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Abstract

Many models describing the relationship between landcover and diversity have been
developed, but there is relatively little literature on how well these models perform on
new data. Claims of increased understanding of ecological relationships require models
that make more accurate predictions on new data than we could make before those
studies were done. In this study | assess the spatial transferability of models using
landcover variables to predict bird abundance and species richness from 3 different
regions across the conterminous United States. Notably, final models for each dependent
variable always varied across training regions. Most models performed relatively poorly
on average when applied to test data and they generally performed worse with increasing
distance from the training location, yet in nonlinear and complex ways. These results
suggest that the relationships between bird abundance/diversity and landcover are real but
the mechanisms driving these targets are changing in space. While improving the
transferability of models is an important and useful objective, inherently many ecological

models likely have spatial and temporal limits to their transferability.
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Introduction

Anecdotal evidence of reduced populations of bird species such as, Peregrine Falcons
(Falco peregrinus), Brown Pelicans (Pelecanus occidentalis), and Passenger
Pigeons(Ectopistes migratorius) had suggested declines in the abundance and diversity of
bird species across North America even before our ability to reliably monitor changes of
abundance and identify potential trends (Hudson et al., 2017). However, by the time
declines were large enough to be detected without formal monitoring, restoration and
conservation efforts were difficult or impossible to implement. Since then, large scale
bird monitoring programs designed to assess and detect population changes, such as the
North American Breeding Bird Survey (BBS) and the Audubon Christmas Bird Count
(CBC), have been established across much of North America. The standardized
monitoring of these programs has allowed for more informed conservation measures as

well as evaluation of potential drivers of bird abundance (Hudson et al., 2017).

There is a consensus in the literature that diversity and richness of terrestrial birds in
North America has remained relatively constant or has been potentially increasing since
the early 1970’s (McDonald et al., 2012; Schipper et al., 2016). Despite stable or
increasing trends in taxonomic, functional, and phylogenetic diversity the abundance of
birds across North America has exhibited substantial losses since the early 1970’s. But
the trends have not been homogenous across bird assemblages and across North America.
For example, grassland species have seen dramatic reductions in abundance (-37%) over
the last several decades (1968 to 2008), whereas generalist species have apparently

become more abundant (+27.9%) over the same time frame (Sauer & Link, 2011). Even
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though these aggregated assemblage trends show considerable variability it is estimated
that there are approximately 3 billion (29%) fewer birds today than there were in 1970

(Rosenberg et al., 2019).

Small to broad scale changes in the diversity, distribution, and abundance of
terrestrial birds is of concern given the rapid decline in abundance for most bird
assemblages throughout North America. Evidence suggests that bird abundance has
declined significantly in eight out of ten biomes across North America since the early
1970’s (Rosenberg et al., 2019). Loss of biodiversity is an obvious concern for both
ecological and social reasons. Birds functional roles include seed dispersal and
pollination, transfer and deposition of nutrients as well as, linking trophic processes by
serving as primary or secondary consumers within and between habitats (Sekercioglu,
2006). From a social perspective birds provide humans with many services - they supply
meat for food, down for garments, and guano for fertilizer and explosives. They also
regulate pests, disperse seeds, and are pollinators of economically important crops
(Sekercioglu, 2006). In addition to these services, billions of dollars per year are spent on

bird watching (Sekercioglu, 2017).

Landcover has been linked to the distribution, diversity, and abundance of bird
species and there is evidence that habitat selection is widespread across many species,
particularly during the breeding season (Gaston et al., 2003; Grinde et al., 2017; LeBrun
et al., 2016; Ralston et al., 2016). Thus, changes in landcover through time, whether
natural or anthropogenic, are likely to play an important role in the (re)distribution,

diversity, and abundance of bird species (Gaston et al., 2003). The abundance of many



bird taxa has been shown to be directly and negatively related to changes in landcover
(e.g., Spotted Owls, Sage Grouse, Kirtland’s warbler, grassland and Eastern forest
obligates, etc.). Bird abundance can also be indirectly affected by land use change. For
example, Hallmann et al. (2014) found that neonicotinoid application, an agricultural
pesticide still in use today, resulted in a 3.5% annual decline of insectivorous birds.
Developed lands are particularly susceptible to the introduction of non-native species,
such as domestic cats, which can present a great threat to the abundance of birds. Loss et
al. (2013), estimated that domestic and feral cats are responsible for the loss of 1.3 to 4
billion birds annually in the United States alone. There is little doubt that anthropogenic
changes to landcover have had direct and indirect effects on the abundance of many

species of birds.

The relationship between anthropogenic land use and species richness across the
conterminous United States is generally believed to be negative (Rittenhouse et al., 2012)
but most investigations suggests that many facets of diversity (i.e. Taxonomic, functional,
and phylogenetic diversity) have remained stable or are perhaps increasing (Dobson et
al., 2015; Jarzyna & Jetz, 2018; Monnet et al., 2014; Schipper et al., 2016) for birds in
North America. While diversity of birds within North America does not appear to be
declining, despite large compositional shifts, it is not clear that future diversity will be
stable in the face of climate and landcover change. Bateman et al. (2016) explored the
rate of range shifts for land birds across the conterminous United States in relation to
climate change. They found that ranges were shifting by roughly 1.27 km yr? over the
last 60 years. However, some regions showed lower species richness than was predicted

based on climate change and these regions had experienced a large degree of
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anthropogenic land use. Their interpretation of this finding was that areas becoming more
suitable breeding habitat due to climate change are also attractive areas for agriculture
and development. This suggests that these altered landscapes may have supported a
greater number of species had they not been altered and that landcover impacts may be

far more complex and important than previously understood.

Transitions to one landcover type from another have been well documented across the
conterminous United States in recent years. Homer et al. (2015) concluded that landcover
changes between 2001 and 2011 across the United States had occurred non-uniformly
and at a relatively constant rate. The highest concentration of change has occurred in the
Southeastern United States and confined regions of the Pacific Northwest. Forest cover
has experienced the greatest losses, typically transitioning from forests to shrub and
grassland. Similar results were found between 1973 and 2000 (Sleeter et al., 2013).
Despite, significant loss of forested land over the past several decades there has also been
a large conversion of agricultural lands to forested lands in the Northeastern United
States (Ramankutty et al., 2010). This has been largely driven by abandonment of
agricultural lands near the turn of the 20" century. Landcover conversion is expected to
increase in the future due to increasing human population, urbanization, and climate
change. Thus, effective bird conservation will require a more detailed understanding of

how birds use specific landcover types.

There have been many studies examining covariation between land use and bird
abundance or diversity resulting in many models describing relationships between land-

use and bird abundance or diversity (Hill et al., 2014; Jetz et al., 2007; LeBrun et al.,



2016; O’Connor et al., 1996; Virkkala, 2016). But there is, relatively little literature on
how well these models perform on new data (however, see LeBrun et al. 2016). Studies
claiming to have added to our understanding of the relationship between land use and
bird abundance/diversity must develop models that make more accurate predictions when
applied to new data (i.e., data not used to train the model) than we could make before
those studies were done. The predictive ability of models applied to new data beyond the
temporal and/or spatial extent of the training data is often referred to as model
transferability (Wenger & Olden, 2012). Two common forms of model transferability are

spatial and temporal.

Model transferability is rarely evaluated in ecology except in sub-disciplines such as
species distribution modeling (SDM). SDM’s are often trained using observations from
one spatial extent and tested using observations from another spatial extent. For example
Randin et al. (2006) trained SDM’s to predict species occupancy in one distinct
geographic location and then tested the models in a geographically separate location. The
process was repeated using the test location as the training set and the training location as
the test set. The transferability of models failed for more than 50% of species considered.
Wenger and Olden (2012) took a similar approach to evaluating model transferability. In
their study, the test data was always spatially distinct from the training data and they
found relatively poor model transferability when compared to in-sample performance. In
both studies described above, the authors estimated predictive performance when models
were extrapolated to sites outside the model training location. Evaluating model
transferability allowed the authors to identify the most generalizable model from a suite

of candidate models. While these approaches were novel, model performance was
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reported as an averaged measurement of error, ignoring information about the distance

between the data that were used to build the model and the test site(s).

The objective of my study was to model the relationship between the abundance of
five widely distributed bird species as well as bird species richness, and landcover using
BBS and United States Geological Survey (USGS) landcover data. | used BBS routes
from each of three different regions (West, central, and East) in the conterminous United
States of America (USA) as model training data. Models trained using routes found
within a particular region (e.g., West) were applied to routes from the rest of the
conterminous USA. | then compared predicted versus observed values and evaluated
predictive ability in relation to Euclidean and longitudinal distances from the geographic
boundary of the training set to the predicted site. If the drivers of bird abundance and
diversity vary geographically, | predicted that model predictive performance should
decay as a function of both Euclidean and longitudinal distance. That is, models trained
on routes from the eastern USA should predict better on routes immediately adjacent to

the eastern USA than routes on the west coast.

The five focal species analyzed in this study are distributed widely across the
conterminous USA and are relatively plentiful across their distribution. The American
Robin (Turdu migratorius) occupies a wide variety of habitat, however, they most often
occupy edge habitat where there is a both forest and agricultural/grasslands. Additionally,
American Robins are often associated with low density development (Vanderhoff et al.,
2020). Barn Swallows (Hirundo rustica) is one of the most widely distributed species

globally. They are most often associated with open areas where mud is available for



nesting material. Ancestrally the species was believed to nest in caves, however, the
species almost exclusively nests on human-made structures which provides a ceiling
above nests (Brown & Brown, 2020). The Brown-headed Cowbird (Molothrus ater) is a
brood parasite, laying eggs within the nests of many species which overlap it’s
distribution and as such make studying the species and its distribution difficult.
Originally, the species was confined to the plains of the Midwest, however anthropogenic
disturbance has allowed the species to distribute across much of the conterminous USA.
The species generally tends to prefer habitat with ample forest and grassland vegetation
edges and are often limited in regions with extensive forest or grassland solely (Lowther,
2020). The European Starling (Sturnus valgaris) was introduced to New York in the late
1800’s and since spread across much of the continent. European starlings are often
associated with developed landcover. They are most often associated with short
grasslands that provide suitable cavities for nesting and avoid large regions of forested or
arid lands (Cabe, 2020). The Red-winged Blackbird (Agalaius phoeniceus) nests almost
exclusively, in open wetland and upland habitats. They can be found in fresh or saltwater
marshes and to lesser extent marsh vegetation connected to roadside ditches, lakes,
pasture/hay land, and developed parks. Upland breeding habitat commonly occurs in

meadows, and crop lands (Yasukawa & Searcy, 2020).

Methods

Breeding Bird Survey (BBS) data description

The BBS is an international bird-monitoring program designed to estimate the status

and population trends of North American birds. It began in 1966 as a response to
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concerns about the effects of DDT application on bird populations but BBS data have
also been used address a variety of questions about bird populations including the effects
of habitat conversion and fragmentation (Sauer et al., 2013). Each year during peak
nesting season, approximately June, volunteers drive a 25-mile roadside transect,
stopping every 0.5 miles for three minutes to count all birds seen or heard within a 400 m
radius of where they stand. Summed counts by species across all 50 stops is used as an
index of abundance for that year (Sauer et al. 2013). Route start points are randomly
generated and constrained to secondary roads. Currently the BBS has more than 3700
active routes with more than 2500 routes in the conterminous USA alone (Fearer et al.,

2007).

Landcover data description

The USGS landcover data were obtained from the 2006 National Land Cover
Database (NLCD 2006) and originally accessed through the Multi-Resolution Land
Characteristics Consortium (MRLC; Veech et al. 2012). NLCD 2006 classifies
landcover, into one of 16 landcover classes at a spatial resolution of 30 meters? (Table 1).
Buffers were created around each route at six different distances from the route — 200 m,
400 m, 1 km, 2 km, 5 km, and 10 km. The summed area in hectares of each landcover
class was estimated for each of the six spatial scales (i.e., buffers). The area of each
landcover class for each spatial scale around each BBS route was converted to a

proportion of the total area within a buffer.

area;

Equation 1. Landcover proportion =
area;

Where i is the landcover class and j the spatial scale).
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In addition, to proportional landcover, three landcover diversities were calculated for

each spatial scale on each route; landcover richness (s)

Equation 2. Landcover Richness (s) = Z area(i) > 0
i

Shannon-Weiner diversity index (H)
S
Equation 3. Shannon — Wiener Index (H) = E(pi) X In(p;)
i=1

and Simpson’s diversity index (D).

Equation 4. Simpson Index (D) = o——

i=1Pi
Where pi = proportion of total sample represented by landcover i and s are the number of

landcover types present.

Breeding Bird Survey Route Selection

| estimated bird species richness and abundance for five species (American Robin,
Barn Swallow, Brown-headed Cowbird, European Starling, and Red-winged Blackbird).
Species were selected based on their BBS route level abundance and broad geographic
distribution across the conterminous USA. These estimates were collected/calculated
using three different year intervals, only 2006, the mean for 2004 - 2008 and the mean for
2002 - 2010. All three intervals overlap with the NLCD 2006 data so as to best capture
landcover characteristics associated with the BBS count data. Using only 2006 ensures
that we use abundance data only in the year that the landcover was surveyed. However, it
is unlikely that landcover changed very much in the years within 2-3 years of the

surveyed dates and using several years of abundance data may provide a better estimate



of the ‘true’ abundance associated with a specific distribution of landcovers. | only

selected routes that had data for each year from 2002 to 2010 resulting in 936 routes.

Model Building

Training Set Selection

| built models using three different subsets of the 936 routes (i.e., training sets) by
geographic region, west, east, and central. The west training extent was defined first by
(1) identifying the latitudinal midpoint between the southern and northern extremes on
the west coast of the conterminous USA, and (2) drawing a circle centered on the
midpoint with an area such that 100 routes were contained within the circle. This required
an area of 1,368,477 km?. The east training set was selected by (1) identifying the
latitudinal midpoint between the southern and northern extremes on the east coast of the
conterminous U.S., (2) drawing a circle centered on the latitudinal midpoint with a land
area equal to the land area of the circle used to select the west training set and (3)
randomly selecting 100 routes from all routes found within the circle (note, there are
more BBS routes in the eastern US than western US so, to use the same number of routes
in each training set | only used a subset of routes found within the eastern training set
boundary). The central training set was selected by (1) identifying the longitudinal
midpoint between the east and west region midpoints, (2) drawing a circle centered on
the midpoint with a land area equal to the land area of the east and west circles and (3)
randomly selecting 100 routes from all routes found in the ‘central’ circle (Figure 1). This
protocol ensured that training sets for each of the three geographic regions used exactly

100 routes to build regression models. Training data was held at 100 routes (i.e.
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excluding routes not randomly selected) between training regions as | was concerned
about confounding training region and training sample size in regards to model prediction

error.

Model Selection

There are 16 different landcover variables, three different landcover diversity
variables and each of those variables is calculated at each of the six spatial scales for a
total of 114 potential variables (i.e., 19 X 6). Thus, | used a 3-step process to select the
final model. Step 1: Identify the optimal scale for each of the five species and species
richness; Step 2: Select a subset of the 19 independent variables; Step 3: Use AIC to

identify the best model of all possible models after the initial filtering process.

Step 1: Optimal Scale Identification

To determine the optimal spatial scale (as outlines in the Landcover Data
Description subsection) for each landcover to include in Step 3 of the model selection
process for each geographic region, | calculated the variation explained for univariate
linear regressions of each independent variable on the dependent variable. Because the
dependent variable was count, I used generalized linear models (GLM’s) with a log-link
and a negative binomial distribution (see below). GLM’s estimate parameters using
maximum likelihood rather than least squares, so an R? value cannot be calculated
directly. Therefore, | used the McFaddens pseudo R-square (Smith & McKenna, 2013). |
identified the optimal scale as the scale with the largest pseudo R? for each landcover
variable (Findlay & Houlahan, 1997; see Figure 2 for example). This initial filtering step

reduced the number of variables from 114 to 19 by identifying a single, yet potentially
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differing, optimal scale for each independent variable. Following optimal scale
identification, a visual aid depicting longitudinal variability for the 19 independent
variables from the 936 BBS routes across the conterminous US is presented using a Loess

smoother with an arbitrary 10% smoothing parameter (Figure 3).

Step 2: Independent Variable Subset Selection

Delta AIC values calculated from univariate analyses were used to reduce the
number of landcover variables considered for Step 3. Landcover variables were included
in Step 3 based on AIC model values (Anderson & Burnham, 2002) relative to an
intercept only (i.e., null) model AIC value. We chose to remove a landcover variable
from further analysis if the AAIC score was = -2 relative to the null model AIC score
because this implied the model including the landcover variable was, at best, marginally
better than the null model. This reduced the number of independent variables included in
Step 3 of the model selection process to between 7 and 15 for the six different dependent

variables.

Step 3: Multivariate Linear Models

Negative binomial generalized linear models with a log link were generated for
each dependent variable using the independent variables remaining after step 2 of the
model selection process. The last step of model selection was conducted using an AIC
stepwise model selection process (Venables & Ripley, 2002).

The 3-step process was carried out for each of the 6 dependent variables (dv)

(species richness, cowbird, etc.) using each of the 1, 5, and 9 year windows (y) for each
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of the three geographic regions (gr) for a total of 54 models — M avy,gr. Model fit is

summarized using the Aldrich-Nelson pseudo R? (Aldrich & Nelson, 1984).

Model Performance and Transferability

Each of the 54 models were fit using data from 100 routes. To assess
transferability of models we examined the predictive ability of each model on the
remaining BBS routes beyond the extent of the training region (i.e., test sets), relative to
the predictive ability of each model on the data that were used to build the model. Routes
not selected to train the model yet within the training circle were excluded from the test
data, resulting in a varying number of routes with which to test the landcover models
(836, 824, 561 for West, Central and East, respectively). To estimate how predictive
ability of each model decayed with distance and longitude, I compared the prediction
error using the best-fit landcover model for a particular dependent variable to the
prediction error using ‘null” models for that dependent variable. First, the training null
model defined as the mean value of the dependent variable in the training dataset. Thus,
the training null model predictions contained no information about the relationship
between the 19 independent variables and the dependent variable. However, because bird
abundance and species richness vary over space for reasons other than landcover | also
created a ‘dynamic’ null. Here, I fit the dynamic null model to all routes in a test set using
a negative binomial GAM smoother with a log link function to obtain a function
estimating how values of the dependent variable vary over either Euclidean or
longitudinal distance. Thus, the dynamic null model estimated the expected value without

considering landcover at a given distance or longitude from the training set. That is, it
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‘corrected’ for variability in bird abundance and species richness over distance and
longitude that was not due to landcover. Prediction error for the landcover and null
models on the training data was summarized using the mean absolute error (MAE) as
well as the square root of the mean squared error (RMSE). Both metrics provide useful
information regarding errors since RMSE penalizes large errors, thereby providing
insight into the severity of error when related to MAE. Relative performance of the
landcover and training null models were assessed by dividing landcover model
performance by training null model performance (i.e., MAE and RMSE values). Thus,
values less than one imply the landcover model had superior predictive ability and values
larger than 1 imply the null model had superior predictive ability.

| assessed model transferability for every given geographic training region and
dependent variable using (1) a linear model using the training null, (2) a non-linear model
using the training null and (3) a non-linear model using the dynamic null. In all cases
transferability is tested using regression where test route error serves as the dependent
variable and test route distances from the training region serves as the independent

variable.

Linear model

Step 1: Both the Euclidean and longitudinal distance from the outer edge of the
geographic training region to outlying BBS routes was measured. Euclidean distance
provided no information about the orientation of the test-set route to the geographic

training region while longitudinal distance emphasized distance in east-west orientation.
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Step 2: | calculated the absolute prediction error (i.e., observed — predicted
values) for both the landcover and training null models applied to test data.

Step 3: The relationship between distance and out-of-sample landcover error was
modeled using a linear relationship with the intercept forced to the landcover model
MAE on the training data (because large and unrealistic intercept values skewed the
estimated slope of the relationship). Linear relationships of longitudinal distance and
model error could not be examined for the central region given the geographic position

(i.e., the logical intercept is positioned mid-way through the range of x axis values).

Non-linear model

The linear relationship between distance/longitude represents the ‘average’ rate of
error across Euclidean and longitudinal distance. The non-linear relationships (i.e., GAM
fits of error across Euclidean and longitudinal distance) provide a more detailed but less
intuitive summary of the relationship between prediction error and Euclidian/longitudinal
distance. Here, | present the relationships between both absolute and relative prediction

error and Euclidian/longitudinal distance.

Non-linear model with training null

Step 1 & 2: Same as above

Step 3: The relationship between distance and absolute prediction error on test
data was modeled using a negative binomial GAM smoother with a log link function. The
smoothing parameters were estimated using restricted maximum likelihood (REML)

method. | did this for both landcover and training null models.
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Non-linear model with ‘dynamic’ null

Step 1 & 2: Same as above

Step 3: Fit a dynamic (i.e., non-linear) null model.

Step 4: Calculate the absolute prediction error for the dynamic null model (i.e.,
observed — dynamic null predicted values) and fit a GAM smoother to the resulting
errors. The dynamic null model was fit across Euclidean and longitudinal distance for
each dependent variable, for all three geographic regions and for the three window sizes
(i.e., 1,5, and 9 years).

| only present detailed results for the 2004-2008 window as model fit was
generally best using the 2004-2008 window. In addition, I concluded it provided the best
balance between an accurate count of bird abundance on a particular route and landcover
that would be unchanged from what was observed in 2006. For results using the 2006 and

2002 — 2010 windows see Appendices 1, 2, and 3.

Results

Summary of models

Univariate Analysis and model selection

The optimal scale identified for each landcover variable (e.g., Figure 2) for each
response variable and location followed a bimodal distribution with peaks at 200 m and
10 km (Figure 4, appendix 1). Following independent variable reduction (i.e., step 2 of
the model selection process), the East training region had 10 of 39 independent variables

at an optimal scale of 10 km as well as 10 of 39 independent variables at an optimal scale
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of 200 m. The optimal scale was 10 km for 20 of 50 independent variables in the central
models and 19 of 72 independent variables in the West trained models. Note: the number
of independent variables varies among regions because the number of landcover/diversity
variables resulting from step 2 of the model selection process for any of the five bird
species or species richness varied among the East, West, and central regions. This implies
that some land cover variables are affecting bird abundance at very local scales while
others are affecting bird abundance at large, regional scales. One km or two km were the
optimal scales for a small proportion of independent variables across all three training
locations.

The number of variables that were retained following landcover model selection
differed by response variable and training location (appendix 2). Bird species richness
retained the fewest independent variables (2) in the East and the most (7) in the West.
The total number of independent variables across all response variables was similar
between training regions with 25, 27, and 25 independent variables retained in the East,
central, and West training regions, respectively. On average each model included 4.3
(range: 2 to 7) independent variables. In the West (Figure 1), landcover richness was
positively associated with abundance in 80% of models. Simpson’s Diversity Index and
cultivated crops were the second most predominant landcover variables (50% of models)
and were also positively associated with abundance. Notably, evergreen forest was
negatively associated with abundance in half of the models (Figure 5, appendix 2). For
models trained using routes from the Central region (Figure 1), landcover richness was
the most predominant positive association with abundance (50% of models), whereas half

of all models were negatively associated with evergreen forest (Figure 5). In the East
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(Figure 1), pasture/hay was the most prevalent (66% of models) landcover variable
positively associated with abundance and, again, negative associations with evergreen
forest were present in 66% of models. When looking at landcover variable prevalence
among all training regions 56% of models were negatively associated with evergreen
forest, whereas 44% of models were positively associated with cultivated crops and
landcover richness, followed by 39% pasture/hay landcover types (Figure 5). In addition,
there was a declining trend from west to east with respect to landcover models including
landcover diversity variables. That is, in the western region all models included at least
one landcover diversity variable whereas only 50% and 17% of models from the Central
and East regions respectively, contained landcover diversity variables.

Independent variables shared among training regions may shed light on landcover
types that are generally important across all regions. For example, a negative association
of evergreen forest was found in all three training regions in relation to starling
abundance, and pasture/hay and cultivated crops landcovers were positively associated
with red-winged blackbird abundance in all training regions (Figure 5). Independent
variables and their association with abundance (i.e., positive vs negative effect on
abundance) shared between training regions were not observed outside of the above
examples. There were also relatively few variables shared between two of three regions

(Table 2).

Mean in-sample predictive ability
Using landcover and landcover diversity variables improved predictive ability of

the training data compared to in-sample null models. MAE values for landcover models
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in relation to in-sample null models were improved in all 18 cases and only the West
Red-winged Blackbird landcover model had a worse RMSE value than the in-sample null
RMSE (Table 3). Landcover models for the European Starling (West region) and Barn
Swallow (West region) had the best in-sample predictive ability with MAE values of
20.4, and 5.7 respectively, representing a 50% and 40% improvement over the in-sample
null (Table 3, Figure 6, appendix 3). By contrast, the models with the worst in-sample
predictive ability were species richness (East region) and Red-winged blackbird (West
region) models with MAE values of 7.0 and 18.8 respectively, which only improved
predictions in relation to the in-sample null by 9% and 6% (Table 3, Figure 6, Appendix
3). Pseudo R? values suggested that model fit ranged from poor to moderate (range:
18.9% Species richness (East region) to 50.7% Species Richness (West region);

Appendix 2).

Mean out-of-sample predictive ability

However, when | used the landcover models to predict test set data (i.e., data that
weren’t used to build the model), 15 of 18 models, on average, made poorer predictions
than they had on the training set (Table 3). The model that made one of the best
predictions on the training data (i.e., European starling (West region)) was also one of the
worst performing models in relation to the test data with a MAE of 84.2 birds, 4.1-fold
worse than the training performance. Some models made prediction errors on the test data
that were several orders of magnitude larger than the prediction errors on the training
data. For example, the American Robin (Central region) model had a MAE of more than

2.5 million birds and a RMSE of almost 43 million birds. The Brown-headed Cowbird
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(East region) model had a MAE of more than 800 birds and a RMSE of 5225 birds (Table
3). Only the Barn Swallow (Central), Brown-headed Cowbird (Central), and Red-winged
Blackbird (Central) landcover models showed improved predictive ability to the test data
in relation to their training data MAE performance, however, the Red-winged Blackbird
(Central) model performed worse on the test data when comparing RMSE values (Table
3). The average test set error was lowest for the West, East then central training regions.
This, however, is largely driven by the high errors noted for the central American Robin

model.

Out-of-sample linear rate of error

Fifteen of the 18 models show the expected increase in prediction error with both
Euclidean and longitudinal distance. The increase in prediction error per 100 kilometers
varied from 0.07 to more than 21000 birds per 100 kilometers. Across regions, Western
trained models appear to have the lowest linear rate of error over Euclidian distance. The
worst rate of error examined existed for central American Robin (2.1e+5 birds/100 km),
East Brown-headed Cowbird (48.06 birds/100 km) and central European Starling (29.83
/100 km). Longitudinal rates of error showed the same rankings (Table 3), however
longitudinal distance and error relationships could not be examined for the central region
(see explanation in Methods). By contrast, Central Barn Swallow, Brown-headed
Cowbird, and Red-winged Blackbird landcover models linear fit to error suggests error
decreased in relation to distance. For these species, error was reduced by 0.12, 0.71, and

1.56 birds per 100 km, respectively.
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Out-of-sample non-linear error

The linear analysis obscures more complex variation in prediction error with
distance. For example, Barn Swallow (West region) appears stable at approximately 4 to
5 birds until roughly 600 km/12° longitude from the training region at which point the
error climbed abruptly and stabilized at nearly 15 birds. Conversely, the Red-winged
Blackbird (West region), shows the high linear rate of error is primarily driven by a large
spike in the error rate between approximately 1000 and 2500 km/-100° and -96°
longitude. Error rates between 2600 and 2800 km/-96° and -94° longitude then return to a
comparable range to errors from both nulls (Figure 6, Appendix 3).

The majority of models had a tendency to outperform the training null model
across most of the range in distances. However, landcover models typically only
displayed comparable or better predictions than the dynamic null models to between
roughly 500-1000 km from the training region. Central trained models displayed a
tendency to perform better on Western BBS routes than Eastern BBS routes.

The Red-winged Blackbird model performed better than or comparable to the
dynamic null with respect to Euclidian and longitudinal distance. The Brown-headed
Cowbird model performed comparably to the dynamic null out to approximately 400 km
from the training region. However, the Brown-headed Cowbird landcover model
performed about as well as the dynamic null extrapolating from the Eastern training
region West but worse predicting from the Western region to routes in the East. A similar
observation was made with the Barn Swallow model where the landcover model
performed better than the dynamic null up until approximately 1400 km, yet apparently

performed better West than East of the training region.
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Discussion

The objective of my thesis was to assess the spatial transferability of models using
landcover variables to predict bird abundance and/or species richness. My main focus
was not the models themselves but their transferability. However, the discussion of model
transferability requires a preamble describing the models themselves and comparing my
results with previous research that has addressed the relationship between landcover and

bird abundance or diversity.

Landcover models

Key landcover findings

All landcover variables were included in at least one of the 18 models but none of
the variables were included in more than 10 of the 18 models. A few of the landcover
variables showed consistently positive or negative relationships but for most landcover
variables the direction of the relationship depended on which of the six dependent
variables (i.e., species richness, Brown-headed Cowbird abundance, European Starling
abundance, American Robin abundance, Barn Swallow abundance, and Red-winged
Blackbird abundance) was being modelled and /or the training set region (i.e., East, West,
Central). It was particularly notable that the final model for each dependent variable
always varied across training regions — there was no example of a model for a particular
dependent variable including the identical set of variables from one region to another.
However, there were several examples of a landcover variable being included in two of
three training regions and three examples of a particular landcover variables being

included in models from all three training regions, for a specific dependent variable.
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Further, the scale at which | observed the strongest relationships varied from 200 to

10000 meters.

Types of landcover

The inclusion of evergreen forest landcover was negatively associated in all
models in which it was retained (62.5%). The only landcover model which did not
include evergreen landcover for any of the three training regions was that of bird species
richness. Inclusion of evergreen landcover variables in European Starling models were
one of the few cases which showed consistency between all three training regions. Kessel
(1957) also noted that they are uncommon throughout areas of uninterrupted forest.
Landcover types associated with human agricultural activities such as cropland and
pasture showed consistently positive associations with the abundance of these five bird
species. Agricultural land has been linked to abundances of species studied here through
previous research. Cummings and Veech (2014), Evans et al. (2007), and Clark and
Weatherhead (1986) have described positive relationships between cropland and pasture
to that of Barn Swallow, Brown-headed Cowbird and Red-winged Blackbird abundance
respectively. Landcover types related to human development at all intensities and forest
types other than evergreen showed a mix of positive and negative associations with this
set of species and bird species richness. The varying effects of these landcover types on
abundance is unsurprising given the diversity of foraging and nesting behaviours between
the species selected within this study (Boynton et al., 2020; Chace & Walsh, 2006;

Cummings & Veech, 2014; Howell, 1942; Kessel, 1957).
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Diversity of landcover

The number of landcover types (i.e., Landcover richness) showed consistently
positive associations with all dependent variables and was included in a model from at
least one of the three training regions for each of the dependent variables except for Red-
winged Blackbird abundance. It’s not surprising that Red-winged Blackbirds don’t show
a positive association with landcover richness because they have one of the strongest
associations to particular landcovers both here (cropland and pasture) as well as in the
literature (Clark & Weatherhead, 1986). It could therefore be expected that abundance
may be negatively affected or unresponsive to increasing landcover diversity. For species
richness, Barn Swallow and European Starling abundance, landcover richness was
included in models from two of the regions but it was not included in models from all
three of the training regions for any of the dependent variables. Landcover diversity
indices, which capture the evenness of the distribution of landcover types more than the
number of landcover types, also generally showed positive associations with the
dependent variables but not as often nor as consistently. American Robin and Brown-
headed Cowbird abundance showed no strong relationships with diversity indices in any
of the three training regions and there was a negative association with the Shannon-
Wiener index for the European Starling in the Central region. With respect to bird species
richness, occurrence of landcover diversity variables between training regions suggests
that diversity of landcover regulates bird species diversity; a topic that has received
attention for some time in ecological sciences (Recher, 1969; Roth, 1976). One of the
most seminal theories in ecology, presented by Hutchinson (1957), suggests habitat

heterogeneity plays a pivotal role in the structuring of community assemblages. However,
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recent evidence suggests that the effect of landcover heterogeneity exhibits a consistent
yet weak influence on the richness of bird species (Chocron et al., 2015). Kadmon et al.
(2007), suggest the potential mechanism for weak relationships between species richness
and habitat heterogeneity by presenting a unified model of niche theory and island
biogeography; The results of which suggest area reduction and limited dispersal can
result in unimodal or, potentially, a negative relationship between species richness and
habitat heterogeneity, which is consistent with the predictive performance of models

developed here.,

Landcover scale

While some landcover variables scales were apparently more important closer to
BBS routes (200 m), the majority of scales appeared to be most important further from
BBS routes (10 km). This does not agree well with general trends found in the literature.
Grinde et al. (2017) examined the importance of landcover and scale in relation to 61
species of birds across 20 years within a national forest in Minnesota. Scales were
examined at 200 m, 500 m, and 1 km and 92% of species were most strongly correlated
with landcover variables at 200 m, 51% at 500 m and 46% at 1 km, suggesting landcover
IS most important within the immediate vicinity. Similarly, Pickett and Siriwardena
(2011) identified the one kilometer scale (they analyzed at 1, 9, and 25 km) as the most
important scale at which landcover heterogeneity affected abundance of 32 bird species
associated with farmland. In my analysis, proportions of landcover at a particular scale
were calculated from buffers surrounding an entire route surveyed, not the locations of

species detections along a route. This could have introduced a significant degree of noise

25



to the data and may partially explain the discrepancy of scale between my study and other

studies.

Regional variability among models

Only two of six dependent variables had at least one landcover variable that was
found in models from all three training regions. Evergreen forest had a negative
association with European Starling abundance across all three training regions while
pasture and cropland had positive associations with Red-winged blackbird abundance
across eastern, central and western training regions. There were many examples for all
six dependent variables of landcover variables being included in models for two of the
three regions but most commonly, landcover variables were only included in one model
from one of the training regions. In fact, of the nine landcover variables included in Barn
Swallow models across all three training regions, seven were included for only one
region. Similarly, of twelve landcover variables included in bird species richness models
only two were included in more than one training region. This implies that, while there
may be some similarity in habitat associations across the geographic range of these
species at the scales analyzed here, habitat associations tend to vary in space. Model

transferability may be impacted by variation in habitat selection across regions.

Model predictive ability

Key predictive ability findings
Most of the landcover models generally performed poorly to moderately well

(between 19% and 54% Aldrich-Nelson pseudo R?) on training data and all performed
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better than the in-sample null model (i.e., the mean value for the training region). When
these models were applied to test data they generally performed worse than they had on
the training data and performance degraded with increasing distance from the training
region, but not linearly. Further, there was weak evidence that models including
landcover variables performed better on test data than simply using the mean of the
training region to predict test data but, when the predictive ability of landcover models on
test data was compared with a ‘dynamic’ null model (see methods for explanation of
‘dynamic’ null model) there was little evidence that including landcover variables (either
type or diversity) improved predictive ability. However, there is some evidence that for
routes very close to the training region the models using landcover variables generally
have better predictive ability than predictions using the dynamic null model. This
suggests that landcover type or diversity is having a weak effect on bird abundance or
diversity at the BBS route-scale, relative to the factors driving large-scale variation in
bird abundance and diversity. This does not mean that landcover type or diversity are
unimportant but, if they are important, it is outside the range of spatial scales that | was
using in this study. Additionally, it could be argued that the resolution of NLCD
landcover data is not fine enough to capture habitat preferences of the species | have

analyzed here.

Model performance on training data

In-sample predictive performance varied widely but there was little evidence of
systematic differences across regions. Although there was some suggestion that the

amount of variance explained by landcover models was somewhat higher in the west than
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the central or eastern regions. Similarly, there was little evidence that model fit was better
for one dependent variable than another, although there was a suggestion that the mean
absolute prediction error for Red-winged Blackbirds was larger than the other dependent

variables.

Model performance on test data

The majority of all models performed relatively poorly on average when applied
to test data and as expected, these models generally performed poorer with increasing
distance from the training location, yet in nonlinear and complex ways. Almost all
models showed a positive linear trend between distance and model prediction error, but
the slope of those relationships varied widely. This implies that the way in which
predictive ability degrades, varies among dependent variables and among regions. More
importantly, the change in predictive ability over distance was rarely linear or even a
simple nonlinear decay function. In fact, the relationship between prediction error and
distance often had multiple peaks some of which were several orders of magnitude larger
than the errors made using the mean of the training region. | conclude that some attempts
to transfer models spatially will lead to much worse predictions than using models that
contain little information. That is, for some attempts to transfer models using landcover

variables, the “information” contained in the models is worse than no information at all.

Explanations for poor transferability

There are several potential reasons these models performed worse on test data.
1) The variables that were considered ‘important’ predictors within the training

data location were spurious relationships. For example, Murray and Conner (2009) used a
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simulation experiment to evaluate independent variable importance using multiple
indices. The authors suggest that spurious relationships are often included in multivariate
models despite methods to identify correlated spurious variables.

2) The variables responsible for variation in the dependent variable in the training
set were unimportant or less important in other regions. This concept is directly related
to the concepts of spatial dependence, spatial autocorrelation, and spatial structure. How
the abundance and distribution of species shifts in relation to environmental variables and
their selection in the modelling process while controlling for spatial autocorrelation has
been extensively studied. While autocorrelation may inflate type | errors, it is important
to note that spatial autocorrelation does not necessarily introduce bias if and when
independent variables contain information regarding spatial structure. In addition, the
degree of spatial structure is not necessarily isotropic (Diniz-Filho et al., 2003; Peres-
Neto & Legendre, 2010; Rodder & Létters, 2010; Walter et al., 2017).

Further, the relative importance of local adaptation may play a critical role.
However, the importance of local adaptations in driving the response of birds to
environmental drivers is still not well understood. It may be that models based on routes
from the eastern US have poor predictive ability in central or western regions because
individuals that belong to the same species across wide geographic ranges have faced
very different selection pressures and are well-adapted to very different kinds of
environments.

3) Values of the dependent and/or independent variables in the test set were
beyond the range of values within the training set and therefore extrapolated the

relationships. My results demonstrate that each of the dependent and independent
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variable values fluctuate widely across the conterminous USA, it is almost certain that
models are being used to predict values outside the ranges of values the model were
trained on. For example, Barn Swallows and Brown-headed Cowbirds are more abundant
at mid-longitudes of the US and models trained in the east and west would rarely see
abundances as high as those observed in the central region. Similarly, evergreen forest is
much more abundant in the western US than central or Eastern regions and models
trained in the east that include the evergreen forest variable (e.g., European Starling, Red-
winged Blackbird, Barn Swallow and American Robin) would have been trained on
evergreen abundances much lower than those observed in the west. Predicting outside the
range of values found in the training set can result in poor predictions. For example,
Conn et al. (2015) highlight the reduction of bias in predictions when independent data
from test data are within the range of independent data of the training. But relatively little
attention has been paid in ecology to how the predictive ability of models varies with the

degree of extrapolation in either the dependent or independent variables.

Importance of model predictions

The question of how and why model predictive ability varies over space is a
critically important one if we believe that the predictive ability of models is important.
This is a question that has rarely been addressed in ecology. However, the importance of
ecological prediction does appear to be prioritized when it pertains to fisheries and
agricultural management.

The predictive ability of models is generally considered to be important for

applied problems. For example, forecasting of stock productivity is the cornerstone of
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fisheries management. Failure to adequately predict these metrics has potential to
bankrupt fishing industries, reduce human food supply, and damage ecological function
(Glaser et al., 2014; Kulka, 1995; Tommasi et al., 2017). Similarly, the distribution and
abundance of terrestrial crop pests has major implications for industry and food security
and the ability to make accurate predictions is a key component to mitigating losses
(Bouchard et al., 2018; Syfert et al., 2017).

However, models are also where we store our basic understanding of the world.
We gauge this understanding by the accuracy of the predictions the models make. In this
context, predictive accuracy is the diagnostic of understanding and the only way to
demonstrate increased understanding is by making “better” predictions. Better could
imply ‘better than chance’ or perhaps ‘better than a current best or most accepted model’.
For example, | have compared landcover model predictions to two different types of null
models to compare the ‘understanding’ contained in the landcover models to models that
don’t contain any potential causal drivers.

Many methods have been employed to evaluate and compare models, but most
use some measure of fit to the same data used to fit the model. Model fit is evaluated by
comparing an expectation to an observation and quantifying their difference. There are
many ways to do this (e.g., root mean squared error, absolute mean error, coefficient of
determination) but the objective is to estimate the distance between predictions and
observations. Therefore, better fit implies smaller differences between observed and
predicted values, than a competing model. Model fit is often treated as an index of
predictive ability estimates but has been shown to be unreliable is assessing the predictive

ability of a model (Wenger & Olden, 2012). Model fit evaluates the strength of the model
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training process and should not be confused with estimating the predictive ability of the
model (Shmueli, 2011). This is primarily because the estimate of predictive ability uses
the same data that was used to generate the model. Model accuracy is often overestimated
when a model is evaluated using the same data that was used for model fitting. Predictive
ability can only be reliably estimated by making predictions to data that were not used in

model selection or parameter estimation.

Model evaluation

Models are rarely evaluated on data not used to fit a model. Often researchers are
reluctant to exclude data from the model fitting process, but useful compromises, such as
cross validation have been developed to evaluate model error (Varma and Simon 2006;
Wenger and Olden 2012; Efron 2004). All cross-validation techniques withhold a portion
of the data (i.e., test data), fit the model to the remaining data (i.e., training data) and
estimate the error of the predictions from the training data model to the test dataset. This
process is repeated iteratively until all data has been used to both test and train the model
and the prediction error is averaged across iterations. Cross validation allows for the
evaluation of model error using data independent (i.e., out-of-sample data) of the model
training process and is viewed by many as a more accurate evaluation of a model’s
predictive ability (Aber, 1997; Aradjo & Guisan, 2006; Guisan & Zimmermann, 2000;
Olden & Jackson, 2002). Cross validation approaches can provide unbiased “out-of-
sample” error estimates, but these estimates are still bound and randomized within the

spacio-temporal extent from which the data was collected. They do not estimate the
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spatial or temporal transferability of models and transferability is a critical test of our
understanding.

Transferability is an important component of the predictive ability of a model, and
therefore, the understanding contained in that model. Model transferability is the logical
progression of model evaluation beyond classical cross validation techniques described
above. Evaluating model transferability is nothing more than systematic cross validation
as opposed to the randomized data splits used in classic k-fold cross validation. For
example, (Randin et al., 2006)) trained SDM’s to predict species occupancy in one
distinct geographic location and then tested those models in a geographically separate
location. The process was then repeated with the geographic locations of model training
and testing switching roles. Here the two locations were the systematic folds in the cross
validation. Wenger and Olden (2012) took a similar approach to evaluating model
transferability. In their study latitudinal bands defined the cross-validation folds on their
full dataset. This approach allowed the authors to estimate an averaged model
performance in unsampled regions in space. This allowed for comparison of models of
varying complexity and results suggested that simpler models were less prone to
overfitting and provided predictions when applied to new data. While the approaches to
both above-mentioned studies are novel, the measure of model performance is reported as
a single averaged measure. Bahn and McGill (2007) perhaps take the idea of spatial
transferability further by attempting to identify to identify mechanisms which explain
variation of bird abundance beyond large scale spatial structure. In this study the authors
compare habitat models, using climate and landcover data, to spatial models which

contained no environmental variables. They concluded environmental variables often do
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not provide any enhancement to predictive performance of models and are frequently
outperformed by spatial models with no mechanistic characteristics. | have performed a
logical extension of these studies model evaluation techniques and ecological model
evaluation in general. The goals of the studies above, were to identify the model with best
predictions on average when applied to new data, whereas my approach evaluates the
prevailing tendency of the model errors along a spatial gradient. This has allowed me to,
in theory, determine at which distance from the model training region the regional mean
of the dependent variable provides a better prediction than the landcover data used here.
While | have demonstrated both the linear and non-linear spatial dynamics of model error
this approach could easily be transferred to temporal error dynamics or incorporate other

distance metrics (eg. Temperature, precipitation, etc.).

Null Model Choice

Comparing models including explanatory variables to an ‘intercept only’ null
model is routinely performed as a baseline comparison (Burnham and Anderson, 2011).
In typical modeling approaches the mean of the dependent variable is often a logical
choice when trying to determine the efficacy of a model attempting to explain variation
around this mean. In this study, I compare the predictive performance of the landcover
model on a test set, to two different null models; (1) the training null model (i.e., mean
value of the dependent variable in the training region) and (2) the dynamic null model
(i.e., regional mean value of the dependent variable across the test set). The rationale for
a dynamic null is that comparisons to a local mean are a better test of the predictive

ability of landcover models, trained elsewhere. Using a dynamic mean, controls for large-
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scale variability of the dependent variable and, large-scale effects of environmental
drivers including landcover variables. But, if the predictive ability of the dynamic model
is just as good or better than the models including landcover variables it suggests that the
“information” contained in those landcover variables is of no value in predicting bird
abundance at the finer scale of BBS routes. And, as | have demonstrated, the majority of
models fail to provide predictions as good as the regional mean at varying distances from
landcover model training regions. This implies that the true drivers of the dependent
variables | have analyzed are not among the landcover variables used in this analysis or
that the effects of these landcover variables operate at much larger spatial scales than the
scale of the BBS route. When evaluating the transferability of models, it is important to
note that the definition of a null model does not necessarily have to resemble the form 1
have defined here. Bahn and McGill (2007), define nulls as spatial models in their study
which contain no causative mechanisms attempting to explain variation in bird
abundance, similarly to what I have done here. They compared predictive performance of
habitat models to predictions of spatial interpolation alone. A suitable null model does
not imply there is no information; it simply contains no causative mechanism seeking to
explain variation.

Conclusion

My results provide evidence that the type and diversity of landcover does affect
the abundance of some of the bird species as well as bird species richness. However, it is
also clear that landcover alone cannot predict bird abundance and diversity. In addition,
as the distance between the prediction location and the sites used to build the models

increases, the predictive accuracy declines. Often, the models fail to provide predictions
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as good as those made by the dynamic null. However, many of the models make
relatively accurate predictions to routes located near the training region. This suggests
that the relationships between bird abundance/diversity and landcover, examined here,
are real but the mechanisms driving bird abundance and diversity are changing in space.
My results suggest that the underlying drivers of bird abundance and diversity are not
stationary in space. The abundance of my five focal bird species and diversity may not be
changing simply because of the amounts of key habitats in different places but because
the way in which these species respond to key drivers is variable in space. The regional
importance of these variables as well as the spatial persistence of this importance can be
investigated through the approach I’ve used here.

My approach allowed me to identify a small set of generalizable predictors. For
example, | have provided further evidence that Red-winged Blackbirds are associated
with pasture/hay, crops, and wetlands. These variables were included in models trained in
the East, central, and West regions and the centrally and western trained predictions from
those models transferred spatially, comparatively well.

It was expected that response variables that shared many of the same landcover
variables between training regions would, relatively speaking, transfer well, such as with
the Red-winged Blackbird case. However, this was generally not the case. Barn Swallow
models as a whole were the most transferable models, despite very little landcover
variable overlap between training regions. How three very different models transferred

relatively well is difficult to explain.

Next Steps
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First and foremost, 1 recommend that values of independent predictors within
training and test data should be within the same range. When that is not possible,
normalization of landcover variables might help (Faraway, 2014). For example, if the
range in evergreen amount is between 0 and 20% in the east and 0 and 80% in the west,
the values could be normalized so that decline from 20 to 15% in the east is treated as
equivalent to a drop from 80 to 60% in the West. That is, rather than estimating effects of
different landcovers based on absolute differences in landcover amount they could be
based on differences in the relative landcover amount. While speculative, the sizeable
errors of several landcover models resulting from test data predictions, were likely a
result of extrapolating predictions at landcover values not observed within the training
data. For example, the west trained Red-winged Blackbird model performs quite poorly
approximately 1000 km from the training data extent near longitude -95. At this same
distance, a large spike in the proportion of pasture/hay and cropland landcovers
(positively related landcovers) occurs and further East returns closer to proportions
experienced in the West (Figures 1, 3). This suggests that the landcover model,
overpredicted the abundance of Red-winged Blackbirds due to independent predictor
values used being well outside the range of values used to fit the model. One potential
way to avoid these erroneous predictions is to normalize or standardize predictors.
Further, | have not tested models that only used variables that were common across all
regions or at least two of three regions. It may be that simpler models, containing fewer
variables might improve transferability.

While improving the transferability of models is an important and useful objective

it may just be inherently true that many ecological models have both spatial and temporal
37



limits to their transferability. Understanding the spatial and temporal limits of model
transferability is essential to ‘knowing what we know’. Consequently, something I
touched on here but did not explore fully is identifying the distance up to which models
are transferable. My results suggest the limits are often from 100-500 km’s from the
training region, but | have not developed a systematic, quantitative approach for

estimating the spatial limits of transferability and that will be an important step forward.
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Table 1. NLCD class Il landcover codes and descriptions. Class codes found only in Alaska have been

omitted. Class descriptions retrieved from www.mrlc.gov/nlcd06_leg.php

Code

Classification Description

x11

x12

x21

X22

x23

x24

x31

x41

x42

x43

x52

X71

Open Water — areas of open water, generally with less than 25% cover of vegetation or soil

Perennial Ice/Snow — areas characterized by a perennial cover of ice and/or snow, generally greater than
25% of total cover

Developed, Open Space - areas with a mixture of some constructed materials, but mostly vegetation in the
form of lawn grasses. Impervious surfaces account for less than 20% of total cover. These areas most
commonly include large-lot single-family housing units, parks, golf courses, and vegetation planted in
developed settings for recreation, erosion control, or aesthetic purposes

Developed, Low Intensity - areas with a mixture of constructed materials and vegetation. Impervious
surfaces account for 20% to 49% percent of total cover. These areas most commonly include single-family
housing units.

Developed, Medium Intensity — areas with a mixture of constructed materials and vegetation. Impervious
surfaces account for 50% to 79% of the total cover. These areas most commonly include single-family
housing units.

Developed High Intensity -highly developed areas where people reside or work in high numbers. Examples
include apartment complexes, row houses and commercial/industrial. Impervious surfaces account for 80%
to 100% of the total cover.

Barren Land (Rock/Sand/Clay) - areas of bedrock, desert pavement, scarps, talus, slides, volcanic
material, glacial debris, sand dunes, strip mines, gravel pits and other accumulations of earthen material.
Generally, vegetation accounts for less than 15% of total cover.

Deciduous Forest - areas dominated by trees generally greater than 5 meters tall, and greater than 20% of
total vegetation cover. More than 75% of the tree species shed foliage simultaneously in response to seasonal
change.

Evergreen Forest - areas dominated by trees generally greater than 5 meters tall, and greater than 20% of
total vegetation cover. More than 75% of the tree species maintain their leaves all year. Canopy is never
without green foliage.

Mixed Forest - areas dominated by trees generally greater than 5 meters tall, and greater than 20% of total
vegetation cover. Neither deciduous nor evergreen species are greater than 75% of total tree cover.

Shrub/Scrub - areas dominated by shrubs; less than 5 meters tall with shrub canopy typically greater than
20% of total vegetation. This class includes true shrubs, young trees in an early successional stage or trees
stunted from environmental conditions.

Grassland/Herbaceous - areas dominated by gramanoid or herbaceous vegetation, generally greater than
80% of total vegetation. These areas are not subject to intensive management such as tilling, but can be
utilized for grazing.
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x81

Xx82

x90

X95

Pasture/Hay — areas of grasses, legumes, or grass-legume mixtures planted for livestock grazing or the
production of seed or hay crops, typically on a perennial cycle. Pasture/hay vegetation accounts for greater
than 20% of total vegetation.

Cultivated Crops — areas used for the production of annual crops, such as corn, soybeans, vegetables,
tobacco, and cotton, and also perennial woody crops such as orchards and vineyards. Crop vegetation
accounts for greater than 20% of total vegetation. This class also includes all land being actively tilled.

Woody Wetlands - areas where forest or shrubland vegetation accounts for greater than 20% of vegetative
cover and the soil or substrate is periodically saturated with or covered with water.

Emergent Herbaceous Wetlands - Areas where perennial herbaceous vegetation accounts for greater than
80% of vegetative cover and the soil or substrate is periodically saturated with or covered with water.
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Figure 1. Conterminous United States with Breeding Bird Survey routes used in analysis (blue lines) and

equal area training region extents (yellow shaded).
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Figure 2. Example plot depicting identification of optimal scale. Here the greatest pseudo R? between the
200 m to 10 km scales examined for American robin abundance in relation to high intensity development

occurred at the 5 km scale of Breeding Bird Survey routes.
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Figure 3. Loess smoothed lines of the landcover variables surrounding BBS routes analyzed. Y-axis refers

to proportions of landcover type or index value for landcover diversity metrices within the 10km buffer
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surrounding BBS routes. Loess span was set to an arbitrary level of 10% of the data to display variability

across longitude.
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Table 2. Tally of landcover (LC) variable associations shared between model training regions and total

number of landcover variable associations across all training regions.

LC variable LC variable LC variable Total LC
Dependent . . . .
. associationsin  associationsin  associationsin  variables
variable . . . . .
all 3 regions 2 of 3 regions just 1 region associations
American
Robin 0 4 > o
Barn Swallow 0 2 7 9
Brown-headed
Cowbird 3 > 8
European
Starling 1 2 ! 10
Red-winged
Blackbird 2 2 3 !
Species richness 0 2 11 13
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Figure 5. Landcover variables included in each model. Each major column represents the response variable
and minor columns represent the region in which the model was trained. Rows reflect the landcover

variables. Yellow represents a positive association with abundance, whereas Purple suggests a negative
association.
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Table 3. Landcover model error (training null model error in parentheses) for training and test data
aggregated by model training region and response variable. Error rates are reported as the root mean
squared error (RMSE) and the mean absolute error (MAE). Relative error rate columns display fold change
of the test error in relation to the training error. Final two columns display the landcover model error rate
modeled as the linear relationship between error (# of birds) and Euclidean distance (1/100 km) and
between error (# of birds) and Longitudinal distance (1/1°). Note: Error and Longitudinal distance
relationships from the Central training region are not applicable due to the geographical position of the

training location in relation to test data.

Training  Test Relative Training  Test Relative  Distance Longitude
Location  Variable RMSE RMSE RMSE MAE MAE MAE LR slope LR slope
rate rate (2/100km)  (1/1°)

American  23.3 476.2 20.4 16.2 1214 75

West robin (28.1) (37.1) (1.3) (20.5) (27.8) (1.4 5.62 1.08
American  24.3 4.3e+7 1.8e+6 16.2 2.5e+6 1.6e+6

Central robin (33.6) (36.7) (1.1) (23.7) (27.4) (1.2 2.1e+5 NA
American  22.2 35.8 1.6 17.3 27.2 1.6

East robin (33.6) (39.9) (1.2 27) (346) (1.3) 0.55 0.10
Barn 9.5 17.2 1.8 5.7 11.9 2.1

West swallow (13.5) (17.8) (1.3 (9.5) (11.9) (1.3) 0.31 0.06
Barn 15 145 1.0 11.2 9.9 0.9

Central swallow (17.3) (17.5) (1.0 (13.3) (14.8) (1.1) -0.12 NA
Barn 11.7 15.3 1.3 9 11.2 1.2

East swallow (13.2) 17.3) (1.3) (10.5) (13.6) (1.3) 0.09 0.02
Brown-
headed 12.8 21.9 1.7 7.3 12.8 1.8

West cowbird (14.6) (209) (1.9 (8.6) (10.2) (1.2 0.22 0.06
Brown-
headed 28.6 18.1 0.6 18.8 113 0.6

Central cowbird (31.1) (23.7)  (0.8) (21.1) (19.8) (0.9 -0.71 NA
Brown-
headed 55 5.2e+3  950.2 39 8114  208.1

East cowhbird (6.5) (241) (3.7 4.7) (11.5) (2.4) 48.06 8.30
European  37.2 110 3.0 204 84.2 4.1

West starling (59.2) (52.7) (0.9 (40.6) (37.3) (0.9) 3.18 0.66
European  33.3 3.6e+3  107.7 195 248.5 12.7

Central starling (33.4) (56.7) (1.7) (23.8) (36.9) (1.6) 29.83 NA
European  39.3 63.7 16 28.8 43.8 15

East starling (50.5) (55.8) (1.1) (36.7) (48.0) (1.3 0.56 0.14
Red-
winged 113 3.7e+3 323 33.8 269.8 8.0

West blackbird  (68.5) (104.9) (1.5) (35.8) (53.0) (1.5 10.70 2.62
Red-
winged 68.3 86.3 1.3 51.1 415 0.8

Central blackbird ~ (78.9) (104) 1.3) (60.1) (73.6) (1.2 -1.56 NA
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Red-

winged 36.1 109.3 3 23.1 455 2.0

East blackbird  (43.8) (113)  (2.6) (33.3) (61.2) (1.8) 0.75 0.21
Species 9.7 11.2 12 7.0 8.9 1.3

West richness (15.1) (13.7) (0.9) (11.3) (11.1) (1.0 0.07 0.02
Species 8.9 141.8 15.9 7.2 57.2 7.9

Central richness (12.6) (144) (1.2) (10.5) (11.6) (1.2) 7.70 NA
Species 8.9 13.3 15 7.0 105 15

East richness  (10.0) (156)  (1.6) (7.7) (11.9) (1.5) 0.24 0.04
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Figure 6. Panels A use Euclidian distance as the independent variable and panels B use longitude as the
independent variable. The Null Model is the mean for each dependent variable estimated using the training
set (not shown in figure). The Dynamic null model (DN) is represented by the purple hashed line and
models how the mean for each dependent variable varied with distance/longitude. The blue line represents
how prediction error using the Null Model (NE) varied with distance/longitude. The green line represents
how prediction error using the Dynamic Null Model (DNE) varied with distance/longitude. The red line

represents how prediction error using the Landcover Model (LCE) varied with distance/longitude.

The in-sample null error (NE in-sample) is represented by the blue filled circle and the in-sample landcover
model error (LCE in-sample) is represented by the red filled circle. NE and LCE points are located at O for

the distance (panel A) plots and at the center of the training regions for longitudinal (panel B) plots.

Note: When prediction error for one of the models (i.e., NE, DNE, or LCE) was very large relative to the
other two models, it was difficult to see the variation in the two models with smaller prediction errors. In

those cases, | present paired figures that allow the variation to be seen at both coarse and fine resolutions.
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