset models used
in map production ranges from 0.61 to 0.97 for the Green Stratum
and 0.70 to 0.99 for the Brown Stratum. Overall kappa from the test
set ranges from 0.05 to 0.67. OOB kappa from the full dataset ranges
from 0.14 to 0.60 for the Green Stratum and 0.08 to 0.55 for the
Brown Stratum. Overall prevalence error from the test set ranges
from 3% under-prediction to 7% over-prediction. OOB prevalence
error from the full dataset ranges from 3% under-prediction to 13%
over-prediction for the Green Stratum and 1% under-prediction to
5% over-prediction for the Brown Stratum.

4. Discussion

When investigating the unequal sampling intensity across
strata, first, we found that the Baseline models built from both
strata had a slight advantage to the Separate models built from
individual strata. In strata where the species were common, the
full dataset models had performance comparable to a model built
from the stratum alone. And in strata where the species were rare
adding the additional presence data from the high prevalence stra-
tum improved the model’s ability to predict the presences even in
the low prevalence stratum.

When comparing the Baseline and the Stratified models, we
found that the Baseline model had slightly better prediction accu-
racy, as measured by AUC and kappa, than the Stratified model in
the majority of species in both the Green and the Brown Strata.
However, in the Green Stratum, the Stratified model did have a
better ratio of sensitivity to specificity in 5 of the 8 species. This sug-
gests thatif your primary concern is overall prediction accuracy, the
Baseline model offers a slight advantage, but if your primary con-
cern is keeping the error rate the same between observed presences
and observed absences, stratification may better meet this goal. On
the other hand, if a uniform error rate is your primary goal, there are
other options besides stratification. In this study, thresholds were
optimized to maximize kappa. It is also possible to optimize the
threshold to equalize sensitivity and specificity.

In the NPIP study the intensification was tied to the species
prevalence. The stratification and intensification in the NPIP study
was deliberately chosen to increase the numbers of presences in
the collected data. Therefore, the Baseline model had more pres-
ences in the bootstrap sample used to construct each Random
Forest tree than did the stratified model. If the intensification
was on strata that were uncorrelated with species presence, for
example ownership boundaries, the results may have been very
different.

Table 4

Error rates for Baseline model. Test set errors from model built from training data
with test set selected so that the proportion of plots in the Green and Brown Strata
reflects the proportion of land area in Nevada. OOB error rates for each stratum from
the full dataset models used in map production. Thresholds in all models optimized
to maximize kappa in the test set. Prevalence error is predicted prevalence minus
observed prevalence. Prevalence of 1% or less indicated in bold.

Species Threshold AUC

Test set Full data OOB

Both Green Brown
Other shrub 0.68 0.70 0.61 0.70
Sage 0.54 0.84 0.66 0.84
Juniper 0.54 0.92 0.78 0.85
Pinyon pine 0.51 0.97 0.86 0.93
Mountain mahogany 0.42 0.94 0.86 0.85
White fir 0.38 0.95 0.82 0.99
Aspen 0.36 0.98 0.94 0.99
Limber pine 0.03 0.94 0.97 0.99
Species Threshold Kappa

Test set Full data OOB

Both Green Brown
Other shrub 0.68 0.29 0.14 0.31
Sage 0.54 0.52 0.21 0.55
Juniper 0.54 0.67 0.44 0.45
Pinyon pine 0.51 0.81 0.55 0.49
Mountain mahogany 0.42 0.62 0.45 0.30
White fir 0.38 0.39 0.43 0.50
Aspen 0.36 0.62 0.60 041
Limber pine 0.03 0.05 0.33 0.08
Species Threshold Prevalence error

Test set Full data OOB
Both (%) Green (%) Brown (%)

Other shrub 0.68 7 1 3
Sage 0.54 -3 13 -1
Juniper 0.54 3 2 -1
Pinyon pine 0.51 0 3 0
Mountain mahogany 0.42 0 -3 -1
White fir 0.38 0 -2 0
Aspen 0.36 0 -1 0
Limber pine 0.03 6 11 5
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When comparing the Baseline and Balanced models with opti-
mized thresholds (Fig. 3, hollow points), we found differences
between the approaches were negligible. In alarger dataset, the Bal-
anced model might improve computation speed, but in our dataset
this improvement was not notable. The largest differences were in
prevalence (Fig. 3e, hollow points), but even here the differences
between the two optimized models were not large, and the over
and under prediction is not clearly related to prevalence for either
optimized model.

If for some reason it was desirable to avoid threshold optimiza-
tion and insist upon the default threshold of 0.5 (Fig. 3, solid points),
then the differences between the Baseline and the Balanced models
were more dramatic. These differences were also strongly linked
to prevalence, particularly the differences in prevalence accu-
racy (Fig. 3e, solid points), with the default Baseline model more
accurate for our 4 lowest prevalence species (estimated observed
prevalence 1% to 3%), and the default Balanced model more accurate
for our 4 moderate to high prevalence species (estimated observed
prevalence of 16-87%). This is interesting because, in theory, Bal-
anced models are proposed as a way of improving predictions in
species with very low or very high prevalence. Instead we found
that when the threshold is kept at the default of 0.5, Balanced mod-
els actually did worse than the Baseline models for our very low
prevalence species.

Also, the default Baseline model tended to over predict the high
prevalence species and under predict the 4 low prevalence species,
while the default Balanced model over predicted all but one of
our species and highly over predicted the 4 rare species. The one
species group where the default Balanced model under predicted
the prevalence was Other Shrub (observed 87% prevalence) where
the default Balanced model under predicted the prevalence by 15%.

It has been proposed than an additional benefit of balanced mod-
els is that balancing would allow the use of the default threshold
criteria of 0.5 and make optimizing thresholds unnecessary. Our
data does not support this. We found, contrary to the approach
of Evans and Cushman (2009), that the predictive performance in
terms of AUC, kappa and prevalence of the Balanced model was
considerably improved by threshold optimization. The one excep-
tion we found was that if the primary concern was balancing the
ratio of sensitivity and specificity, then the default threshold for the
Balanced model performed well.

5. Conclusion

Final maps were constructed from Random Forest model con-
structed on the entire dataset, without down sampling for either
stratification or balance.

In the case of the Nevada data, both down sampling for strati-
fication, and constructing individual models for each stratum did
not substantially improve and, in some cases reduced, performance
of species distribution models. The intensification by strata in the
NPIP data collection was deliberately chosen to include more pres-
ences in training data. Negating this by using a Stratified model was
counterproductive.

When thresholds were optimized, down sampling to balance
species prevalence did not substantially improve predictive per-
formance of the models. Also, down sampling for balance did
not eliminate the need to optimize thresholds. In fact, balancing
without threshold optimization actually worsened the predicted
prevalence of our rarest species, the very species that balancing is
supposed to be helping. While down sampling can increase pro-
cessing speed, this was not appreciable for this dataset. Therefore
we concluded that the slight gains did not justify the more compli-
cated modeling structure.
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