ABSTRACT

WILSON, JOHN WILLIAM. Conservation Planning in a Changing World: Mitigating the
Deleterious Effects of Habitat Lag@&Jnder the direction dflicholasM. Haddad.

Humans arelriving species to extinction at rates faster than ever heforaajor
reason for this is habitat loss; with an els@rgeoning human population and evereasing
percapita footprint, our natural heritage is losing the struggle to eke out suitalolg livi
spaces. We humans have left nothing untouched, from the deepest oceans to the highest
mountains, the lithosphere and the atmosphere. Some urgent and serious initiative is
required if we want our children and their children to have an enjoyable niaguitalge, or
even just their own livable habitat. In this dissertation, | focused my attention on developing
practical guidelines to alleviate the deleterious effects of this yet unmitigated disaster, habitat
loss. First, | offer guidelines on identifyiqptentially suitable, potentially unoccupied living
spaces for rare species using satellite imagery. By allowing us to obtain continuous indices of
our natural world in more detail than ever before, satellite images offer opportunities that
classified land over products candét even approach. B
are equal, | then use the habitat maps derived from satellite imagery to suggest how potential
reintroduction sites can be prioritized, by analyzing dispersal pathways betwstmgeaind
envisaged populations of rare speci8su c h 6 c ornenencttreoddduct i ons si t
t hose p o poatteralispersencnedrby unoccupied habitat as their sizes increase, and
better equip them to adapt to changing environments in thg term. Lastly, while |
disagree with the principle, | considered the unfortunate reality that we have limited

resources at our disposal to ensure our chil



wonders we enjoyed. With a lack of enough political guiblic will, we seem to be
compelled to implement a triage system on our living wonders; to do more, with less. By
projecting distribution ranges for birds endemic to the Guinean Forests of West Africa, |
identify those species that will most likely bewdm to extinction before the end of this
century by the combined effects of climate change and habitat loss. For those reading this
dissertation, | hope it motivates you to do more to ensure our children and their children will

also enjoy the natural woats we treasured
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Habitat assessments for biodiversity conservation are often complicated by the lack of detailed knowl-
edge of a study species’ distribution. As an alternative to resource-intensive field-based methods to
obtain such information, remotely sensed products can be utilized in species distribution models to infer
a species’ distribution and ecological needs. Here we demonstrate how to arbitrate among a variety of
remotely sensed predictor variables to estimate the distribution and ecological needs of an endangered
butterfly species occurring mainly in inaccessible areas. We classified 19 continuous environmental pre-
dictor variables into three conceptually independent predictor classes, terrain, land cover, and vertical
vegetation structure, and compared the accuracy of competing Maxent habitat models consisting of dif-
ferent combinations of each class. Each class contributed, though disproportionately, to our most reliable
model that considered all 19 variables. We confirm that variables obtained from remote sensors can
effectively estimate the distribution and ecological needs of a relatively unknown imperiled species
occurring in inaccessible locations. Importantly, increasing the variety of predictor classes through
multi-sensor fusion resulted in greater model accuracy than increasing the absolute number of predictor
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variables.
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1. Introduction

Considering that habitat loss is a primary driver of species
extinctions, detailed habitat assessments are among the most
important first steps guiding conservation efforts for imperiled
species (Mace and Lande, 1991). Thorough habitat assessments
are, however, often complicated by the lack of detailed knowledge
of a threatened species’ distribution, habitat status, and ecological
needs (Anderson and Martinez-Meyer, 2004 ). Obtaining such infor-
mation is not trivial. Threatened species are often sparsely distrib-
uted, hard to detect, and - due to biotic interactions, historical
legacies, and dispersal barriers - not found in all suitable habitat
patches (Pulliam, 2000). These qualities make it hard to separate
unsuitable habitat from unoccupied suitable habitat (Gu and Swi-
hart, 2004). In addition, time and monetary constraints typically
prevent detailed bio-assessments that involve extensive surveys,
experiments, and long-term demographic studies. Here we esti-
mate the distribution and ecological needs of a relatively unknown
imperiled species occurring in inaccessible locations, and, in doing
so, develop methods to evaluate the contribution of a variety of

* Corresponding author. Tel.: +1 919 272 3522.
E-mail addresses: johnnybirder@gmail.com (J.W. Wilson), jsexton@umd.edu (J.O.
Sexton), toddjobe@unc.edu (R. Todd Jobe), nick_haddad@ncsu.edu (N.M. Haddad).

0006-3207/$ - see front matter © 2013 Elsevier Ltd. All rights reserved.
http://dx.doi.org/10.1016/j.biocon.2013.04.021

readily accessible, continuous remotely sensed predictor variables
that may be incorporated into species distribution models.

To overcome the challenges associated with imperiled species’
habitat assessments, ecologists employ species distribution models
(SDMs) to estimate imperiled species’ distributions (Elith and
Leathwick, 2009). Using spatial data describing distributions and
environmental characteristics, SDMs estimate the relationship
between the study species’ occurrences and the underlying envi-
ronment. These approximations of the target species’ environmen-
tal niche are then used to map suitable ecological conditions over
an entire study region (Elith and Leathwick, 2009). Because they
enable researchers to overcome the challenges associated with
resource-intensive bio-assessments, and because of improved
model reliability, SDMs have become increasingly popular among
ecologists and conservationists (Elith and Leathwick, 2009).

Progress in remote sensing technologies has strongly
complemented advances in SDMs. As an alternative to resource-
intensive field-based methods, air- and space-borne sensors enable
researchers to acquire reliable environmental data at scales rele-
vant to SDMs in a consistent and repeatable way (Gillespie et al.,
2008), even from poorly known and inaccessible areas (Raxworthy
et al., 2003). Despite their utility, remotely sensed predictor
variables remain underutilized in SDMs, possibly because the liter-
ature offers little guidance on appropriate datasets (Buermann
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et al., 2008) and interpretation of results obtained from remotely
sensed data (Turner et al., 2003). Since the scale at which organ-
isms perceive and interact with their environment is often much
smaller than the scale at which many remotely sensed variables
are obtained, concerns have also been raised as to whether remo-
tely sensed data can be used to detect environmental variation at
scales relevant to SDMs (Bistrat et al., 2011; Laurent et al., 2005).

The accelerating availability of diverse, remotely sensed prod-
ucts has generated questions about which and how many parame-
ters to incorporate into model building. These parameters can be
categorized into four conceptually independent remotely sensed
predictor classes - terrain, (horizontal) land cover, (vertical) vege-
tation structure, and climate. Building on a previous effort that
only considered land cover variables to track temporal habitat
changes (Bartel and Sexton, 2009), we develop SDMs using a range
of continuous remotely sensed predictor variables within three of
these four remotely sensed predictor classes for an endangered
butterfly, the St. Francis’ satyr Neonympha mitchellii francisci. From
these, we developed seven SDMs based on each predictor class
independently, and in combination with one another. Four of our
SDMs thereby utilized data from more than one sensor simulta-
neously, termed “multi-sensor fusion” (Hall and Llinas, 1997).
Using our SDM results, we compared the performance of each
SDM, blocked by data source, in predicting St. Francis’ satyr
presences. We also evaluated the relative contribution of each
predictor variable to St. Francis’ satyr distribution. In conducting
our investigation, we developed an approach that tests significance
of different classes of remotely sensed variables that should be
generally applicable to arbitrate among competing models that
could include various data inputs.

2. Material and methods
2.1. Study species

St Francis® satyr, globally restricted to early-successional
wetlands situated on United States Department of Defense lands
at Ft. Bragg, NC (35°07'S, 79°08'W, 65,032 ha), is an ideal species
for a case study on SDMs utilizing remotely sensed data for a num-
ber of reasons. First, the species is listed as Endangered under the
United States’ Endangered Species Act because of its low popula-
tion size and limited geographical range. Second, some previously
healthy St. Francis’ satyr subpopulations are currently in decline as
once-suitable habitat transitions toward late-successional stages
(Kuefler et al., 2008; Bartel and Sexton, 2009), creating an urgent
need to assess the status of suitable habitat to determine the like-
lihood of population recovery. Third, our study area offers what we
believe to be several suitable early-successional wetlands that sup-
port St. Francis’ satyr’s one known host plant, Carex mitchelliana
sedges, which itself has very limited distributions. Yet, many of
these patches remain unoccupied, raising questions about whether
we can truly separate unsuitable from unoccupied suitable habitat.
Fourth, much of the distribution of St. Francis’ satyr falls within the
restricted artillery impact zones at Ft. Bragg, where very limited
and irregular access complicates efforts to confirm presences of
this cryptic species with a short flight period (Kuefler et al.,
2008). St. Francis’ satyr is thereby representative of many other
species whose life history is poorly described, and/or that live in
inaccessible areas.

2.2. St. Francis’ satyr occurrence

During 2008 we extensively (i.e. daily, during both month-long
flight periods, Kuefler et al., 2008) searched for St. Francis’ satyr
butterflies in all known and accessible colonies (n=17). For each

butterfly observed, we obtained Universal Transverse Mercator
(UTM) coordinates using a WAAS-enabled Trimble Nomad 900GL
Global Positioning System (GPS) unit (1-3 m accuracy). In total,
138 GPS points were obtained, all within 3 m of butterfly observa-
tions to maximize locational accuracy (Graham et al., 2008). Be-
cause of the temporary, successional nature of St. Francis’ satyr
habitat, we based habitat suitability models on locations where
we saw St. Francis’ satyr during one focal year, 2008 (the year for
which we obtained Landsat data, see below).

2.3. Predictor variables

We tested the relative importance of three conceptually inde-
pendent predictor classes of remotely sensed predictor variables
- terrain, (horizontal) land cover, and (vertical) vegetation struc-
ture - in explaining St. Francis’ satyr distributions (Table 1). We
omitted a fourth class consisting of climate measures because such
data are usually coarsely scaled (Turner et al., 2003) and thus more
appropriate for regional or continental SDMs (Gillespie et al., 2008;
Elith and Leathwick, 2009). While some interpolated (e.g. Thornton
et al,, 1997) and combined (e.g. Herman et al., 1997) climate mea-
sures exist, remotely sensed climatic predictor variables are rare,
especially for terrestrial surfaces.

Terrain variables, derived from Digital Elevation Models (DEMs)
(Li et al., 2005), play an important, though indirect, role in SDMs
through their influence on climate (Moore et al., 1990) and vegeta-
tion (Franklin, 1995). Five continuous terrain predictor variables
were used in this study, which included proxies for moisture (flow
accumulation and slope), solar radiation (aspect), and topography
(relative slope position and terrain shape, Moore et al., 1990). All
terrain variables in this study were derived from the USGS National
Elevation Dataset (Gesch et al., 2002), which we obtained at
1/3 arcsec resolution, resampled to 10 m resolution, and processed
using tools contained in the ArcGIS Spatial Analyst and TauDEM v.
4.0 (Tarboton, 2009) packages.

Land cover predictor variables, obtained through passive optical
multispectral sensors, are used to describe a study area’s physio-
graphic and physiognomic characteristics. Most often, land cover

Table 1

Estimates of variable importance of terrain, land cover and vegetation structure
variables used to predict St. Francis satyr presences using the Maxent software
package (Phillips and Dudik, 2008).

Remotely Variable Variable Permutation
sensed class importance  importance
(%) (%)
Terrain Slope 19.4 253
Relative Slope Position 6.3 10
Terrain Shape 0.5 0.6
Aspect 0.6 0.2
Flow Accumulation 0.5 0.2
Land cover Deciduousness 241 413
Summer brightness 93 23
Wetness seasonality 1.6 22
Brightness seasonality 1.3 1.2
Winter greenness 2.0 1.1
Summer wetness 54 0.6
Winter brightness 0.8 0.4
Winter wetness 0.9 0.4
Summer greenness 15.7 03
Vegetation structure  Canopy density 20 8.5
Understory density 3.0 2
Shrub density 1.1 1.6
Subcanopy density 3.6 1.4
Midstory density 1.8 0.3

Variable importance is calculated heuristically and thus sensitive to collinearity and
the order of variable importance. Permutation importance provides an alternative
measure that is calculated from the AUC of the final model, and thus robust to the
path of input variables.
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variables are converted to categorized thematic land cover-landuse
maps before use in SDMs (Laurent et al., 2005; Cord and Rodder,
2011). Recently however, continuous remotely sensed vegetation
indices have gained some traction in SDMs (Sexton et al., 2006;
Buermann et al., 2008; Cord and Rodder, 2011), though a range
of other continuous land cover indices (e.g. for soil and wetness,
Kauth and Thomas, 1976; Crist and Cicone, 1984) and land cover
measures (e.g. thermal emissivity, Wang et al., 2008) remain
largely neglected (although see Bartel and Sexton, 2009). Nine con-
tinuous land cover variables were used in this study. To obtain
these variables, we georectified one cloud- and snow-free winter
(January 2008) and one cloud-free summer (May 2008) Landsat-
5 Thematic Mapper (TM) image of the study area (path/row: 16/
36; resolution: 30 m). We then converted the six solar-reflective
(non-thermal) TM bands (bands 1-5, 7) to radiance (Chander
et al,, 2007) and estimated surface reflectance using the DOS3 ap-
proach (Song et al., 2001). Surface reflectance values were then
transformed to Tasseled-Cap “brightness,” “greenness” (Kauth
and Thomas, 1976), and “wetness” indices (Crist and Cicone,
1984) in the ArcGIS 10 package. For each Tasseled-Cap index, our
SDMs incorporated summer and winter values, and the difference
between summer and winter values to characterize seasonality, or
“deciduousness.”

Vegetation structure predictor variables are obtained primarily
through active and passive optical remote sensing systems such as
Interferometric Synthetic Aperture radar (inSAR) and Light Detec-
tion and Ranging (LiDAR) sensors (Lefsky et al., 2002). Though still
under-utilized, continuous vegetation structure variables have re-
cently been used more frequently in SDMs (Goetz et al., 2010; Wil-
sey et al, 2012). Five continuous LiDAR-derived vegetation
structure variables were used in this study. To obtain LiDAR data
for our study area, we contracted an airborne Optech ALTM 2050
LiDAR System to fly over Ft Bragg in early July 2006 (while decid-
uous trees were in leaf-on condition) at a height of 4500 ft and a
flight speed of approximately 120 knots. This instrument produced
a spot spacing of 1 m, horizontal accuracy of 0.3 m, and vertical
accuracy of 95% within #0.2 m, from which we derived mean ver-
tical density of vegetation in the understory (1-2 m above ground),
shrub layer (2-5m), midstory (5-10 m), subcanopy (10-20 m),
and canopy (>20 m). We chose vegetation density as a predictor
variable because it best characterizes the relative vertical structure
of a habitat, an important aspect of habitat suitability for St. Fran-
cis’ satyr (Kuefler et al., 2008). LiDAR data were processed at the
10 m resolution using a Maximum-Likelihood model (Moody
et al, 2011).

2.4. Species distribution models

To model the distribution of St. Francis’ satyr, we used the Max-
ent software package (Phillips and Dudik, 2008; Elith et al., 2011),
as has been previously used to map St. Francis’ satyr habitat (Bartel
and Sexton, 2009). As a generative model, Maxent compares the
environment underlying input presence points against a random
sample of background points representing the availability and
range of environmental conditions, and produces a raster map
ranking each cell in the study area on an index representative of
relative habitat suitability. Maxent accounts for interactions
among predictor variables (Phillips and Dudik, 2008), and deals
with model overfitting by employing the L1-regularization proce-
dure (Hastie et al., 2009; Warren and Seifert, 2011), thus reducing
the need to remove correlated predictor variables or preprocessing
input before modeling (Phillips and Dudik, 2008; Elith et al., 2011).
Originally designed for modeling rare and endangered species dis-
tributions, Maxent has gained popularity in part because it is less
sensitive to the number of input presence locations (Wisz et al.,
2008), and relies on presence-only data, thereby avoiding the

possibility of indeterminacy of habitat vs. non-habitat when faced
with issues of imperfect detection (Guisan et al., 2006).

We developed seven Maxent models to estimate habitat
suitability of St. Francis’ satyr: one model combining all predictor
variables from each of the three remotely sensed predictor classes
(3 models), one model from each possible pair-wise combination of
the three predictor classes (3 models), and one model combining
all predictor variables from all three predictor classes (the full
model). Developing these seven models allowed us to directly
examine the ability of each remotely sensed predictor class, sepa-
rately and in combination, to predict habitat suitability. Prior to
Maxent modeling, all layers were clipped to Ft. Bragg’s boundary,
to maintain a consistent extent across all SDMs. We also artificially
downscaled all land cover predictors, obtained at the 30-m resolu-
tion, to 10-m resolution to align predictor variables and avoid los-
ing the fine-scale detail present in LiDAR and DEM-derived
variables (at the 10 m resolution). For each Maxent model, we used
10,000 background points and the default settings recommended
by Phillips and Dudik (2008) for features and regularization for
model training (but see Warren and Seifert, 2011). To estimate er-
rors for model performance evaluation, we implemented Maxent's
built-in 10-fold cross-validation on each model to obtain 10 quasi-
independent measures of a model’s predictive ability (Hastie et al.,
2009).

2.5. Model evaluation

We calculated two model performance measures that have
been formulated for use in situations where absences are unavail-
able. First, for each model we calculated the mean area under the
receiver operating characteristic curve (AUC) (plotting model
sensitivity [errors of commission] against 1-specificity [errors of
omission]): a random prediction will result in an AUC value of
0.5 whereas a perfect prediction assumes the maximum possible
AUC of 1.0 (Fielding and Bell, 1997), and AUC values >0.75 are suit-
able for conservation planning (Pearce and Ferrier, 2000, but see
Lobo et al., 2008). Second, we calculated mean omission error as
the percentage of the withheld 10% test sample of presence points
not predicted to fall within suitable habitat. To distinguish suitable
from unsuitable habitat along Maxent’s continuous habitat suit-
ability index, we used the point on the AUC where model sensitiv-
ity is equal to specificity (sensitivity-specificity equality approach,
Liu et al., 2005). However, because AUC is sensitive to the L1-reg-
ularization term, and omission error is highly sensitive to the
amount of habitat predicted to be suitable, it cannot be used to
compare model performance directly (Anderson et al., 2003). To
allow for direct comparison of model performance, we calculated
‘standardized omission error’ based on binary habitat maps with
the same amount of suitable area, which we set at the mean per-
centage of suitable area (0.08% of the total study area) predicted
across all SDMs.

To evaluate the ability of each remotely sensed predictor class,
separately and in combinations, to predict St. Francis’ satyr pres-
ences, we compared our model performance measures (as depen-
dent variables) against each of our seven groups of Maxent models
(the factors) using two-way ANOVAs. For all significant ANOVA
tests, post hoc pair-wise comparisons with Tukey's HSD tests were
used to further investigate differences in model performance among
the seven Maxent models. We also examined each SDM's heuristic
estimates of how each predictor variable influenced the final model
prediction (Phillips and Dudik, 2008). Lastly, we evaluated the
importance of the number of predictor variables in SDM perfor-
mance using ANCOVA analyses, with AUC values and standardized
omission error as dependent variables, number of predictor
variables as factors, and number of predictor classes as covariates.
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Statistical analyses were conducted using R (R Development Core
Team, 2011), and all means are reported +1 Standard Deviation (SD).

3. Results

Overall, our SDMs performed well in predicting St. Francis’ satyr
habitat suitability. Mean AUC values across all models
(0.95 + 0.049; max possible is 1.0) fell within the range of excellent
performance (AUC > 0.9, Pearce and Ferrier, 2000; Swets, 1988),
while both mean omission rate (0.15+0.06; 0.0 and 1.0 is best
and worst respectively) and mean standardized omission rate
(0.13 £ 0.12) were relatively low. All of our SDMs suggest that suit-
able St. Francis’ satyr habitat is highly restricted, ranging from
0.03% to 0.22% of the total study area (Table 2). SDMs combining
all three remotely sensed predictor classes performed best in pre-
dicting St. Francis’ satyr presences; the full model (together with
the terrain-land cover model) had the highest mean AUC, and the
lowest mean standardized omission error. Conversely, each of the
three one-class SDMs performed, on average, worse than those
SDMs combining two and three classes, for both AUC and standard-
ized omission error (Table 2). Despite predicting the greatest pro-
portion of suitable habitat, the SDM based on only vegetation
structure captured the least amount of the test sample of presence
points, making it the worst performing model.

Comparisons of both AUC values (Fes3=131.94, P<0.001,
r?=0.926) and standardized omission errors (Fgge3=63.20,
P<0.001, *=0.858) indicated statistically significant differences
in model performance among our seven Maxent models (Table 3).
Notably, the SDM based on only terrain predictors performed sig-
nificantly better than any other single-class model, while SDMs
combining terrain variables with other classes performed signifi-
cantly better than models without terrain variables. Lastly, the
number of variables included in an SDM strongly influenced model

Table 2

173

performance. After accounting for the number of classes included
in each model, models with many variables had significantly
higher AUC values than those with few variables (ANCOVA,
F, 66 =7.66, P=0.007). However, we found no significant differ-
ences in standardized omission error values among models with
different numbers of variables. Further investigation suggested
that predictor class might be more important than absolute
number of variables. Although not always statistically significant,
the terrain-only SDM (5 predictor variables) was more reliable in
predicting St. Francis’ satyr presences than the land cover-only
SDM (9 predictor variables) and land cover-vegetation structure
SDM (14 predictor variables) (Table 2).

The permutation importance values (which are less sensitive to
variable order than variable importance values) of our best-per-
forming SDM (the full model) suggest that at least some predictor
variables from all three remotely sensed predictor classes contrib-
uted to model reliability (Table 1). The most important predictor
variables were: a land cover predictor, summer-winter greenness
differences (41.3%), followed by two terrain predictors, slope
(25.3%) and relative slope position (10%). Canopy density was the
fourth-largest contributor (8.5%) to the final model prediction,
and the only vegetation structure predictor contributing more than
5% of the overall prediction. The influence of these predictor vari-
ables on occurrence reflects St. Francis’ satyr’s presence in streams
and floodplains (from terrain predictors) with semi-deciduous veg-
etation (from land cover) and an open canopy (from vegetation
structure) (Fig. A1).

Competing SDMs resulted in considerable overlap in the extent
of predicted suitable St. Francis’ satyr habitat (Fig 1). Importantly,
areas of suitable habitat predicted from SDMs combining two dif-
ferent predictor classes resembled the intersection of those two
predictor classes when considered in isolation (Fig 1). This habitat
prediction pattern was also observed when all three predictor clas-
ses were modeled together. Despite predicting the least amount of

Mean values for each SDM's logistic threshold (specificity-sensitivity equality threshold approach), Area Under Curve (AUC) values, test sample omission error (calculated from a
10% test sample of presence points), amount of suitable habitat, and standardized omission error (0.08% of total area assumed suitable) for St. Francis’ satyr using Maxent models.

All means reported +1 SD.

Predictor classes Number of Logistic AUC value Omission error Standardized omission Suitable habitat
predictor threshold (proportion) error (proportion) (% of total area)
variables

Terrain 5 0.22 £0.02 0.97 £ 0.01 0.07 £ 0.08 0.07 £0.05 0.07 + 001

Land cover 9 0.21 £0.02 0.96 £ 0.01 0.12+0.07 0.17 £0.06 0.08 +0.01

Vegetation structure 5 0.21+£0.03 0.83£0.04 0.27 £ 0.06 0.41+£0.08 0.22 £ 0.02

One-class model means - 0.21+£0.02 0.91 £ 0.08 0.18+0.10 0.22:0.16 0.12+0.07

Terrain-Land cover 14 0.14£0.02 0.98 £ 0.01 0.13+0.08 0.04 £0.02 0.04 + 0.00

Terrain-Veg. structure 10 0.16 £0.03 0.97 £0.01 0.12+0.07 0.10+0.04 0.06 £0.01

Land cover-Veg. structure 14 0.19+0.01 0.97 £ 0.02 0.13+0.07 0.08 £0.06 0.05 £0.01

Two-class model means - 0.16 £ 0.03 0.97 £ 0.01 0.13+0.07 0.07 £0.05 0.05 £0.01

Full model (all variables) 19 0.16 £0.03 0.98 £ 0.01 0.10£0.06 0.03+£0.03 0.03 £0.01

Table 3

Difference in mean AUC values (above diagonal; ANOVA: Fyg; = 131.94, p < 0.001, r* = 0.926), and standardized omission error (suitable habitat fixed at 0.08% of study area, below
diagonal; ANOVA: Fg63 =63.20, p < 0.001, r* = 0.858) for Maxent models predicting St. Francis satyr occurrences, composed of terrain, land cover, and vegetation structure
variables. Significant differences (Tukey's multiple comparisons, 2-tailed, 95%) are indicated with an asterisk. All means, calculated as rows minus columns, reported 1 SD.

Predictor class Terrain Land cover Veg. structure Terrain - Terrain - Veg. Land cover - Veg. Full model

Land cover structure structure (all variables)
Terrain 0.01+0.02 0.16 £0.02™ —0.01+0.02 —-0.00+0.02 —0.00 +0.02 —0.01+0.02
Land cover 0.09+0.07™" 0.14+0.02" —-0.03+0.02° —0.01 £0.02 —0.01 £0.02 —-0.03+0.02°
Veg. structure 0.33+0.07" 0.24+0.07" -0.17+0.02" -0.16+0.02"" -0.16 £0.02"" -0.17 +0.02""
Terrain - Land cover —0.04 £0.07 -0.13+0.07" -037+0.07" 0.01 £0.02 0.01£0.02 —0.00 £ 0.02
Terrain - Veg. structure 0.02 £0.07 —-0.07 £ 0.07 -031+0.07" 0.06 = 0.07 —0.00 +0.02 —0.01+0.02
Land cover - Veg. structure 0.01 £0.07 —-0.08 £ 0.07" -0.32+0.07" 0.05+0.07 —0.01 £0.07 —-0.01+0.02
Full model (all variables) —0.04 £0.07 -0.13+0.07" -0.37+0.07" —0.00£0.07 —0.07 £0.07 —0.05+0.07

" <0.05 Significance.
" <0.01 Significance.
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Fig. 1. Distribution of suitable habitat along an example drainage on Ft. Bragg, NC, to illustrate the differences in predictions between terrain, land cover, and vegetation

structure variables in predicting St. Francis’ satyr presences.

suitable habitat (Table 2), the SDM combining all predictor classes
predicted suitable habitat towards the northeast; these areas were
not predicted by the terrain-based SDM, and therefore a reflection
of the land cover class’ strong influence on the final prediction (Fig
1).

We found little correlation between our predictor variables
(Table B1). Terrain variables provided the greatest amount of un-
ique information, with only one (Pearson’s correlation value of
0.54 for relative slope position vs. terrain shape) of 99 pair-wise
comparisons providing a correlation >0.3. Among the 85 pair-wise
combinations of each vegetation structure and other variables, four
combinations provided correlations >0.3 but <0.5, while one
comparison yielded a correlation greater than 0.5 (density of
understorey vs. shrub layer: 0.59). Among the 90 pair-wise combi-
nations of each land cover and other variables, eight correlations
fell between 0.3 and 0.5, twelve correlations between 0.5 and
0.7, and six correlations between 0.7 and 1. However, apart from
the six correlations between 0.3 and 0.5 (comprising comparisons
between subcanopy density and each summer and winter land
cover index), all values higher than 0.3 were from comparisons
among different land cover indices.

4. Discussion

Our estimates of SDM reliability indicate that we were success-
ful in exclusively using continuous remotely sensed predictor vari-
ables to model a rare species’ habitat suitability. By comparing

model reliability of SDMs consisting of conceptually independent
predictor classes, we also found that all remotely sensed classes
contributed, though disproportionately, to final model predictions.
Moreover, the variety of variables included in each SDM contrib-
uted more to model reliability than the number of variables. Our
results, admittedly based on a single study case at a local scale,
suggest that increasing the variety of continuous remotely sensed
variables leads to significant improvements in SDM reliability. Fur-
ther research is required to confirm whether our approach, which
is highly flexible, is applicable to other species, spatial scales, mod-
eling algorithms, and predictor variables.

Our study confirms that current remote sensors are able to pro-
vide environmental predictor variables relevant to SDMs (Laurent
et al., 2005; Bradley and Fleishman, 2008; Bistrat et al., 2011).
Despite challenges in interpreting remote sensing-based SDM
output (Bradley and Fleishman, 2008; Cord and Rédder, 2011),
remotely sensed datasets provide unbiased, high-resolution envi-
ronmental data over larger areas through logistically and econom-
ically more efficient means than traditional field-based methods
(Gillespie et al., 2008). Continuous remotely sensed products retain
information along environmental gradients (Bradley and Fleish-
man, 2008; McGarigal et al., 2009; Cord and Rodder, 2011) and
thus reduce classification and interpretation errors common in cat-
egorized predictor variables (Laurent et al., 2005; McGarigal et al.,
2009). This is particularly beneficial when modeling species distri-
butions at ecological transitional zones or in heterogeneous envi-
ronments that are difficult to characterize using categorical or
interpolated predictor variables (Alvarez-Martinez et al., 2010).
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The availability of an up-to-date time-series of synoptic products
(Turner et al., 2003) allows researchers to track temporal changes
in habitat availability (Bartel and Sexton, 2009; Tuanmu et al.,
2011), assess catastrophic and human-driven environmental
changes (Tuanmu et al., 2011), as well as account for inter-annual
and seasonal changes in the environment (this study, Cord and
Rodder, 2011; Tuanmu et al.,, 2011). Furthermore, the consistency
and near global coverage of many remotely sensed products may
allow for greater model transferability over space, a major chal-
lenge of SDMs (Randin et al., 2006).

The choice of predictor variables significantly influences SDM
predictions (Peterson and Nakazawa, 2008). We found that utiliz-
ing a greater variety of remotely sensed predictor variables pro-
duced more accurate models than solely increasing the number
of variables, perhaps because more predictor classes capture a
greater amount of environmental variation, including complemen-
tary attributes not detected in single-sensor models (Swatantran
et al,, 2012). Our results support this, particularly our maps show-
ing how areas of suitable habitat predicted from multi-sensor fu-
sion resembled the intersection of those predicted for each class
when considered in isolation. The availability of multiple remotely
sensed datasets allows modelers to simultaneously use climate,
terrain, land cover, and vegetation structure classes with great ease
over larger spatial scales (Gillespie et al., 2008), which in turn al-
lows researchers to detect more subtle variations in a species’ hab-
itat than obtained from single-class models (Swatantran et al.,
2012). It would be interesting to know how downscaled models
would respond to the inclusion of remotely sensed climate predic-
tors at broader scales, assuming that climatic predictors correlate
with terrain predictors at local scales (Moore et al., 1990; Tarboton,
2009), and land cover predictors at coarse scales (Zimmermann
et al., 2007).

To overcome potential confusion when comparing between
increasing the variety of remotely sensed predictor variables and
the absolute amount of variables, we categorized remotely sensed
variables into four conceptually independent classes, of which we
used three. Even so, much variability exists within different clas-
ses, complicating the highly subjective task of increasing predictor
variable variety. Such decisions are important, because naively
maximizing the amount of SDM variables may compromise SDM
building through misleading results, while there is also a danger
of over-fitting (Elith and Leathwick, 2009; Tuanmu et al., 2011).
Two main schools of thought address the issue of model predictors
(Elith and Leathwick, 2009; Warren and Seifert, 2011). The first
school argues that the choice of variables should be made a priori,
based on existing knowledge of ecophysiological and biophysical
processes driving a species’ distribution. The second school argues
for maximizing the number of variables, and allowing the model to
identify those that are important. Our results support aspects from
both schools: maximizing the number of variables did not
necessarily improve model predictions. However, the inclusion of
environmental variables aimed at maximizing the types of envi-
ronmental variation also improved our understanding of a rela-
tively unknown species’ relationship with its environment; such
information may otherwise have been lost if those variables were
omitted a priori. The difference between these two schools reflects
subtle differences in intention (Elith and Leathwick, 2009). While
the first school focuses on examining a species’ response to a spe-
cific set of variables, the second school focuses more on prediction,
especially for species for which little knowledge exist. So, in es-
sence, the first approach avoids overfitting by placing greater
emphasis on fundamental, invariant niche relationships, whereas
the latter approach merely seeks empirical patterns.

While terrain and land cover variables are expected to strongly
influence SDMs at local scales (Pearson and Dawson, 2003), we
were surprised by the weak contribution of vegetation structure

to our model predictions. In fact, our full model hardly improved
upon models that did not include (expensive) vegetation structure
variables. Vegetation structure is generally important in SDMs
(Kattwinkel et al., 2009). We also expected that vegetation struc-
ture would contribute to habitat suitability for St. Francis’ satyr,
as suitable habitat — early successional wetlands - is distinct from
the surrounding landscape (Kuefler et al., 2008). We propose three
explanations. First, and most likely, correlations among vegetation
structure and other variables may reduce the predictive power of
variables relating to vegetation structure (Swatantran et al.,
2012). Though we detected little to no correlation among vegeta-
tion structure and other variables, it is possible that terrain and
land cover variables together already captured similar aspects of
the environment (see Bolstad et al., 1998; Hill and Thompson,
2005), leading to undetected correlations among variables. If corre-
lations between vegetation structure and the combination of other
sources of remotely sensed variables exist, then habitat suitability
can be detected with high accuracy using freely available remotely
sensed data (i.e. terrain and land cover variables) without the need
to obtain expensive and sparsely distributed vegetation structure
variables (Swatantran et al., 2012). Second, suitable St. Francis’
satyr habitat changes rapidly (Kuefler et al., 2008); consequently
there may be a mismatch between our vegetation structure
variables, collected 2 years before our St. Francis’ satyr presences,
and St. Francis’ satyr habitat we attempted to model. Third, vege-
tation structure alone may not play a prominent role in habitat
suitability; Wilsey et al. (2012) found that vegetation structure im-
proved SDMs of black-capped vireos, Vireo atricapilla, only when
used in combination with other variables and in the absence of
other vegetation variables.

In light of this, we show that continuous remotely sensed pre-
dictor variables, which offer many notable advantages over cate-
gorical variables, can be used exclusively and effectively in SDMs
to estimate a species’ distribution, habitat status, and ecological
needs. While we have used only a small subset of potentially useful
remotely sensed variables, a great number exist. Incorporating a
wider range of remote sensing predictor classes into models can
significantly improve model reliability, and detect highly subtle
variations in a species’ habitat needs. The application of continuous
remotely sensed variables shows high promise to obtain direct,
accurate, relatively inexpensive, and logistically feasible habitat
assessments, even for little known species in remote and inacces-
sible terrain.
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Supplementary Figure 1. Heuristic estimates of siuglgable responses of St. Francis satyr
at Ft Bragg, NC to terrain, larmbver and vegetation structure variables, as obtained using
the Maxent software package (Phillips & Dudik 2008). Each model was implemented with
tenfold crossvalidations, with red lines and blue regions respectively indicate Mm&&D.
Note that xaxis values in these responses curves are unbounded (but held constant outside
the study areads environment al range) to a
exponential models.
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Supplementary Table 1. Pearson correlation matrix for 10,000 randomly sampled points of 19 predictor variables used to predic

habita

t S ui

tabil

ity of

t

he

St .

Franci

s O

satyr

butterf

Terrain Variables

Slope Relative Slope Position Terrain Shape Aspect Flow Accumulation Topographic Position Index Deciduousness Summer bri
Relative Slope Position 0.093
Terrain Shape 0.012 0.537
Aspect 0.117 0.008 0.000
Flow Accumulation -0.055 -0.108 -0.075 -0.013
Topographic Position Index -0.003 0.201 0.145 0.014 -0.026
Deciduousness -0.006 0.172 0.139 0.012 -0.090 0.002
Summer brightness -0.143 0.042 0.034 -0.037 -0.033 -0.001 0.158
Wetness seasonality -0.030 0.053 0.026 0.060 -0.044 -0.001 0.759 0.332
Brightness seasonality 0.029 0.063 0.047 -0.097 -0.028 0.001 0.002 -0.328 -0.520
Winter greenness 0.149 -0.013 -0.026 0.052 0.005 0.000 0.257 -0.638 0.166
Summer wetness 0.113 -0.081 -0.054 0.005 0.066 0.001 -0.598 -0.660 -0.716
Winter brightness -0.126 0.083 0.056 -0.098 -0.050 -0.001 0.161 0.801 0.006
Winter wetness 0.122 -0.049 -0.033 0.083 0.038 0.001 0.100 -0.511 0.232
Summer greenness 0.112 -0.166 -0.146 0.026 0.086 0.000 -0.730 -0.594 -0.575
Canopy density -0.005 -0.092 -0.141 0.010 0.029 -0.027 -0.155 -0.220 -0.078
Understory density -0.096 -0.181 -0.179 -0.027 0.064 -0.001 -0.277 -0.076 -0.078
Shrub density -0.062 -0.093 -0.100 -0.026 0.032 0.001 -0.259 -0.009 -0.110
Subcanopy density 0.084 -0.077 -0.109 0.048 0.070 -0.030 -0.110 -0.450 -0.041
Midstory density 0.019 -0.052 -0.053 -0.006 0.045 0.013 -0.213 -0.164 -0.099
Land cover variables Vegetation structure variables
Brightness seasonality Winter greenness Summer wetness Winter brightness Winter wetness Summer greenness Canopy density Understory density Shrub density Subcanopy density
0.449
-0.641 -0.513
0.830 0.511 -0.709
0.469 0.497 -0.600 0.497
0.197 0.227 -0.251 -0.220 0.280
0.059 0.175 -0.204 -0.076 0.294 0.075
-0.040 0.103 -0.090 -0.009 0.208 0.001 0.590
0.447 0.340 -0.496 -0.450 0.416 0.327 0.117 -0.037
0.110 0.184 -0.221 -0.164 0.272 -0.054 0.206 0.454 0.158

2C

y

at



CONSIDERING CONNECTI VITY WHEN IDENTIFYIN G REINTRODUCTION

SITES FOR RARE SPECIES

ABSTRACT
Despite being critical for ecosystem functioning and conservation management,
landscape connectivity continues to be neglected in reintroduction biology. Hereew
prest a case study dewmdhreotrreatiicrmd Howmae wor &pl
i ncorporate connectivity in selecting reintr
model ing dispersal d yésanNesnympha hmi tSg¢h e IFlriai
an imperiled butterfly species restricted t
sout heastern United St at eank potdnhal reintrgductiogr ap h t
sites first by identifyingthoses i t es connected to the dgnedtest
patches, and t her e aeintroductiorbs/i tied etnht a tf gréaeayd ¢ hteo
increase in networkwide connectivity. Af ter deriving our net we
habitat suitability map and i mpl emenfaitng kn
St . Fasarn oyirs per s i s tmetapspuldtians, with dhe snpsucormected
reintroduction site directly connected to sixteen occupied habitat patches. Only one
reintroduction site we considered was able to (re)connect disjunct metapopulatians
Reintroductions at h i Qgettdr gispersalntomeadchy wndccupiedt e s e |
habitat as population sizes increase, and should better equip reintroduced populations

to adapt to changing environments in the long term.
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Keywords: Butterfly, Dispesal, Graph theory, Habitat loss, Restoration

INTRODUCTION

In conservation biology, reintroduction is the deliberate attempt to establish an imperiled
species into suitable but unoccupied habita
Armstrong & Sddon 2007; Schultz et al. 2008a). Using stock originating from either captive
populations or healthy populations elsewhere, reintroduced populations can be released in
previously occupied sites that continue to be suitable, and in intact or restored thabihas
never been occupied. Despite numerous recent advances in reintroduction biology
(Armstrong & Seddon 2007), reintroduction sites continue to be selected subjectively, with
experts maki ng ad hoc judgment s b acale d on
requirements, environmental characteristics of potential reintroduction sites, and relevant
cultural, logistical, and political considerations (Armstrong & Seddon 2007; Mclintire et al.
2007; Schultz et al. 2008a). Rarely considered are dispersaltwpities for a reintroduced
population, which could impact, or even jeopardize lwmron reintroduction objectives.
Here, we develop a framework that incorporates dispersal opportunities in conservation
management, by evaluating landscape connectivityarsélection of reintroduction sites.

Landscape connectivity describes a | and:
individuals among suitable but disjunct habitat patches (Crooks & Sanjayan 2006). Dispersal
opportunities are critical to populationability as dispersal facilitates the rescue of declining

populations, reestablishment of extirpated populations, and maintendngenetic diversity
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(Hanski & Gilpin 1997; Calabrese & Fagan 2004; Crooks & Sanjayan 2006; McRae & Beier
2007; Rayfield etal. 2011). Such benefits will certainly also apply to reintroduced
populations, in addition to allowing individuals from successfully reintroduced populations
to disperse into new suitable areas.

Il n this paper, we present @gr agtphiseeo r €t 0 @ w |
f r a me Walabrkese & Fagan 2004; Fall et al. 2007; Urban et al.)200@ an be useo
account for | andscape connectivity in conse
reintroduction sites f or adnydza mgge rreedg i sopneac i epsa.
for an imperiled but tésmftNyeyo nsyprgpchiae smi ttchhee |l $1 .
Being highly flexible in its characterization of network features, graph theory can effectively
consider spatial configurations and interactions within large and complex networks, and has,
as a consequence, gained popularity among landscape ecologisnnyears (Calabrese &
Fagan 2004; Fall et al. 2007; Urban et al. 2009; Rayfield et al. 2011). Most studies however
have used graph theory to infer connectivity and dispersal pathways across the landscape,
with very few applying it to practical conseri@at management (Creech et al. 2014), as we
have done here. Drawing from extensive er
distribution (Bartel & Sexton 2008; Bartel et al. 2010; Wilson et al. 2013), population

dynamics (Kuefler et al. 2008), and disgar (Kuefler et al. 2010; Hudgens et al. 2012;

Milko et al. 2012)we pri ori ti ze potenti al reintroduct.
potenti al restoration sitesk gt ernatnikailn gt oe a
connecti viftegew armeomagi rtihreg St . Francis satyr su
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METHODS

Study species

St . Psangirsis a US federally endangered but
than 50 ha of di stributed wetland in an ar
Department of Defensd 3b80dS5 S ,aR r7criiodkuBM)angogr,

established tébatyt hies Shi glikrmndependent on di
activity and f eaelutclcets smainmatl adwre b th(@minweftsl peerc i eat
al . 2008; Bart el et alireo0oOweéjle Beawni bgaseppe
past century, l eading to dr asat er .polutl mdu gphm
di sturbance factors are being actively rest

range of contindiouar irabmod=!| gersienesce from opt

suggest thihaat gt . h&bianai sremains highly | i mitHt
et al . 2013) . Moreover, the species has pool
et al . p20eld2 )wictchu a hi ghly fragmented strean
(Mil ko et al . 201 DpapyrvénbmngobSbni Frmagcus

previously suitable-shabesatonalanstagms { &ue

conttriinpu t o the continued decline of té&is sp:
satyr may thus require human intervention,
bred Il ndividuals to highly conneceedi kalki 5:
opportunities. Thi s budeeael flcyas e hertaly proe sc
accounting for connectivity in selecting rei
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Graph theory

The graphktheoretic approach represents landscape connectivity as a setitaf patches

( A node s-@nnectedn bye rdispersal pathg fedges o, Fig. 1) .
(suitable/unsuitable) and edges (connected or not) may be binary and/or weighted (e.qg.
habitat quality for nodes, dispersal resistance for edges) to represent armtdteeological

framework. Any two nodes not directly connected may be connected through intermediate
nodes that represent steppstgne habitats. Conversely, a graph in which not all nodes are
connected consists of t wo theoconneuted nedesirspresegtr a p h
di sjunct metapopul ati ons. Net work fAhubso ar e
to other nodes innobdesonepwovkde whickeéetiical I
otherwise be disjunct subgraphs.

A number of graphbased network measures suitable for landscape connectivity
analyses (Calabrese & Fagan 2004; Rayfield et al. 2011) are useful for conservation
management in the broad sense and in particular the selection of reintroduction sites. At the
local (pdach) scale, important dispersal pathways or stepgioges can be assessed with a
Anode degreed measure, which is the number c
interest. At the landscape scale, the overall level of connectivity is reprbserttey figr ap h
sizeo, the total number of connections with

represented by fAcharacteristic path | engtho,
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Graph development
We defined the location of ourgreh s 6 core or fixed nodes as t
coloni es, which are wetlands where St. Frar
considered 32 total reintroduction sites, two previously identified as suitable but unoccupied
habitat patchesWilson et al. 2013), seven historicatetlands colonized prior to 2000
(Kuefler et al. 2008) that may require some preparation work before reintroduction, and 26
potential habitat restoration sites. Potential restoration sites were identified as th@se site
situated at five to seven Hort@trahler stream order crossings (Horton 1945; Strahler 1952),
calculated from a USGS National Elevation Dataset (Gesch et al. 2002), which corresponds
with those areas where beaver activity may create or maintain suntatdefly habitat.

At the most basic level, graph edges can be represented by akwatrose elements
nj represent the shortest (Euclidian) distances between nodes i and j (Urban & Keitt 2001).
For n nodes,N is ann by n matrix, but becausejrr nj and n = nj = 0, it is sufficient to
compute only the loweleft triangle of the matrix. Graph edges are often derived from
Euclidian distances; however, this metric will make little sense in an ecologically realistic
framework, since a dispersing indlual will encounter various forms of resistance to
movement, such as grassland for a dispersing forest specialist, or a dam wall for a fish
dispersing along a strearb.would thus make sense to produce a graph where each edge is
representative of the a@l resistance a dispersing individual may encounter (Fagan &
Calabrese 2006; Bodin & Norbert 2007; Treml et al. 2008). Following this logic, we derived

the edges of ougraphby calculating the path of least resistance (Pinto & Keitt 2008; Urban
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etal.2 00 9 ; Rayfield et al. 2010) available to
edge values jnthrough leastost path modeling combines distance (x, y) and the cost of
traversing a pixel (z) to obtain a spatially explicit dispersal surfaceefivedz, we used the

St . Francisd satyr habitat suitability map
because the habitat suitability mapds val u
suitable), we inverted the habitat suitability valueshsticat zero now represents no
resistance and one represents the highest resistance, to be more comparable to dispersal
distance. Lastly, we only considered edges for which Euclidian distagngasnshorter than

2600 m, the maximum known dispersal distahce r St . Francisd satyr

Hudgens et al. 2012).

Evaluating reintroduction sites

We ranked reintroduction sites using 4 wo an
wide connectivity. First, we performed a hub analysis by itexbtiadding each of the 32
reintroduction sites to our core graph consisting of 56 putative colony nodes, we
reconstituted the graphos matri x, and then
directly connected to t he eegwlue) aind thd tesuttingon s i
graphés characteri sti c p a tramked reimrgdudion sithlsad ng t |
the highest degree value. If a graph consisted of multiple subgraphs (disjunct
metapopulations), we identified a tognked reintrodction site in each subgraph. Second,

we performed a cutode analysis by determining which reintroduction site had the greatest
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positive impact on networwide connectivity; that is, the reintroduction site whose inclusion
established a dispersphthway between two or more subgraphs. If no subgraphs were
connected, no cutode was identified; conversely, if multiple euddes were identified, the
cutnode with the highest degree value was considered our top reintroduction priority. Data
were prepeed and displayed in ArcGIS 10.1 (ESRI, Redlands, CA), while graphs were
created and analyzed using the NetworkX package (Hagberg et al. 2008) in the Python 2.6
scripting environment. All raster surfaces were processed at the 10 m resolution, and all
grapls were assumed directional (DiGraphs) to simulate dispersal away from reintroduction

locations. Means are presented with +1SD.

RESULTS
The graph comprising only putative St. Franc
edges, with a characteristpath length of 1100 + 681 m (Fig. 2). This core graph consisted
of four subgraphs, the largest consisting of 44 nodes and 120 edges (characteristic path
length: 1123 + 679 m), followed by a subgraph with six nodes and ten edges (characteristic
path lengh: 1092 + 655 m). The smallest subgraph in this study consisted of only two nodes
separated by 1351 m, while the fourth subgraph consisted of four nodes and three edges
(characteristic path length: 494 + 209 m). Putative colomnere on average connectieds +
2.5 other colonies, while the most connected colony, situated in the graph with 44 nodes, was
connected to 13 other colonies. No colonies were completely isolated; however continued

monitoring at the three smallest subgraphs suggests that theesatomprising these

28



networks are on the brink of extinction.

Reintroduction sites in this study were, on average, connected to 2.7 £ 3.5 putative
colonies, with no difference in the level of connectivity between potential habitat restoration
sites (conmection to 2.9 £ 3.9 colonies) and potentially suitable but unoccupied sites
(connected to 2.1 + 2.1 colonies; t = 0.540; p = 0.296). Twelve potential reintroduction sites
were connected to more than two colonies, 11 sites were connected to either ope or tw
colonies, and 12 reintroduction sites were completely isolated; that is, not connected to any
putative colonies (Table 1).

Using a graphtheoretic approach to analyze connectivity of restoration sites to
putative St. Fr anci svére abla to identifycrentraductioa siteshato d e s )
served as hubs connecting many other nodes (Table 1). The mosttednsite was a
restorationsite onnected to si xteen putladeimpreverSent. Frail
on the secorhost connectedeintroduction sites, also a restoration sitef tisas connected
to ten putativecolonies (Fig. 2). Not a single reintroduction site reduceduigmph or the
ent i r e characterestic paihslength. For example, the most connected reintroduction
site increased the characteristic path length of the entire netwdrksad4node subgraph to
1119m and 1140, respectively, while the secomnanked reintroduction site increased the
characteristic path length of the entire network and iteade subgrdpto 1130 m and 1152
m, respectively. The most connected reintroduction site in thacsig subgraph was
connected to each of that subgraphoés col oni ¢

with the twenode subgraph were connectedto allofthas ubgr aphés col oni es
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Through our grapttheoretic approach, we were able to identify only one
reintroduction site that can be considered anoute, which is the site that connected disjunct
subgraphs in our landscape. This-natle connected two subgtes with each other, the 44
node subgraphs and smode subgraphs (Fig. 2), was connected to six putative colonies, and

increased the characteristic path length of the entire network to 1138 m.

DISCUSSION

We have demonsthreantreed i atalgr appoopohate conne
selection of r e Wadidthsdypridriizioghpoténtatreirttrodoctios sites
based on their level of connectivity to existing occupied habitat, and their ability to
(re)connect disjunct metapopulat®riWhile our methods and results are based on a single
case study at a local scale, the method we have used is broadly applicable and highly flexible,
as evident from the wide variety of studies that have utilizadrgtheory for other purposes,
considenng, amongst others, birds (Bunn et al. 2000; Minor & Urban 2007; Urban & Keitt
2001), salmon (Schick & Lindley 2007), mammals (Bunn et al. 2000; Creech et al. 2014) and
corals (Treml et al. 2008). Our study expands the gthpbretic framework, already e in
this wide variety of landscapes, to a new and pressing arena of conservation management
namely reintroduction.

Incorporating connectivity in reintroduction initiatives holds sftertn, medium, and
long-term benefits for both reintroduction initiagis and theeintroduced populations. Many

reintroduction initiatives continue to fail due to inadequate knowledge of reintroduced
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speciesb6 ecological needs (Armstrong et al
2008a). Obtaining the ecologicdhta required for successful reintroduction is seldom a
trivial matter since rare species are often hard to detect, sparsely distributed, and not always
present in suitable habitat patches (Pulliam 2000). In the short term, reintroduction at highly
conneckd sites can act as an insurance policy against the selection of potentially inferior
reintroduction sites, by offering reintroduced populations opportunities to disperse to more
suitable habitat patches, if required. Over the medium term, successfubdeation at
highly connected sites may also facilitate unassisted dispersal of surplus individuals to
nearby suitable habitat as reintroduced population sizes increase. This becomes essential in
the context of reintroduced populations that live in ephanher habi t at s, such a
satyr, that would otherwise require valuable resources for moractik@ conservation
management strategies such as assisted colonization (Seddon 2010). Tieentobgnefits
of reintroduction at highly connected sitesrtain to the ability of reintroduced populations
to adapt their ranges to a dynamic or changing environment. This is particularly true if
successfully reintroduced popul ationsd cont.i
network of everchangingt r ansi ent habitat patches, such &
2008) or needing to undergo range shifts to keep track of their climatic envelopes under
climate change (Parmesan 2006; Minor & Urban 2008).

Ecologists generally employ two methods t@nify landscape connectivity, namely
graph theory (Urban et al. 2009; Rayfield et al. 2011) and circuit theory (McRae et al. 2008),

with the specific branch of graph theory that concerns functional or topological relationships
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among nodes often referréa as network theory (Urban et al. 2009). In this paper, we used
graph theory because of its ability to prioritize network efficiency by analyzing the strength
of connectivity among discrete objects (Rayfield et al. 2011), and its ability to implement
directional graphs to simulate dispersal away from reintroduction sites (McRae et al. 2008).
Alternatively, circuit theory can also be used to model alternative pathways between nodes to
analyze e.g. path redundancy (McRae et al. 2008; see RiKiitt (2009 for an example
using graph theory), though circuit theory cannot implement directional dispersal (McRae et
al. 2008). Regardless of the method implemented, both graph theory and circuit theory lend
themselves to incorporating connectivity into reintrdauc biology, particularly through
their flexibility in deriving edge values (Minor & Urban 2007; Urban et al. 2009) to simulate
dispersal across the landscape.

We relied on a habitat suitability product obtained from presence data ancblaard
data frely available at a global scale (Wilson et al. 2013) to derive the cost values for our
edges. While such an option should in theory be available for any reintroduction program,
multiple other methods exist to obtain spatially explicit easface product§Urban et al.
2009; Rayfield et al. 2010). More challenging is obtaining information on dispersal
limitations, specifically the potential for lordjstance dispersal, and the degree of resistance
imposed by different habitats. In our case we obtainededisp a | l i mits of 't h
satyr from a resouremtensive markecapture study (Keufler et al. 2008), which greatly
affected the level of connectivity within our graphs. However, most studies do not have the

luxury to obtain such information, in wdhi case sensitivitgnalysis, expert opinion, or
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dispersal characteristics of a related (surrogate) species may suffice. It is important however
to consider that dispersal data will have a major influence on site prioritization as it
determines the presee of connections between graph nodes.

In this study we utilized two different analyses to identify priority reintroduction
sites, including a hub analysis that aims to increase connectivity within connected
populations and a cutode analysis that aim® increase connectivity among disjunct
populations. The decision as to which analysis will be followed will depend on each
reintroduction initiativebs goal s, -spatifict a |
biological considerations, factorstno necessar i ly mutually excl
spatial scale is however also of crucial importance. Land managers may prioritize
reintroduction sites at the local (subgraph or metapopulations level) or regional scale. When
reintroduction aims toannect disjunct metapopulations, as we have illustrated through our
cutnode analysis, it is important to consider that historically isolated metapopulations may
have unique local adaptations and genetic compositions (Allendorf & Leary 1986) that land
manajers may wish to maintain. In such cases, it may be prudent to avoid outbreeding
depression (Templeton 1986) by focusing on maximizing connectivity within
metapopulations or ecologically separate management units (but see Frankham et al. 2011)
through a hb analysis.

When incorporating connectivity in reintroduction biology, it may be important to
consider when reintroduction at isolated patches may be preferable. Two possibilities come

to mind. First, improving landscape connectivity may have severabdcks that include
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promoting the spread of diseases, parasites, and other antagonistic species (Simberloff et al.
1992; McCallum & Dobson 2002), and synchronizing population dynamics which could
drive simultaneous collapse of previously unsynchronizetamogulations (Hudgens &
Haddad 2003). While reintroduction managers should certainly consider these drawbacks at
the reintroduction site, it is also worthy to note that several studies found that such events are
rar e, and that c o mahyeoctwveaigh possibié siegaiive rcangequenses g e n ¢
(Haddad et al. 2011; Haddad et al. 2014). Second, in cases where the reintroduced population
is small or its reproductive biology is limited by dispersal capabilities, dispersing individuals
may exclude themseats from the reproductive population if they leave the reintroduction
site, especially when such opportunities are rare elsewhere. Reintroduction at isolated habitat
patches may thus offer some benefits that niey harnessed depending on each
reintroductim pr oj ect 6s specific goals and the biol
study focused mostly on selecting highly connected sites, our analysis also clearly identified
all the isolated patches, which can be utilized when appropriate for themrogra

Over the last decade, conservation biologists have invested significant resources in
advancing the field of connectivity biology, both in terms of its theory, tools and, practical
application (Crooks & Sanjayan 2006; Beier et al. 2008). In this stiedlgemonstrated a
flexible method that leverages existing tools to incorporate connectivity in reintroduction
initiatives. While we are not proposing that connectivity as a panacea for reintroduction
initiatives, we believe its incorporation may certainffhhance the potential for reintroduction

success, by translating into larger distributions, and higher chance of persistence in other
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sites connected to the restored sites. We thus strongly suggest that guidelines for
reintroduction (e.g. [IUCN 1998) bewised to include connectivity as a key consideration,
and that reintroduction reviews (e.g. Schultz et al. 2008b) not merely mention but strongly

advise towards the use of connectivity theory in reintroduction initiatives.

ACKNOWLEDGEMENTS
This work wasfunded by support from Ft. Bragg through the US Department of Defense,
Department of the Army, and Director of Public Works (DP&®B, while JWW was
funded in part by NASA grant #NNX11AL49H. Administrative support for funding was
provided by the North Calioa Cooperative Fish and Wildlife Research Unit, particularly by
Wendy Moore. We also thank Brian Ball, Jackie Britcher, Erich Hoffman and others at Ft
Braggbs Endangered Species Branches for t he

Bragg, and Lesly Starke for comments on an earlier draft of this manuscript.

35



REFERENCES

Allendorf, F.W. & Leary, R.F. 1986. Heterozygosity and fitness in natural populations of
animals. In: Soule, M.E. (Ed.). Conservation Biology: the science of scarcity and

diversity. Sinauer Associates. Sunderland MA.

Armstrong, D.P. & Seddon, P.J. 2007. Directions in reintroduction biology. Trends in

Ecology & Evolution 23: 25.

Armstrong, D.P., Castro, I. & Griffiths, R.G. 2007. Using adaptive management to determine

requirements of reintroduced populations: a case of the New Zealand hihi. Journal of

Applied Ecology 44: 95362.

Bartel, B.A., Haddad, N.M. & Wright, J.P. 2010. Ecosystem engineers maintain a rare

species of butterfly and increase plant diversity. OiKigs 883890.

Beier, P., Majka, D.R. & Spencer, W.D. 2008. Forks in the road: choices in procedures for

designing wildlife linkages. Conservation Biology 22: S&&8%l.

Bodin, O. & Norberg, J. 2007. A network approach for analyzing spatially structured

popdations in fragmented landscapes. Landscape Ec@agyl-44.

36



Bunn, A.G., Urban, D.L. & Keitt, T.H. 2000. Landscape connectivity: a conservation

application of graph theory. Journal of Environmental Management 52 2&5

Calabrese, J.M. & Fagan, W.EO04. A comparisoshopper's guide to connectivity metrics.

Frontiers in Ecology and The Environment 2: 535.

Creech, T.G., Epps, C.W., Monello, R.J. & Wehausen, J.D. 2014. Using network theory to
prioritize management in a desert bighorn sheep metidgtas. Landscape Ecology

29: 605619.

Crooks, K. & Sanjayan, M. 2006. Connectivity Conservation. Cambridge University Press,

Cambridge UK.

Fall, A., Fortin, M:J., Manseau, M. & O'Brien, D. 2007. Spatial graphs: principles and

applications for habitatonnectivity. Ecosystems 10: 4481.

Fischer, J. & Lindenmayer, D. 2007. Landscape modification and habitat fragmentation: a

synthesis. Global Ecology and Biogeography 16:-2806.

Frankham, R., Ballou, J.D., Eldridge, M.D.B., Lacy, R.C., Ralls, Budash, M.R. &
Fenster, C.B. 2011. Predicting the probability of outbreeding depression. Conservation

Biology 25: 465475.

37



Gesch, D., Oimoen, M., Greenle®, Nelson, C., Steuck, M. & Tyler, 2002. The National

Elevation Dataset. Photogrammetric Engireggand Remote Sensing 681%.

Haddad, N.M., Brudvig, L.A., Damschen, E.l.,, Evans, D.M., Johnson, B.L., Levey, D.J.,
Orrock, J.L., Resasco, J., Sullivan, L.L., Tewskbury, J.J., Wagner, S.A., Weldon, A.J.
2014. Potential negative ecological effects ofriclors. Conservation Biology: in

press.

Haddad, N.M., Hudgens, B., Damschen, E.I., Levey, D.J., Orrock, J.L., Tewksbury, J.J. &
Weldon, A.J.2011. Assessing positive and negative ecological effects of corrittors.
Liu, J., Hull, V., Morzillo, A.T. & Wiens, J.A.Sources, sinks, and sustainability.

Cambridge University Press, Cambridge, UK.

Hagberg, A.A., Schult, D.A. & Swart, P.J. 2008. Exploring network structure, dynamics, and

function using NetworkX. In: Varoquaux, G., Vaught, T. & Millman, JdgB

Proceedings of the 7th Python in Science Conference (SciPy2008). Pasadena, CA

Hanski, I. & Gilpin, M.E. 1997. Metapopulation Biology. Academic Press, San Diego,

California.

38



Horton, R.E. 1945. Erosional development of streams and their drainage basins:
hydrophysical approach to quantitative morphology. Geological Society of America

Bulletin 56:275370.

Hudgens, B.R. & Haddad, N.M. 2003. Predicting which species will ber@fitcorridors in
fragmented landscapes from population growth models. American Naturalist 161: 808

820.

Hudgens, B.R., Morris, W.F., Haddad, N.M., Fields, W.R., Wilson, J.W., Kuefler, D.C. &
Jobe, R.T. 2012. How complex do models need to be to predprdal of threatened

species through matrix habitats? Ecological Applications 22:-17Q0.

IUCN. 1998. Guidelines for rmtroduction: Prepared by IUCN/SSC drdroduction

Specialist Group. IUCN, Gland, Switzerland and Cambridge, UK.

Krause, A.E., Fnak, K.A., Mason, D.M., Ulanowicz, R.E. & Taylor, W.W. 2003.

Compartments revealed in fo@geb structure. Nature 426: 2885.

Kuefler, D., Haddad, N.M., Hall, S., Hudgens, B., Bartel, B. & Hoffman, E. 2008. Population

structure and habitat use of the emglered Saint Francis satyr butterfNeonympha

mitchellii francisci.American Midlands Naturalist 159: 20&20.

39



McCallum, H. & Dobson, A. 2002. Disease, habitat fragmentation and conservation.

Proceedings of the Royal Society of London B 269: 22@49.

Mclintire, E.J.B., Schultz, C.B. & Crone, E.E. 2007. Designing a network for butterfly habitat
restoration: where individuals, populations and landscapes interact. Journal of Applied

Ecology 44: 7257 36.

McRae, B.H. & Beier, P. 2007 Circuit theory prediggene flow in plant and animal

populations. Proceedings of the National Academy of Sciences 104:-19888.

McRae, B.H., Dickson, B.G., Keitt, T.H. & Shah, V.B. 2008. Using circuit theory to model

connectivity in ecology, evolution and conservatiorligy 89: 2712724,

Milko, L.V., Haddad, N.M. & Lance, S.L. 2012. Dispersal via stream corridors structures

popul ati ons of the endangered St . Franci

francisci). Journal of Insect Conservation 16:-263.

Minor, E.S. & Urban, D. 2007. Graph theory as a proxy for spatetflicit population

models in conservation planning. Ecological Applications 17: 11782.

4C



Minor, E.S. & Urban, D.L. 2008. A gragtheory framework for evaluating landscape

connectivity and enservation planning. Conservation Biology 22: -397 .

Parmesan, C. 2006. Ecological and evolutionary responses to recent climate change. Annual

Reviews of Ecology, Evolution and Systematics 37:-689.

Pinto, N. & Keitt, T.H. 2009 Beyond the leasid path: evaluating corridor redundancy

using a grapitheoretic approach. Landscape Ecology 24:-26G.

Pulliam, H.R. 1988. Sources, sinks, and population regulation. American Naturalist 1:32: 652

661.

Rayfield, B., Fortin, MtJ. & Fall, A. 2010. The sensitivity of leasbst habitat graphs to

relative cost surface values. Landscape Ecology 255329

Rayfield, B., Fortin, MtJ. & Fall, A. 2011. Connectivity for conservation: A framework to

classify network measures. Ecology 827-858.

Schick, R.S. & Lindley, S.T. 2007. Directed connectivity among fish populations in a

riverine network. Journal of Applied Ecology 44: 111826.

41



Schultz, C.B. & Crone, E.E. 2008a. Using ecological theory to advance butterfly

conservation. Isel Journal of Ecology & Evolution 54: &3.

Seddon, P.J. 2010. From Reintroduction to Assisted Colonization: Moving along the

Conservation Translocation Spectrum. Restoration Ecology 188026

Simberloff, D, Farr, J.A, Cox, J. & Mehlman, D.W. 19920%ment corridors: conservation

bargains or poor investments? Conservation Biology 6:5023

Strahler, A.N. 1952. Hypsometric (area altitude) analysis of erosional topography.

Geological Society of America Bulletin 63: 111742.

Templeton, A.R. 1986. Coadaptation and outbreeding depression. In: Soule, M.E. (Ed.)
Conservation Biology: the science of scarcity and divers8inauer Associates.

Sunderland MA.

Treml, E.A., Halpin, P.N., Urban, D.L. & Pratson, L.F. 2008. Modeling {aijmn

connectivity by ocean currents, a grehlkoretic approach for marine conservation.

Landscape Ecology 23: 135.

42



Urban, D. & Keitt, T. 2001. Landscape connectivity: a graph theoretical perspective. Ecology

82:12051218.

Urban, D.L., Minor,E.S., Treml, E.A. & Schick, R.S. 2009. Graph models of habitat

mosaics. Ecology Letters 12: 2@0 3.

Wilson, J.W., Sexton, J.O., Jobe, R.T. & Haddad, N.M. 2013. The relative contribution of

terrain, land cover, and vegetation structure indices to spd@asbution models.

Biological Conservation 164: 17076.

43



Table 1. Patch characteristics of priority reintroduction sites identified for the St.

Franci so

satyr

b uthebretic apprgachutkei twmognetveork gubsa(pitl

114, 119, the siteswith the highest betweenness values), the eobde (site 116,

connecting subgraphs 6 and 44), and the most connected unoccupied reintroduction site

(site 5). Site 106, 112 and 121 represent a random selection of isolated reintroduction

sites (connected tao other sites), all which have the same characteristics. Graph ID

reflectsthe number of nodes in that particular subgraph.

Site ID Site type Graph ID Node Graph path Graph path

degree length pre- length post

inclusion (m) inclusion (m)

114 Restoration 44 16 1123 £ 679 1119 + 683

119 Restoration 44 10 1123 £ 679 1130 + 698

116 Restoration 44, 6 6 1122 + 689 1138 + 695

5 Unoccupied 6 5 1092 + 655 1110 + 678
106 Restoration n/a 0 n/a n/a
112 Restoration n/a 0 n/a n/a
121 Restoration n/a 0 n/a n/a
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N
Hub Cut-node

Figure 1. A hypothetical graph consists of nodes (patches) and edges (dispersal paths).
Reintroduction priorities would consist of network hubs (highly connected nodes) or

cut-notes (nodes keeping subgraphs connected).
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®  Putative colonies N
@® Network cut-node A
@ Network hubs
< lsolated patches /
Figure 2. The dispersan et wor Kk among putative St. Franci s

and edges) on Ft. Bragg, NC consists of four subgraphs assuming a maximum dispersal
distance of 2600 m (Kuefler et al. 2008). Identified reintroduction priorities include cut
nodes (the reintroduction site connecting two subgraphs) and hubs (the most connected

(left) and secondmost connected (right) reintroduction site).
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THE INDEPENDENT AND SYNERGISTIC EFFECTS OF HABITAT LOSS AND

CLIMATE CHANGE

ABSTRACT
Habitat loss and climate change pose great challenge to biodiversity conservation over
the next century. While most studies consider these threats independently, we also
tested whether these threats act synergistically or summative, by examining predicted
distributions of 24 forest bird species endemic to the Guinean Forests of West Africa.
Combining satellite imagery with landuse information dating back to 1936, we found
that western Cameroon has already lost 40.7% of its original forests, and we project it
to lose >71.3% before the end dhis century. Modeling future distributions subjected
to habitat | oss and climate change suggest
lose 84.56 +17.11% of their habitat by 2080, with eleven species losing more than 95%.
Importantly, we found that climate change and habitat loss act synergistically to hasten
extinctions, causing species to lose an additional 12.87 £51.78% habitat that would have
been the case if these threats were summative. Our results guide sciebased policy
and management by deheating spatially explicit conservation priorities within the

region.

Keywords: Birds, CamerooyDistribution modeling, Niche, Roads, Summative effects
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INTRODUCTION
Habitat loss and climate change are two of the greatest threats to theedmpanstence of
bi odiversity. Even more concerning, these t
actingsynergistically on one another to accelerate species extinctions (Brook et al. 2008; Jetz
etal. 2007; Mantyk&#®r i ngl e et al . a@hhiyes, makdyspedea witneedls c |
to adapt their ranges to track their shifting climatic niches. Habitat loss may impede range
adaption, as the | ack haff tc agmtpisgpy o uCs0 | hweel il t aett
it impossible for habitat spedists to disperse to keep up with suitable climatic conditions
(Williams et al. 2007; Brook et al. 2008; Colwell et al. 2008). The combined effects of
habitat loss and climate change may thereby accelerate species extinction rates (Pimm et al.
2014).

Ecologists frequently forecast how changes in landscapes subject to habitat loss
(Laurance et al. 2001; Linkie et al. 200ahd climate change (Sekercioglu et al. 2008;
Williams et al. 2007; Colwell et al. 2008) will influence future species distributions.
However, these impacts are mostly considered in isolation, with few studies examining the
combined effects of these stressors on biodiversity (Brook et al. 2008; Jetz et al. 2007;
MantykaPringle et al. 2012). Furthermore, multiple studies assume climateyeheard
habitat loss act synergistically (Brook et al. 2008; Jetz et al. 2007; MaRtikgle et al.

2012) , yet no study has tested whether thes
that is, whether the effect of these two threats acting togeXoeeds the sum of their effects

when acting separately.
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We examinedhe independent and combined effects of climate change and habitat
loss by predicting the future distributions of 24 bird species that are forest specialists and
either endemic or havisolated subpopulations in the Lower Guinean Forests of West Africa
(Fig. 1). The region is a Biodiversity Hotspot because of its exceptional levels of endemism
and the extent of habitat loss: approximately 85% of its original forest cover has been lost
landuse has shifted to support some of the densest human populations iMifteraneier
et al . 2 0 0 5 fppographicecomplexigyi andntropscal climgidittermeier et al.

2005)may also render its biodiversity vulnerable to climate ché@ghkvell et al. 2008).

METHODS
Study area
We focused our research on the Northwest and Southwest provinces of western Cameroon
due to the regionbés exceptional l evel s of el
unprecedented historical datasets that were available to us, includingear7drchive of
landuse data and a-¥@ar archive of NASA Landsat imagery (Roy et al. 2014). In addition,
vast expanses of intact or connected forests still remain in Cameroon (Oates et al. 2004),
making future conservation planning based on our resultse npragmatic here than

elsewhere in the Lower Guinean Forests.

How did forest cover of the study region change from the-predustrial era to 2010?

We collected Landsat images covering our study area for the periodd988 Zperiod
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1975), 19841986 (period 1985), 1997000 (period 2000), and 20@®11 (period 2010).

After we identified each periodbés Landsat [
replaced any remaining cloudy or otherwise missing pixels with data from Landsgs

within the same period, we geometrically, atmospherically, and radiometrically corrected
(Lillesand et al. 2008) the selected images and extracted their false color composites (bands
7/4/2 for TM and ETM images; bands 6/5/4 for MSS images). Thereafe used ArgGIS

10. 16s | SO Unsupervised Classi fi catcolomn t oo
composites to generate a thhadass landcover magit he r egi onds water f ec
forest cover maps for periods 1975, 1985, 2000 and 2010.

Becausdhey have similar spectral signaturegparating forest cover from plantation
agriculture is challenging but nevertheless important, otherwise the true status of a species
dependent on forests may be masked by an apparent abundance of intadhlaalstan fact
lost (Tropek et al. 2014). To overcome this challenge, we assumed cleared tropical forests
did not regenerate during the -¢0ar timespan for which we created forest maps (1975
2010), which is reasonabl alforestsregéndrate ovenmoret h a t
than 70 years (Lawton et al. 1998). By doing this we thus assume that any area that appeared
to have been cleared earlier but reforested later during the study period indicates an area
presumably covered by fagtowing platation agriculture (Fig. 2).

We validated ouR00Oforest covemap by comparing, across 5000 reference points,
our forest cover withiwo global forest cover datasets for those same years (Hanson et al.

2013; Sexton et al. 2013), and our 2010 forestcoverp usi ng Hanson et al
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forest map updated to account for their mapped forest loss, as well as a collection of 500
independent reference points opportunistically obtained during a fieldtrip to the study area in
January 2013. Validation ugirtwo recent global forest cover datasets (forests being >50%
tree cover, Hanson et al. 2013) suggested our mapping accuracy was 66.1% (Sexton et al.
2013) and 86.0% for 2000, and 83.3% for 2010, while validation using ourchéttted
referencepoints uggested our 2010 mapds accuracy was
global forest cover datasets suggests that our method of finding areas apparently reforested
within relatively short time periods can be used effectively to reduce misclassification
between forest cover and plantation agriculture. We then used-iadarstrial forest cover

map of the region (Mittermeier et al. 2005) to calculate the total area of remaining forested
land at each of our four time periods, which we used to track the extdefiooestation from

the preindustrial era to 2010.

How may human activity alter the remaining forest cover in the future?

We generated atime series of six continuous explanatory variables representing
environmental and human activity variables thay nimfluence deforestation rates. Although

the distribution of human settlements is potentially the strongest driver of deforestation
(Laurance et al. 2009; Sodhi et al. 2010), finding a time series of reliable human population

data in remote areas remaioballenging. Because roads provide access to unexploited
forests (coined APandorads Box Effecto, Laur

where an estimated 80% of deforestation occurs within 2 km of (blsitens & Lambin
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1997), road maps psent a highly suitable metric of human impact thas been used
successfully to predict deforestation in e.g. Sumgtiakie et al. 2004) and Amazonia
(Laurance et al. 2001). Thus, to obtain the first set of explanatory varialdetigitized an
unprecélented archive of historical road maps for the region from 1936, 1959, and 1966,
updated for 1975, 1985, 2000 and 2010 using the archive of Landsat images we used to
generate our forest maps. With the goal of using landscape features in relation to road
presenceo predict future deforestation, we calculated, for each year we have road data, the
Euclidian distance of each study area pixel to the nearest major road (explanatory variable 1)
Also considered, for each forest mapping period, were three varideteved directly from
our landcover maps: (2) distance to nearest deforestation, (3) distance to nearest forest edge,
and (4) distance to nearest major water feature. Because no comprehensive land cover data
existed before NASAOdthelaadcdvseraadriables obtainedfrorm the we
1975 mapping to complete our deforestation, forest edge, and water feature datasets for 1936,
1959, and 1966. Lastly, we created two predictor variable maps that remained static
throughout the study period: (Blevation and (6) terrain slope derived from a NASA SRTM
Digital Elevation Model (Rabus et al. 2003).

We used the time series of forest cover and explanatory variable maps to generate
probabilistic forest cover maps for each decade from 2020 to 208 frasgd we predicted
future deforestation probability as a binomial prodgsskie et al. 2004) (forested = 1;

deforested = 0) using a logistic regression,

adpo
In o=bx+e
G- P~
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wherep is deforestation probabilityya mat r i x of explanatory wvar
estimate linkingx and p, ande the error term. To populate dependent variablepsate

recorded, for 1000 randomly sampled points across the studyvdretner the underlying

cells from each of the 1972010 forest maps were forested or not. We also populated seven
matricesx, one for each year for which we had explanatory data (1936, 1959, 1966, 1975,
1985, 2000 and 2010), with each matrix consistingixofcolumns, one for each explanatory

variable. To populate each matrix, we recorded, for the same 1000 randomly sampled points
usedto populatp, t he values from each of the six ex
ande, we regressed each matsagainst only thospdé s deri ved from dat es
matrix X to obtain parameter estimates of deforestation probability over a time span ranging
betweenlO and 75 years (18 parameter sets in total). Prior to analysis, correlations among
variableswere al cul ated wusing Pearsoné6s correlati ot
no correlations found among any variables (r < 0.5, P > 0.05). We subsequently applied the
parameters of the most parsimonious model (determined amtA k ai ke 6 s I nfornm
Criteria, AIC, Burnham & Anderson 2002) to the 2010 map to obtain a series of probabilistic

forest cover maps for 2020 to 2080.

To obtain a cubff threshold separating forested and 4fiorested areas on our
probabilistic future forest cover maps, we usieel same process explained above to obtain
probabilistic forest maps for 1985, 2000, and 2010 using predictor variables from 1975. By
comparing these probabilistic forest cover maps with observed deforestation, we found that

areas with probability valudggher than 0.55 were most likely to be deforested with#3A.0
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years; we subsequently used this value as a threshold to generate binary maps separating
forested and deforested areas, which when applied to the 2000 forest map, corresponded with
an annuatieforestation rate of 0.7%. Applying this threshold to our probabilistic forest maps
for 1985, 2000, and 2010 also allowed us to obtain reliability estimates for our forest
mapping predictions. Comparisons of observed and predicted deforestation evid&d@® at
randomly sampled points showed that our predictions were better thammmahdwever,
predictions oved O years (kappa statistic = 0.606/22, n = 3, Congalton 1991) were more
accurate than those over 20 years (kappa = 608835, n = 2) and 35 yea(kappa = 0.532,

n = 1). We subsequently applied the parameters of owyredf model to the explanatory
variables for 2010 to generate a forest cover map for 2020, and iterated this process over
subsequent decades to generate a decadal timme s€foest cover maps to 20&@ the 30m

resolution.

Mapping species distributions

Because species often respond independently from one another to climate(\@eltivgr et

al . 2002, Bush et al . 2004, Wil liams et al
individually rather than the response of the entire forest community. This allowed us to set
explicit conservation priorities by identifying areas where the individual species most
threatened by the combined effects of habitat loss and climate changg eddoh we hope

will guide sciencealriven policy and management decisions in the region.
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Mapping speciesd distributions to eval uaft
of climate change and habitat loss involved a-&iep process. First, we obtaihepdated
distribution maps (Birdlife International & NatureServ 2011) for the 24 bird species that are
forest specialists with either endemic or isolated subpopulations in the Guinean Forests of
western Cameroon. Coarsely scaled species distribution mepsrally ovefestimate
speciesb6 ranges through interpolation, whi c
habitat loss and extinction risk (Sekercioglu et al. 2008; Jetz et al. 2007). Thus, we refined
the historical and currergstimates of each stud s peci es 6 dippisg gachbut i or
species6 di gi t itezcerkspahd te the timb setiesfofest covar pnaps we
generated, antb their estimated maximum and minimum elevation distributional limits (del
Hoyo et al. 2013) using HASA SRTM Digital Elevation Model (Rabus et al. 2003). As a
second step, we esti mat ed o uby comstrainidgyeacek peci e
speci es6 cur r e totcorrabponrdttahe fredittad 2022088) dorest cover
maps we generated, whiatepresented distributions accounting for future habitat loss,
independent of climate change.

The distribution maps generated above that account solely for habitat loss assume that
a speciesd range either cont r acatpepulation isr e mai n
subjected to habitat loss or not. This assumption may not hold under climate change, as many
species may need to disperse to keep pace with their respective shifting climatic envelopes.
As a third step, wenodel ed each s pte adcourdt dor aimatetchange ut i or

independent of habitat lossssuming species are able to disperse freely to a more suitable
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environment, using the Maxent software package (Phillips & Dudik 2008). Maxent uses
machinelearning algorithms to find model panaters for a stable collection of predictor
variables from a larger set of alternatives. While a number of species distribution modeling
algorithms exist, Maxent is particularly suitable for questions involving rare species with
small ranges and limited oarrence data due to the regularization procedure that counteracts
model oveffitting when using few input occurrences (Elith et al. 2011; Hernandez et al.
2006) and the ability to handle complex relationships between variables (Elith et al. 2011). In
addtion, Maxent only requires presence data, without the need for psésdace points

that may affect model reliability in discriminatory models, when those psaiskEnce points
overlay suitable but unoccupied habitat (Phillips & Dudik 2008).

UsingMaxenbs future distribution modeling al g
modeled the climatadapted distributions of our 24 study species for 2020, 2050 and 2080.
Models were trained on 24 bioclimatic variables derived from monthly temperature and
rainfall data collected between 1950 and 2000 (Hijmans et al. 2005), and projected using
corresponding bioclimatic variables derived from spatially downscaled and gridded
temperature and precipitation data for emission scenarios A1B, A2A, and B2A, drawing
from sevenPCC AR4 GCMs models (CCCMA, CSIRO, IPSL, ECHAM5, NCARESM3,

HadCM3, HadGEM), obtained from the CCAlBmate data portal hitp://www.ccafs

climate.org].

While some species could extend their distribution bounds beyond their current limits

under <c¢climate change (Thomas et al . 2001), w
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refined 2010 distributions limits to account for factors other than dimatich as
physiological limitations and biogeographic associations, that may also play a role in
determining distributionsWe also found obtaining sufficient presence data challenging,
because we did not obtain sufficient spatial coverage (Phillips 20@9) or data (Hernandez

et al. 2006) on all species during a field trip to the study area, and were unable to fill data
coverage gaps with data fropublically accessible natural history collection databases such

as the Global Biodiversity Informatiora€ility (http://www.gbif.org. To overcome this lack

of data, we -pb¢esaemeed dépatadibor each species
(deemed sufficient for Maxent, Hernandez et al. 2006) from our refined @8fribution

maps from step one. Lastly, as a fourth step, we created future ranges for eachtlsecies
accountfor the combined effects of habitat loss and climate change by constraining each
species6 future distri butlimits of thé fatere fdresbcoverc | i ma

maps of the same period we generated.

Data analysis

We evaluated differences between each speci
using oneway ANOVASs, with species and climate scenario as random factost, Rie
tested whether t he regi onos avifauna | ost
dependent variable) through synergistic effects (i.e. the intersection) between habitat loss and
climate change than through their summative effects (i.e. the umitmedn habitat lost

t hrough forest | oss and climate change). Sec
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distributions may change using threat (climate change and forest loss, each independently
and combined) as predictor variables, and current and futeaec@roccupancy (percentage
habitat lost [in ha], latitude at southern range boundary, and minimum elevation) as
dependent variables. Lastly, using the percentage habitat loss as a weighted measure of threat
facing each species, we created spatially expheaps of conservation priorities based on the
independent and combined effects of climate change, by first assigning the expected habitat
l oss ( %) t hat each species faces to each
summing those values for @pecies over the entire study area. All analyses were performed

at a 30m resolution, landcover mapping was donArgGIS 10.1 (ESRI, Redlands CA),
geoprocessing was performed in Python 2.7 (Python Softwared&bon 2008), and
statistical analysewereconducted in R 3.1 (R Core Team 2013), using data collected from
1000 randomly placed points unless otherwise noted. Summary statistics for climate change,
habitat loss, and their combined effects are presented as means (for all species, and all

climate senarios where relevant) £1SD,

RESULTS AND DISCUSSION
Western Cameroon had lost approximately 40.74% of its original Guinean Forest cover by
2010 (Fig. 3, Table 1). While most forest cover was lost before 1975 (27.5%, plus an
additional 13.52% after 197%)eforestation rates have accelerated since 1975, with annual
losses nearly three times greater after 1985 than before (Table 1). There was an apparent

decline in the annual deforestation rate after 2000, which may be a consequence of increased
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conservabn awareness since 2000, which included the proclamation of seven new national
parksin 2000 that cover 1,534,512 lf@chindjang et al. 2005). Despite these protective
measures, due to largeale forest losses prior to 2000, deforestation rates as t#ofunt
remaining forests continued to increase after 2000 (Table 1). The increased deforestation
rates we observed in western Cameroon broadly correspond with observations in the Congo
Basin (Céline et al. 2013) that extend into southern Cameroon; hoaraweal deforestation
rates in western Cameroon were 411% higher.

The location of deforestation was more likely closer to roads (logistic regression: z =
-8.35, p < 0.001), particularly within 1024 m (Fig. 4), agreeing with work done previously in
southen Cameroon (Mertens & Lambin 1997). Nevertheless, distance to the nearest road
played no role in our most parsimonious model predicting deforestation probability, which
was determined by the relationship:

Deforestation probability = 0.012x distance todrest edge (m)0.015x slope (rad)
0.003xdi stance to previous03@cadd)pds def

(Model AIC: 3607; Mean AIC of all models: 3858). While the variables in our most
parsimonious model havseldom been used to predict deforestation, their influence on
deforestation makes intuitive sense: steep slopes are difficult to access, while deforestation
will more likely occur near actively logged areas or forest clearings (presumably deforested
in ealier decades), which are presumably more likely near roads. Assuming that
deforestation will continue at the current annual rate of 0.7%, we predict that by 2080, >60%

of western Cameroonb6s primary foresn cover w
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deforestation rates may, however, increase over the next several decades as the palm oll
industry increases its footprint in western Cameroon (Hoyle & Levang 2012; Linder et al.
2013). More realistically, if the percentage of the remaining foresiriosgases at an annual
rate of 0.01% (mean annual increase from 1975 to 2010), we project that by 2080 annual
deforestation rates would be 1.4%, resulting in western Cameroon losing >71.8% of its
original forest cover before the end of the current century

Considering only forest | osses, endemic
Forests had lost, on average, 53.5 +30.4% of their original suitable habitat by 2010. Montane
forest specialists generally lost a larger proportion of their range thitwaigbat loss than
lowland forest species £ 9.53,n = 21,p = 0.0001) because habitat was available on higher
elevations (logistic regression, forest cover predicted by elevatiort3.47, p < 0.0001),
causing these species to have smaller rarigeg.13,n = 21;p < 0.0001), which in turn is
the single best predictor of extinction risk for terrestrial birds (Harris & Pimm 2007). The
two species most threatened by habitat loss were Banded \&AmtRiatysteira laticincta
(classified as endangeredJCN 2014) and Blackcollared Apalis Oreolais pulchra
(classified least concern); both of these montane forest specialists had lost more than 90% of
their original habitat by 2010 (Table 2). Conversely, despite having the most restricted
distribution of & species considered (679 knBirdlife International & Natureserv 2011),
the Mount Kupe Busishrike Telephorus kupeenstsas largely escaped habitat reductions
(Table 2) because of its distribution on mountaintops that continue to pose access difficultie

If current deforestation trends were to continue, our 24 study species are predicted to lose on
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average 69.46 +24.3% of their original ranges by 2080, with the Banded ‘&4adtland
Black-collared Apalis facing habitat reductions >99% (Table 2).

While previous studies generally found that the negative effects of habitat loss are
greater than those of climate change (Mantipkiagle et al. 2012), our results suggest that
they have a similar contractive effett=(0.235,n =24, p = 0.408), with speciesxpected to
lose 70.98 £21.4% of their original habitat by 2080 through climate change (Table 2). One
possibility could be that the impact of climate change has finally caught up with landuse
modifications (Lemoine et al. 2007), or else that previous Hudde used earlier, more
modest, climate change predictions (IPCC 2007), thereby @stienating the impact of
climate change. While the mechanisms governing range adaptations under climate change are
complex (Thomas et al. 2001; Walther et al. 2002); masults agree with general
expectations (Walther et al. 2002; Williams et al. 2007; Colwell et al. 2008) that montane
specialists will shift their ranges to higher elevatiofs §ss= 111.4,r2= 0.877,p < 0.0001),
and lowland species move their saarth distribution limits to higher latitude$4g 437 =
11.31,r2 = 0.496,p < 0.0001). Because less habitat is available at higher altitudes, thus
restricting options for range shifts, highevation species, already at an elevated risk of
extinction fromhabitat loss, are also more vulnerable to climate chafge$ 15.87,r’ =
0.408,p < 0.001). Importantly though, species thought to be escaping the effects of habitat
loss, particularly those living on mountaintops, appear more vulnerable to clinaatgech
given that these species are at the physical limits of their distributions, leaving them no space

to adapt their ranges to higher elevations under climate change (Williams et al. 2007,
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Sekercioglu et al. 2008; Colwell et al. 2008). A prime exanmplihe Mount Kupe Bush
shrike, expected to lose 81.11 +2.1% of its habitat through climate change by 2080,
compared to 8.27% through habitat loss (Table 2).

The combined impact of climate change and habitat loss is expected to reduce the
habitat availablet o west ern Cameroonds endemic fores
+17.11% by 2080 (Table 2). Moreover, these combined effects contribute to greater habitat
losses than the independent effects of habitat loss or climate change £ 307.3,r% =
0.234,p < 0.001). With montane forest species threatened by both the independent effects of
climate change and habitat | os s, it comes a
have a particularly pronounced impact on these specie8.431,df =24, p = 0.0001; Table
2). A total of eleven specig#@6%) are expected to lose >95% of their ranges under the
combined effect of climate change and habitat loss by 2080. The twalhigkhle species
most threatened by habitat loss and climate change independerhely Blackcollared
Apalis and Banded Wattleye, are expected to lose >95% of their original habitat by 2020,
while an additional two higlaltitude species, the endemic Cameroon GiigeonColumba
sjorstedtiand endemic subspecies of the Africanl{dabbler Pseudoalcippe abyssinica
monachugboth considered netihreatened, IUCN 2014) are expected to lose >90% of their
ranges by 2020. Critically, without considering other extinction drivers in Cameroon, notably
bushmeat collection (Fa et al. 2006pnly a single species, the Yellemasqued
hornbill Ceratogymna elatdironically threatened by hunting pressure, IUCN 2014) falls

below an extinction threshold of 50% habitat loss identified for habitat specialists (Travis
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2003), which is alarming considieg that many of our study species do not currently appear
on global extinction watchists (Table 2).

A major aim of this study was to test whether habitat loss and climate change act
synergistically or summative; that is, whether these two threatgaotyether exceeds the
sum of their effects when acting independently. Comparing the amount of habitat expected to
be lost through the combined (i.e. the union) and summed (i.e. intersection) effects of habitat
loss and climate change show that by 2080twes n Camer oondés forest
additional 12.87 +51.78% of their ranges through the combined effects of these two threats,
which is significantly more than if theset hr eat s 6 effects wer
(Wilcoxon signedranktest:z = 7.84,p < 0.0001,n = 86; Fig. 5). A patially explicitmap of
conservation priorities identifyinghose areas where conservation action is most urgently
needed (Fig. 6)uggest the most of the species threatened by climate change and habitat loss
occur in mountaious areas; this is because the proportional impact of range contractions are
much larger on these species, which have area available to expand their ranges.

We have shown how habitat loss and climate change act synergistically on one
another in compromisg the future viability of an entire community of endemic bird species.
Both habitat loss and climate change is expected to continue unabated at least in the
foreseeable future, and in some cases even accelerate, for example in Cameroon due to
impending &argescale oil palm production (Hoyle & Levang 2012; Linder et al. 2013).
Importantly, considering that we neglected the rolethér stressors such as invasive species

and ovetharvestingve are likelyunderestimatingthe true threathese species faéem

63



multiple extinction driversOur results strongly encourage the development of more holistic
tools for assessment s faced witpreuttipleestrassorsVhile e a t st
climate change requires complex crbssder action to mitigatendividual countries have

the ability to directly influence their biod
holistic approach on climate change and habitat loss allow conservation managers to
delineate spatially explicit conservation prims; those areas where conservationoacts

most urgently neededyhich will hopefully better facilitate conservation planning towards

slowing current extinction rates.
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Table 1. Loss of Guinean Forests of West Africa in western Cameroofmom pre-

industrial forest cover estimates (Mittermeier et al. 2005) to 2010, with projections for

2020 to 2080 assuming deforestation rates of 0.7%4.y

Year

Forest cover

remaining (ha)

rate (ha.y?)

Deforestation Remaining forest

lost (%.y™Y)

Forestlost

(% of original)

Preindustrial

1975

1985

2000

2010

2020

2050

2080

213,389
226,379
220,229
199,000
185,135
172,132
142,877

122,646

No data

No data

615.1

1415.2

1386.6

1300.1

975.2

674.3

No data

No data

0.27

0.64

0.70

0.70

0.70

0.70

No data

27.53

29.50

36.30

40.74

44.90

54.26

60.74
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Table 2. Expected range reductions for the 24 bird species and subpopulations endemic to the Guinean Forests of West

Africa in western Cameroon. Range losses are calculated aser cent ages from each speciesbo
International & NatureServ 2011) to 2080, as a function of projected habitat loss independently, projected climate loss
independently, and climate change and habitat loss combined. The current IUCN{24) threat status of each species is
indicated in parenthesis. All values are presented as means +1SD.

* indicates lowland forest specialists; ** indicates montane forest specialists (del Hoyo et al. 2013).
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Table 2. Continued

Range lost by

Range lost by

Range lost by

Range lost by

Original range 2010. habitat loss 2080. habitat loss 2080, climate 2080, habitat loss
Species (ha) ’ (%) ' (%) change & climate change
(%) (%)

Apaloderma vittatum (LC)** 104894 81.23 89.93 89.51+3.61 96.75+£1.52
Campetheraullbergi(LC)* 104081 81.10 89.85 92.65+2.54 98.51+0.91
Ceratogymna elata (VU)* 191345 18.27 44.38 21.33t7.11 48.6+5.56
Columba albinucha (NT)** 50453 21.19 52.47 52.76+32.85 66.98+15.48
Columba sjostedti (LC)** 93227 83.85 91.68 90.59+2.26 96.95+1.94
Cossyphicula roberti (LC) 79193 60.45 76 79.8815.14 93.07+£2.84
Dendropicos pyrrhogaster (LC) * 214905 19.92 45.22 30.29+14.31 51.39+5.13
Francolinus camerunensis (EN)*’ 1234 53.31 81.82 64.17419.13 85.34+5.4
Kakamega poliothorax (LC)** 106624 77.77 87.11 84.93+11.47 96.83+1.82
Kupeornis gilberti (EN)** 7342 34.50 63.71 65.93+£20.03 90.91+6.42
Malimbus erythrogaster (LC)* 81222 14.13 41.03 45.21+15.61 56.28+15.66
Melignomon eisentrauti (DD)* 36155 34.97 64.84 69.22+12.24 88.87+10.48
Onychognathusvalleri (LC)* 93414 83.18 91.37 91.27+2.14 97.34+1.43
Oreolais pulchra (LC)** 32564 92.65 98.71 95.21+1.84 99.75+0.16
Phoeniculus bollei (LC)** 310589 40.40 60.51 50.2+6.78 61.64+1.39
Phoeniculus castaneiceps (LC) * 173909 12.52 36.77 42.22+26.96 57.73+17.31
Phyllastrephus poensis (LC)** 163525 53.19 69 91.45+3.98 98.46+2.19
Phyllastrephus poliocephalus (N1 121262 62.84 76.4 89.41+6.78 97.88+2.26
Phylloscopus herberti (LC) 86420 67.36 80.46 54.13+£39.33 92.27+4.74
Platysteira laticincta (EN)** 14643 91.87 99.01 91.42+2.4 99.76+0.27
Pseudoalcippe abyssinica (LC)** 63124 88.23 95.36 85.8+4.94 97.01+0.92
Tauraco bannermani (EN)** 2501 79.99 98.83 85.731£9.65 99.311.6
Telophorus kupeensis (EN)** 679 3.09 8.27 81.11+2.1 76.63+26.86
Zootherecrossleyi (NT) 55798 32.43 56.23 61.12+19.22 84.13+9.27
Zoothera prince (LC)* 66068 10.01 37.46 68.97+25.69 81.57+20.54
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Figure 1. The location of the Guinean Forests of West AfricéMittermeier et al. 2005),

with the historical extent of the Lower Guinean Forests highlighted.
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Figure 2. Landsat images of the same area in western Cameroon, showing (in the black

box) a forested area (1975) that was deforested in 2000 aptpeared forested again in
2010. Because tropical forests regenerate over >70 years (Lawton et al. 1998), we can
safely assume that the area that appear reforested within ten years consist of fast
growing plantation agriculture. (The white lines on the 200 image indicate missing
data due to a scarline corrector failure that affects all ETM+ images after 31 May

2003, Irish 2000).
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Figure 3. Forest cover maps of the southern section of the Lower Guinean Forests of
Cameroon in 1975, 1985, 2000 an2010, with predicted forest cover for 2020 to 2080,

overlaid onto a historical forest map of the study region (Mittermeier et al. 2005)
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Figure 4. The frequency of deforestation events in the Guinean Forests in western
Cameroon was much higher clogeto roads, with most deforestation occurring within
1024 m from the nearest road (Jenkslatural Breaks; Goodness of Fit = 0.989; Tabular

accuracy = 0.889)
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Figure 5. Projected mean range losseattributed to the combined, summed and
independent effects of climate change and habitat lossor 24 bird species that are
forest specialists, and either endemic of have isolated subpopulations in the Guinean

Forest of West Africa in western Cameroon.
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Figure 6. Spatially-explicit conservation prioritization based on the cumulative
percentages of range contractions facing the endemic forest birds of the Lower Guinean
Forest of West Africa in western Cameroon, due to the combined and independent
influences of climate change and habitat loss, overlaid anshaded elevation map of the

area.
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