PREDICTING INTRODUCTIONS AND RANGE EXPANSIONS OF THE MONK PARAKEET

WITH ECOLOGICAL NICHE MODELING AND LANDSCAPE GENETICS

by

CORENTIN LUC BOHL

A dissertation submitted to the Graduate Faculty in Biology in partial fulfillment of the
requirements for the degree of Doctor of Philosophy, The City University of New York

2013



© 2013
CORENTIN LUC BOHL

All Rights Reserved



This manuscript has been read and accepted for the Graduate Faculty in Biology in satisfaction
of the dissertation requirement for the degree of Doctor of Philosophy.

Date Chair of Examining Committee
Dr. Jason Munshi-South

Date Executive Officer
Dr. Laurel A. Eckhardt

Dr. Robert Anderson

Dr. Ana Carnaval

Dr. Stéphane Boissinot

Dr. George Amato

Supervising Committee

The City University of New York



ABSTRACT
PREDICTING INTRODUCTIONS AND RANGE EXPANSIONS OF THE MONK PARAKEET
WITH ECOLOGICAL NICHE MODELING AND LANDSCAPE GENETICS
by
CORENTIN LUC BOHL

Adviser: Professor Jason Munshi-South

The ability to predict species future geographic distributions is an important challenge in
biogeography and conservation biology, with critical implications for pressing environmental
issues, including the potential spread of invasive species. This research examines a two-step
framework to build accurate predictions of the invasive potential of the monk parakeet
(Myiopsitta monachus). This species, native to temperate South-America, has established
several stable populations worldwide, and shares many of the typical traits of high-risk invaders.
The proposed framework aims to 1) identify areas where the species is likely to thrive, and 2)
determine which of these suitable areas the species can likely disperse to. Objective 1 requires
identifying the environmental conditions suitable to the species, for which | used ecological
niche modeling (Chapter 1 & 2). Objective 2 addresses the ability of the species to conquer new
adjacent favorable areas via dispersal, a problem that can be addressed with landscape
genetics (Chapter 3). In Chapter 1, | developed a null model approach to evaluate the
performance and significance of ecological niche models. The results highlight the importance
of accounting for both discrimination and overfitting and correctly estimating significance. In
Chapter 2, | tested the effect of different model calibration strategies on transferability (the ability
to predict independent data in different geographic regions). | used this information to make
predictions about the global invasive potential of the monk parakeet. The best prediction was
obtained with native calibration records and complex model settings. This prediction indicates

several areas with conditions suitable for monk parakeets, including areas adjacent to existing



introduced populations. In Chapter 3, | integrated ecological niche modeling and landscape
genetics to make predictions about the landscape features that affect monk parakeet dispersal. |
tested these predictions with genetic data from an introduced population in Florida, and
assessed their significance with null models. Estimating resistance to dispersal with ecological
niche modeling produced results equivalent to evaluating a range of alternative hypotheses with
a stepwise regression model. The results indicate that monk parakeet may not be limited by

distance and most landscape features and are likely to expand to adjacent suitable areas.
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CHAPTER 1:
Null model approaches to quantifying the performance and significance of

ecological niche models

ABSTRACT
The growing importance of ecological niche models in ecology and evolutionary biology calls for
unbiased estimation of model performance and significance. Two of the most common
evaluation measures, the AUC and the omission error rate, require assumptions that are likely
to be violated in many situations. In such cases, null model approaches provide a powerful way
to estimate a relevant null distribution and correctly assess significance. | modified existing null
model tests and addressed this issue using occurrence data from the invasive monk parakeet
(Myiopsitta monachus) and the presence-background modeling technique Maxent. Specifically, |
tested the ability of 20 models built with different settings and sets of calibration records to
predict the same spatially independent set of evaluation records. | quantified model
performance with measures of discriminatory ability and overfitting based on AUC and omission
error rate. | estimated the null distributions of these measures for each experiment with null
models. Furthermore, for the omission error rate, | evaluated the agreement regarding statistical
significance between null models and the commonly used binomial test. As quantifications of
performance, measures of overfitting generally agreed with each other, but they provided
different information than the measure of discrimination. Conclusions based on null models did
not match those from binomial tests, which vastly overestimated significance. The results
indicate that null model tests of significance provide a suitable alternative to the binomial test,
which often may be very sensitive to Type | statistical error. More generally, they confirm the
importance of assessing model performance with a variety of measures that together assess

both overfitting and discriminatory ability, and of correctly assessing statistical significance.



INTRODUCTION

The proliferation of ecological niche modeling (ENM) papers and the wide range of modeling
techniques recently developed testify for a growing importance of ENM predictions in ecology
and evolutionary biology. Areas of application include potential introductions of invasive species,
response to climate change, estimation of past distributions, critical areas for endangered
species, and many others. This situation calls for unbiased, statistically sound, and easily
interpretable methods to evaluate ENM predictions. Note that | use ENM to refer collectively to
species distribution modeling and ENM, although these approaches are not strictly equivalent
(R. P. Anderson, 2012; Peterson et al., 2011, pp 271, 279). As with any statistical approach,
evaluation of ENMs requires choosing the right statistic for the right question, and calculating an
unbiased estimate of statistical significance. Rather than providing an exhaustive list of the
statistics available (see reviews in Peterson et al., 2011, pp 150-176 and Liu et al. 2011), |
discuss two of the most common measures: the area under the curve of the receiver operating
characteristic plot (AUC / ROC), and the false negative rate, or omission error rate (OR
henceforth). For these measures, | first discuss what aspect of model performance they
quantify. Then, | examine their random expectations and how their statistical significance can be
estimated. | argue that some estimates require assumptions that are likely to be violated in
many situations. | discuss null model alternatives to estimate relevant null distributions and
correctly assess significance. Finally, | present an empirical test case with monk parakeets
(Myiopsitta monachus) in order to: 1) compare model performance measured with discrimination
vs. overfitting criteria, and 2) evaluate the agreement between a modification of existing null
model tests of significance and the commonly used binomial test for the omission error rate.
Model performance: discriminatory ability vs. overfitting:

Different statistics measure different aspects of model performance, for example goodness-
of-fit, discriminatory ability, and overfitting (Lobo, Jiménez-Valverde, & Real, 2008; Peterson et

al., 2011, pp150-176; Warren & Seifert, 2011). Goodness-of-fit is a parametric evaluation of how



well the actual values of a model output match reality. Discriminatory ability refers to the ability
of a model to distinguish suitable from unsuitable areas and is assessed with rank-based non-
parametric approaches. Overfitting is the tendency of a model to describe the random error (or
any bias in the sample) rather than the true relationship between the calibration records and the
predictor variables. Hence, overfit models predict very well the calibration data but perform
poorly on other data sets. Therefore, it is desirable to maximize discriminatory ability and/or
goodness-of-fit while minimizing overfitting, with appropriate measures for each (Radosavljevic
& Anderson, in press).

AUC is typically considered as a measure of overall discriminatory ability (Peterson et al.,
2011, pp 169-176, but see (Jiménez-Valverde 2011). High AUC values indicate that presences
are predicted more strongly (i.e., ranked higher) than absences (or pseudo-absences, or
background points), across a range of all possible thresholds. In contrast, OR can measure
overfitting in the sense that high OR values indicate that many presences are incorrectly
classified as falling into unsuitable areas at a chosen threshold because the prediction is too
tightly fitted to the calibration conditions (Anderson et al. 2003). Specifically, ORs indicate
overfitting if the observed OR is higher than that expected theoretically for the given threshold
rule applied and for an unbiased sample (Radosavljevic & Anderson, in review). For example,
some model outputs provide direct theoretical expectations of omission rates (e.g., cumulative
output of Maxent; Phillips, Anderson, & Schapire, 2006) and many others allow empirical
calibration data to be used to set a threshold that holds an expected level of omission on
evaluation data (e.g., %-based calibration omission rules; Peterson et al., 2011, p 122).

Null Hypothesis and significance:

Once a measure of performance is calculated, it is important to assess the significance of the
obtained statistics correctly. Tests of significance cannot substitute for tests of performance,
since a significant model is not necessarily a “good” model. For instance, a given binary map

can achieve statistical significance even if it suffers unacceptably high omission, especially if it



predicts as suitable only a small proportion of the study region (Anderson et al. 2002; Peterson
et al. 2011, p 136). Nevertheless, no statistical inference can be made from measures of model
performance unless they are accompanied by an appropriate estimate of significance. The
prediction of any ENM forms a hypothesis of where the species is likely to be found (e.g.,
probability of occurrence or index of environmental suitability, depending on the assumptions,
system, data, and method). Hence, it must be measured against the null hypothesis that the
obtained prediction is no better than random predictions. Therefore, the random expectations
need to be defined correctly, and departure from them measured with an unbiased estimate.

Concerning AUC, the performance of a random prediction is represented by the y=x (true
positive rate = false positive rate) diagonal across the ROC plot, and thus an AUC value of 0.5
(Fawcett 2006). This expectation is valid for ENM predictions only with true presence/absence
data, although the underlying assumptions must be carefully considered (Peterson et al., 2011,
pp170-172, but see pp175-175 and Peterson, Papes, & Soberén, 2008). The common
interpretation is that a random prediction across varying thresholds should yield true positive
rates and false positive rates that are both equally proportional to the corresponding fractional
predicted areas. In other words, larger predictions include more presences and absences than
smaller predictions by chance alone.

With background or pseudo-absence records instead of true absences, it is still possible to
calculate an AUC, because with a large sample of background or pseudo-absence records the
false positive rate can be approximated with the fractional predicted area at any given threshold
(Anderson et al. 2003; Phillips et al. 2006; Peterson et al. 2008, 2011, p 171). The null
hypothesis for this type of data is not the same as with true absences. The expected AUC of 0.5
for a random prediction may be valid in some situations (Phillips et al. 2006). However, in most
cases, the null expectation will be biased towards lower or higher values, depending on the
system and choice of calibration, evaluation, and background or pseudo-absence data

(Peterson et al. 2011, p 171-172). Nevertheless, using the fractional predicted area as an



approximation of the false positive rate unequivocally assumes that for a random prediction, the
true positive rate is proportional to the fractional predicted area.

Departure from the random expectation of 0.5 is often judged arbitrarily using rules of thumb
(Peterson et al., 2011, p172; Swets, 1988), sometimes also accounting for the standard error of
AUC values obtained via partitioning of the calibration data. Although these generalities apply
only to true presence/absence data, they are often wrongly used with background, or pseudo-
absence data (e.g., Guisan et al. 2007; Hoffman et al. 2008; Beaumont et al. 2009; Reside et al.
2011). Alternatively, with any kind of comparison data (absences, pseudo-absences,
background), a p-value can also be estimated using bootstrap replicates of the calibration or
evaluation data (e.g., Peterson, Papes, & Soberdn, 2008), or with null model approaches (Raes
& ter Steege 2007; Beale et al. 2008).

For the OR, the theoretical random expectation (not to be confused with the theoretical
expectation for an unbiased sample, as discussed earlier) is the inverse of the fractional
predicted area corresponding to the threshold chosen (i.e.: if 60% of the area is predicted as
suitable, then the OR for a random sample should be 40%). Hence, departure from this
expectation can be assessed with the p-value obtained with a binomial test (or a chi-square
approximation) where the probability of predicting a presence is equal to the fractional predicted
area (Anderson, 2002; Peterson et al., 2011, p168).

Limitations of spatial null hypotheses:

For OR, AUC with background or pseudo-absence data, and in some cases AUC with true
absence data, the null hypothesis is established using a purely spatial criterion to define
randomness. The proportion of records predicted as suitable in a random sample is expected to
be equal to the number of pixels predicted as suitable out of the total number of pixels available
in the study region. This assumption is often not reasonable because it does not account for
structure in the variation of environmental condition across the study region. This potential

structure may cause the model prediction error (i.e., the range and probability of values



obtainable by chance alone) to vary considerably across the pixels of the study region. Some
pixels may be more susceptible than others to either type | or type Il statistical errors (i.e.,
rejecting a true null hypothesis or retaining a false one). There is no reason to assume that the
model error is always uniformly (or randomly) distributed spatially, in other words that all the
pixels of the study region have the same probability of being either over- or under-predicted
(Pontius & Schneider 2001; Lobo et al. 2008). An appropriate null hypothesis should take into
account the environmental structure present across the study region (homogeneity, spatial
autocorrelation, etc.). Therefore, the null distribution of any test of ENM performance is specific
to the species, sample size, region of interest, and modeling technique chosen. One way to
work around this problem would be to perform the evaluation in environmental space (see
Peterson et al., 2011, pp 155-156, 176-178): the fraction of predicted area could be measured in
environmental rather than geographic space. However, this approach would imply accounting
for the uneven representation of environmental space in geography. It would also require
measuring correctly the multivariate environmental space (e.g. with principal components
analysis or Mahalanobis distance) using environmental variables that can be highly correlated,
categorical, or not normally distributed.

Null models assessment of significance:

Another alternative is to estimate the unknown null distribution of the desired statistic using
null models. This approach consists of using replicated models with random sets of input
records instead of the real species presences (Raes & ter Steege 2007; Beale et al. 2008). The
number of input records, the model settings, and the comparison data (absence, pseudo-
absence, or background records) used for each replicate run are exactly the same as the real
model. The only difference is that each replicate is based on a different set of random
calibration records sampled from the same region as the comparison data. In Raes & ter Steege
(2007), the random records were sampled purely randomly across space. Instead, Beale et al.

(2008) imposed a sampling method intended to preserve the same degree of spatial



autocorrelation as the real species occurrences. In either case, to assess significance the test
statistic obtained with the real model can then be compared to the null distribution of values
derived from models made with random calibration records. The advantage of these
approaches is that the null models are subject to the same confounding and latent variables as
the real model. Therefore, these approaches provide a powerful way to distinguish the true
signal of the species’ niche from the error associated with the spatial structure of environmental
variables across the study region, the degree of spatial autocorrelation of the species’
distribution (in the Beale et al. method), and modeling choices (comparison records, algorithm,
model settings, etc.). Despite their advantages, these approaches are rarely used in the current
literature, and there is little assessment of how they perform against other approaches or across
different measures of performance such as discrimination and overfitting.

Objectives:

Here, | examine how different measures of discriminatory ability and overfitting perform
across a range of experiments, and evaluate the agreement between a null model approach
assessment of significance and the commonly used binomial test for the omission error rate. |
performed these comparisons using presence data from the invasive monk parakeet (Myiopsitta
monachus) and the presence-background modeling technique Maxent (Phillips et al. 2006;
Phillips & Dudik 2008; Elith et al. 2011). | calculated significance using modifications of existing
null model approaches (Raes & ter Steege 2007; Beale et al. 2008). Contrary to earlier
methods, | measured the performance of the random models with the same independent
evaluation data as the real model. This approach offers the advantage of creating a null
distribution of obtainable performance for the particular set of real species records chosen for

evaluation, rather than for just any set of random records.



METHODS

Species data:

| gathered 2997 occurrence records of the morphologically distinctive monk parakeet from
various sources (GBIF, and Species Link databases, records from the primary literature, and
personal observations). This parakeet is native to temperate South America and has
established several stable and well documented populations worldwide (Mufioz & Real 2006;
Pruett-Jones et al. 2011). | ignored records for the sub-species M. monachus luchsi because it
is not found in introduced populations, and is geographically, genetically, and behaviorally
distinct form the other sub-species (Russello et al. 2008). | filtered these records in both
geographic and environmental space to exclude outliers unlikely to be part of well-established
monk parakeet populations. First, environmental outliers were identified based on their distance
from the multivariate arithmetic mean, using the Mahalanobis distance, and with a 1% alpha
level (Rousseeuw & van Zomeren 1990; Farber & Kadmon 2003; Calenge et al. 2008). Second,
geographic outliers were identified based on the criterion that any presence must be part of an
existing population and thus potentially connected to other presences via dispersal (Waples &
Gaggiotti, 2006). | considered 106 km as the best estimate of dispersal capabilities for this
species because it is the maximum reported dispersal distance from population genetic
analyses (Gongalves da Silva et al. 2010), and because it corresponds almost exactly to the
cutoff of the 1% upper tail of the distribution of the log of nearest-neighbor distances between
the records in this study. Outliers identified with these methods were excluded from the
subsequent analyses unless they were well documented in the primary literature. In addition, to
reduce the degree of spatial-autocorrelation (that likely derives at least in part from biases in
sampling effort) and match the resolution of the environmental data, | kept only one record per
~10 km? raster cell.

| assigned the resulting 797 records to different native and introduced “populations”

worldwide. For the native range, | used the limit of the known distribution (Forshaw & Cooper



1989; Ridgely et al. 2007). For the invaded regions | used the aforementioned criterion that
occurrences from the same population must be potentially connected via dispersal. | selected
four of these populations as calibration sets to create the different models: the native population
in Argentina and adjacent countries (AR, n = 121), and the three largest introduced populations
(Spain, ES, n = 114; the wider New York City metropolitan area, NY, n = 96; and the southern
part of Florida, FL, n = 119). The 347 remaining records, including the populations in lllinois,
Texas, Louisiana, Puerto Rico, the northern part of Florida, and a number of smaller populations
in the rest of the world, were reserved as a spatially independent evaluation set. | opted for
spatially independent evaluation because it offers a more realistic test of performance than
randomly selected evaluation records; the latter, being more sensitive to environmental spatial
autocorrelation, typically result in inflated estimates (Veloz 2009; Hijmans 2012; Radosavljevic &
Anderson, in review).

Environmental data:

There is evidence showing that monk parakeet presence is influenced by a combination of
climatic and anthropogenic factors, in particular those related to winter survival (Weathers &
Caccamise 1975; Caccamise & Weathers 1977; Tamara & Arnheim 1996; South & Pruett-Jones
2000; Butler 2005; Mufioz & Real 2006; Strubbe & Matthysen 2009). Furthermore, monk
parakeets seem to prefer open areas rather than dense forest, and favor cultivated lands
(Forshaw & Cooper 1989; Burger & Gochfeld 2005). Consequently, | considered a combination
of 24 climatic, anthropogenic, and land cover predictors at 5 arc-minutes resolution. These
include the 19 Worldclim bioclimatic variables (Hijmans, Cameron, Parra, Jones, & Jarvis,
2005); three land cover variables from the Harmonized World Soil Database: percent forested
land, percent grass/scrub land, and percent cultivated land (Fischer et al., 2008); and two
anthropogenic predictors: the human population count (Gridded Population of the World,
Version 3, 2005), and the Global Human Influence Index (Last of the Wild Project, Version 2,

2005; Sanderson et al., 2002).



ENM methods and experimental design:

As an example, | chose the algorithm Maxent (Phillips et al. 2006; Phillips & Dudik 2008;
Elith et al. 2011), which has been shown highly effective yet susceptible to differences in
modeling settings (Elith et al. 2006, 2010; Warren & Seifert 2011; Anderson & Gonzalez 2011;
Syfert et al. 2013; Cao et al. 2013). | created sets of models for each of the calibration
populations independently (AR, ES, NY, FL) and a set for all the calibration records pooled
together (ARESNYFL). In each case, | constructed different models by varying the types of
feature classes (Linear, Quadratic, Product, Threshold, and Hinge) and the value of the
regularization multiplier (RM) used in Maxent. Feature classes determine the flexibility of the
shape of the response that can be modeled. Regularization multipliers control the strength of
penalties for increasingly complex models. At one end of the spectrum, | considered settings
that should lead to simple models, made using linear and quadratic features and a RM of 3 (LQ-
3). At the other extreme, | utilized all feature classes and a RM of 0.5 (LQPTH-0.5), which
should produce complex models.

| also examined intermediate settings optimized independently for each of the calibration sets
(an approach also termed “tuning” or “smoothing”; Anderson & Gonzalez 2011). For this, |
considered two alternative methods: 1) internal optimization, where the evaluation was
performed within the same region as the calibration records, using a 10-fold random split cross-
validation procedure (Peterson et al., 2011, pp 157-159), and 2) external optimization, where
the evaluation was performed with spatially independent data, using in turn each of the
calibration populations to build the models and the other three to test them. In both cases, |
examined 42 different model settings with the following combinations of Linear, Quadratic,
Product, Threshold, and Hinge features: LQ, LQH, LQP, LQT, LQPH, LQPT, and LQPTH; and
the following RM values: 0.5, 1, 1.5, 2, 2.5, and 3. The optimal settings were selected using the

evaluation statistics described in the next section.
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In summary, | performed a total of 20 experiments: 4 models with different settings (simple,
complex, internally optimized, and externally optimized) for each of the 5 sets of calibration
records. Except for varying the value of the regularization multiplier (RM) and the type of
features used, | used the default settings of Maxent, version 3.3.3k. The background data for
each model corresponded to all the pixels within a 106 km of the input calibration records
(VanDerWal et al. 2009). This distance is the maximum reported dispersal distance for monk
parakeet (Gongalves da Silva et al. 2010b) and is thus of good indication of the potential
accessible area for this species (Anderson & Raza 2010; Barve et al. 2011).

Model evaluation: discrimination, overfitting, and significance:

| assessed the ability of models to predict the 347 records of the evaluation set. To allow
direct comparison of the evaluation statistics across the different experiments, | calculated the
values over the same background area corresponding to a 106km distance buffer around all the
filtered occurrence records (i.e. both calibration and evaluation records). | also tried considering
the buffered region around only the 347 records of the evaluation set, but this method made it
impossible to calculate meaningful AUCprr (see below) and resulted in only marginal
differences in pattern for the other statistics (not shown).

| quantified model performance with measures of discriminatory ability and overfitting. For
discriminatory ability, | considered the AUC applied to the evaluation data (AUC+est; Phillips et
al., 2006) because, despite its criticisms, it remains valid for comparisons of the same species in
the same study region (Lobo et al. 2008; Peterson et al. 2011). | measured overfitting with the
omission error rate of the evaluation data (OR) using a 10 percentile calibration presence fixed
threshold. This thresholding rule should theoretically give an OR of 10% with an unbiased
sample (Liu et al. 2005). Conversely, models that are too tightly fitted to the calibration data
should select for a restrictive threshold and yield a high OR with independent evaluation data. |
also considered a threshold-independent measure of overfitting: AUCp ¢ , the difference
between the AUCs calculated with model input records (AUC+ran) and evaluation records

11



(AUC+est) (Warren & Seifert, 2011). Overfit models should yield high AUCran values and low
AUCgst values, and conversely, models with good independent predictive ability should result
in comparable values of both, and thus a low AUCpr. For simplicity, | considered the absolute
value of this difference since | obtained a few negative, albeit small, values of AUCper.

| used null models to determine if the obtained values of these statistics were significantly
better than random predictions. My approach is similar to those described in the introduction
(Raes & ter Steege 2007; Beale et al. 2008). As in Raes & ter Steege (2007), | sampled the null
model input records randomly across space. | preferred this approach to that of Beale et al.
(2008) because null models created with records with the same spatial characteristics as the
real species may be more likely to predict the species’ distribution than null models built with
records taken randomly across space (Peterson et al. 2009; Thomas 2010). Consequently, the
Beale et al. method may make it more difficult to reach significance (i.e., more susceptible to
type Il statistical error), as indicated in later studies (Araujo et al. 2009; Peterson et al. 2009;
Thomas 2010; but see Beale et al., 2009). However, unlike both of these studies, | measured
the performance of the random models with the same independent evaluation data as the real
model. For each combination of Maxent settings and set of calibration records considered in my
analyses, | ran one model based on the real species data, and 1,000 corresponding replicate
models based on random records to create null distributions of OR, AUCp s, and AUC+gst
values. | calculated the p-value of the obtained statistics using a parametric one-tailed Z-test
and a non-parametric approach based on the rank of the value obtained for real species data
compared with the corresponding null values. For comparison, | also calculated p-values for OR
using a binomial test (Anderson, 2002; Peterson et al., 2011, p168). These analyses were all
performed in R (R Core Team 2012) and can be replicated with the script included in the

Appendix A.
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Comparison analyses:

| determined how the conclusions regarding model performance and significance changed
depending on the evaluation statistics used and the way significance was assessed using three
sets of pairwise comparisons: 1) all possible comparisons between the three measures of
performance (AUC+est, AUCprr, and OR); 2) all possible comparisons between the p-values
calculated with null models (p_ AUC+est, p_AUCprr, and p_OR); and 3) the comparison
between the p-values for OR calculated with the null model approach vs. the binomial approach
(p_OR vs. p_binomial). | performed these comparisons using the values obtained for each
statistic across the 20 experiments.

For each set of comparisons, | first calculated the Spearman’s rank correlation coefficient. |
expected a high positive correlation between AUCprr and OR since they should in theory both
describe overfitting. Conversely, | did not expect AUC+est to be correlated either AUCp s or OR,
since it should measure a different aspect of model performance. | expected the same trend for
the p-values: a high correlation between p_AUCp and p_OR, and no correlation between
p_AUC+est and the overfitting measures. | also expected a high correlation between p_OR and
p_binomial since they both measure significance for the same performance measure.

Then, for the comparison involving p-values, | determined whether the decision regarding the
null hypothesis was concordant across the different measures of performance. Specifically, |
calculated the percentage of experiments for which the pair of measures compared led to the
same conclusion regarding the null hypothesis (i.e. either both rejecting, or both retaining the
null). As with the correlations, | expected a high agreement between p_ AUCprr, and p_OR and
a low agreement between p_AUC+est and either of the former two measures. | also expected a
high agreement between p_OR and p_binomial. In addition, | performed y? tests of
independence (with Yate’s correction for continuity) to assess if the decision regarding the null

was independent of the measures of performance used. A significant y? test would indicate that
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the measures compared do not lead to the same conclusion regarding the null. Thus, | expected
significant y? tests between p_AUC+est and the p-values of the overfitting measures, but not
between p_AUCprr, and p_OR, or between p_OR and p_binomial.

In order to decide whether to retain or reject the null for each experiment, | used an alpha
level of 0.05 and considered two scenarios: a) an analysis of the statistical conclusions that
would be reached independently for each experiment; b) the statistical conclusion for the 20
experiments analyzed together. The second scenario implies accounting for the inflated risk of
Type | error due to the evaluation of 20 different null hypotheses. Thus, | used an unmodified
alpha level of 5% for the first scenario, and Holm’s (1979) sequential Bonferroni correction for
the second scenario.

RESULTS
Discrimination vs. overfitting, correlations:

As expected, | found that AUCprr and OR presented very similar trends (Figure 1.1 & Table
1.1) and were highly correlated (rho = 0.90). In contrast, AUCgst displayed a markedly different
trend than the measures of overfitting (Figure 1.1 & Table 1.1), and was only moderately
correlated with AUCper (rho = - 0.60) and OR (rho = -0.45). This pattern was the same for the
corresponding p-values calculated with the null model approach (Figure 1.1 & Table 1.1), with a
high correlation between p_ AUCprr and p_OR and moderate correlations between p_ AUCrest
and both p_ AUCprr and p_OR (Table 1.2). Note that | only report the p-values calculated with
the Z-test because in most cases the null values were approximately normally distributed and
the non-parametric approach resulted in almost identical p-values (not shown).

Discrimination vs. overfitting, agreement regarding the null:

Similarly, the agreement regarding the null hypothesis was very high between p_ AUCprr and

p_OR, and poor between either of those measures and p_AUCrest (Table 1.2). The 4 tests

confirm that p_AUC+est led to significantly different conclusions regarding the null than AUCp ¢
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and OR (Table 1.2). In contrast, the null hypothesis that p_ AUCprr and p_OR led to the same
conclusions could not be rejected (Table 1.2). These conclusions were the same regardless of
whether correction for multiple tests was applied to the alpha level or not. In general, the p-
values were very low for p_ AUC+est (high significance) and very high for p_ AUCprr and p_OR
(poor significance), with little correspondence to the actual values obtained for AUC+gsr,
AUCoprr, and OR (Figure 1.1 & Table 1.1). Unlike p_AUC+est, p_AUCpirr and p_OR rarely led to
rejecting the null hypothesis (Figure 1.2).

Null models vs. binomial test:

Finally, for OR, conclusions based on randomization approaches did not match those from
binomial tests. The OR p-values calculated using a binomial test were consistently low and
almost always led to rejecting the null (Figure 1.2). Despite a moderate correlation to the values
obtained with the null model approach (Table 1.2), these two methods led to very different
conclusions (Figure 1.1, Table 1.1 & 1.2). The agreement between p_OR and p_binomial was
very low and the y? tests confirmed that the binomial test and null models led to significantly
different conclusions regarding the null hypothesis (Table 1.2).

DISCUSSION
Discriminatory ability vs. overfitting:

The results confirm that despite their different nature (one is threshold-independent but not
the other), AUCprr and OR (with a 10% of calibration presences threshold) measure overfitting.
These statistics were indeed highly correalted (both the actual values, and their corresponding
p-values), and almost systematically led to the same conclusion regarding the null hypothesis.
Conversely, there was only a moderate relationship between performances in overfitting and
discriminatory ability, with little agreement concerning the decision to retain or reject the null
hypothesis. In fact, the p-values were generally very low for AUCgst, and very high for AUCper
and OR. AUC+est may therefore be more susceptible to Type | error (rejecting the null when the

null is true) while AUCprr and OR may be more subject to Type |l error (retaining the null when
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the null is false). Consequently, while it may be sufficient to consider only one statistic to assess
overfitting, model performance should always be assessed with both discriminatory ability and
overfitting criteria.

Performance vs. significance:

The results confirm that it is misleading to rely on the value of a statistic without comparison
with a relevant null hypothesis. Models with poor discriminatory and overfitting performance
were generally not significant. However, many models with apparently good performance were
not significant either. In such cases, significance may have been reached had more statistical
power been available. However, as in Merckx et al. (2011; observations made with AUC
values), for several experiments the null distributions were shifted towards higher performance
values (high values of AUCtest and low values of AUCp s and OR). This observation indicates
that depending on the system and modeling choices, high performance can be routinely
obtained by chance alone. Therefore, inferences made from performance values without careful
examination of an appropriate null hypothesis may lead to biased or incomplete conclusions.
For instance, the values of the overfitting measures support the notion that simpler model
settings provide more extrapolative ability (Jiménez-Valverde et al. 2008; Rodda et al. 2011;
Heinanen et al. 2012). This conclusion would however be incomplete because the
corresponding p-values of these statistics were very high (close to 1). In many cases simpler
model settings led to generally larger prediction, regardless of whether real or random data are
used to train the models. Such a situation makes it very difficult to achieve enough statistical
power to reject the null. Thus, while simpler model settings may provide better transferability, a
greater number of test records are necessary to reach that conclusion with enough statistical
confidence.

Furthermore, the relationship between significance and performance is not straightforward:
some values of overfitting and discriminatory ability allowed the rejection of the null hypothesis

for some experiments but not others. This observation should encourage circumspection when
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comparing the performance of different predictions, even within the same species. Moreover,
the results confirm that rules of thumb to interpret the AUC values (Swets 1988) are not
appropriate for using AUC with presence/background or presence/pseudo-absence data, and
that departure from the theoretical expectation of 0.5 does not indicate significance with such
data (Peterson et al., 2011, pp171-172). Unfortunately, these points are still often
misunderstood in the literature. The random expectation of 0.5 may often lead to misleading
results even with true presence/absence data. The assumptions on which they rest are probably
not met in many situations. In such cases, null models applied to presence/absence data will
likely reveal significant departure from these expectations. Therefore, | advocate that
researchers systematically include appropriate tests of statistical significance along with
measures of model performance.

Null models vs. binomial test:

The fact that null models can produce relatively high performance values of implies that the
predictive performance may be affected by factors independent of the species distribution.
Therefore, tests of statistical significance that do not control for these potential confounding
factors may lead to misleading results. The binomial test for OR may be particularly affected by
this problem. This test rests on the assumption that the pixels of the study region are
independent observations. This assumption is probably violated in many situations because of
existing structure in the variation of environmental condition across the study region. Here, this
method consistently produced extremely low p-values, even when the null model approach
yielded non-significant values. This test thus probably results in high rates of Type | error
(rejecting the null when the null is true). Other methods based on bootstrap replicates of the
calibration or evaluation data (e.g., Peterson, Papes, & Soberdn, 2008) may be equally
susceptible to this problem since they account for error inherent to the evaluation and/or
calibration data but not for sources of error associated with modeling choices (number and
nature of predictor variables, spatial structure and autocorrelation of these variables, size and
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shape of background area, model algorithm and settings). Null model approaches provide a
more robust alternative, since the models based on random occurrences are subjected to the
same potential confounds as the real model. These methods are thus appropriate tests to
assess if the species’ environmental response is reliably different from the background noise or
latent patterns independent of the species distribution, except admittedly for issues of sampling
bias (Raes & ter Steege 2007; Merckx et al. 2011).

As indicated earlier, my approach for evaluating the null models is different than earlier
methods (Raes & ter Steege 2007; Beale et al. 2008). Those studies compared the
performance of models calibrated and evaluated with real species data to the performance of
null models calibrated and evaluated with null data. This approach is thus somewhat flawed
becaused it compares statistics calculated with different sets of records. Instead, | measured the
performance of all models (real and null) with the same spatially independent evaluation
records. The null distributions thus created are therefore an indication of the degree of
discriminatory ability and overfitting that can be obtained by chance for the particular set of real
species records chosen for evaluation, rather than for just any set of random points.
Furthermore, Raes & ter Steege advocated not using independent evaluation data at all and
instead comparing the AUCran (ability to discriminate the input records) of the random models
to that of the real model. Their method may favor unrealisticaly complex model settings since
performance is measured on the same records used to create the models.

Conclusion:

This study offers a compelling case that overfitting and discriminatory ability account for
different aspects of model performance, that high performance does not imply high significance,
and that different methods to estimate significance can lead to very different results. These
results might only apply to monk parakeets, the study regions and environmental predictors
selected here, the specific thresholding rule used for OR, and a task which involves making

predictions in a different region than where the models were trained. Despite these conservative
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conclusions, the results highlight the need to measure model performance with both overfitting
and discriminatory ability criteria, and to correctly assess statistical significance. | recommend
being particularly critical of p-values calculated with the binomial test, which is probably very
sensitive to Type | error. Instead, | encourage researchers to consider null model tests of
significance such as the one used in this study. These tests are more appropriate because they
contrast the species’ signal with the background noise resulting from factors associated with

modeling decisions and the structure of environmental condition in the study region.

19



0c

Table 1.1: Performance and significance of 20 experiments with different calibration records and model settings. The values of the
evaluation statistics (AUCtest, AUCpirr, and OR with a fixed threshold of 10% of calibration presences) are presented along with their
corresponding p-values estimated from 1000 replicate null-models (p_AUC+est, p_AUCprr, and p_OR). The p_binomial column
shows the p-values calculated using a binomial test for OR. Significant p-values with a 5% decision rule are bolded; those that
remain significant after accounting for multiple comparisons with Holm’s sequential Bonferroni correction are flagged with asterisks.

Population
ARESNYFL

ARESNYFL
ARESNYFL
ARESNYFL

AR

AR

AR

AR

ES

ES

ES

ES

FL

FL

FL

FL

NY

NY

NY

NY

Settings
Most specific

Optimal Internal
Optimal External
Most general
Most specific
Optimal Internal
Optimal External
Most general
Most specific
Optimal Internal
Optimal External
Most general
Most specific
Optimal Internal
Optimal External
Most general
Most specific
Optimal Internal
Optimal External
Most general

Features-RM AU CTEST P AU CTEST AUCD":F
LQPTH-0.5 0.8101 0.0001* 0.1343
LQPH-0.5 0.7617 0.0050* 0.1657
LQPH-1.5 0.7836 0.0064* 0.1265
LQ-3 0.8393 0.0210* 0.0140
LQPTH-0.5 0.7479 0.0020* 0.1203
LQPT-1 0.8038 0.0018* 0.0845
LQP-1.5 0.7922 0.0065* 0.0450
LQ-3 0.7705 0.0504 0.0555
LQPTH-0.5 0.7314 0.0361 0.2595
LQPH-1.5 0.7252 0.0322* 0.1943
LQP-2.5 0.7447 0.0154* 0.0241
LQ-3 0.7522 0.0370 0.0476
LQPTH-0.5 0.7440 0.0381 0.2420
LQPH-1.5 0.8002 0.0145* 0.1796
LQT-0.5 0.7669 0.0037* 0.2211
LQ-3 0.7175 0.0719 0.2385
LQPTH-0.5 0.7024 0.0723 0.2867
LQPH-0.5 0.8054 0.0140* 0.1852
LQP-0.5 0.7535 0.0178* 0.0950
LQ-3 0.7170 0.1072 0.2647

p_AUCpir

0.1233
0.4519
0.3604
0.0896
0.0394
0.0572
0.0987
0.1293
0.3503
0.3412
0.0788
0.0857
0.4595
0.4367
0.5365
0.7325
0.4304
0.2660
0.1955
0.6166

OR
0.3170
0.3516
0.2853
0.1095
0.3026
0.2882
0.1556
0.1210
0.9798
0.7291
0.1758
0.2709
0.9885
0.9366
0.9827
0.8386
0.9107
0.8127
0.3948
0.8357

p_OR P_binomial
0.1184 0.0000*
0.3539 0.0000*
0.3011 0.0000*
0.2302 0.0000*
0.0142 0.0000*
0.0436 0.0000*
0.0500 0.0000*
0.1439 0.0000*
0.8864 0.7915
0.7347 0.0000*
0.0888 0.0000*
0.2966 0.0000*
0.9194 0.9892
0.9766 0.0464
0.9858 0.8482
0.9892 0.0004*
0.8179 0.0000*
0.7192 0.0000*
0.2827 0.0000*
0.9106 0.0000*
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Table 1.2: Comparisons between the significance of various measures of performance. First, all possible comparisons are made
between pairs of p-values obtained with the null-model approach for each measure of performance (p_AUC+est, p_AUCpr, and
p_OR). Then, the p-value calculated using a binomial test for OR (p_binomial) is compared to the one obtained with the null-model
approach (p_OR). The columns show the Spearman’s rank correlation coefficient, the percentage of agreement regarding the null
hypothesis with and without correction for multiple tests, and the p-value of % tests of independence (indicating the probability that
the measures compared lead to the same conclusion regarding the null), again with and without correction for the 20 tests.
Correlations and ? tests of independence that are significant are indicated in bold. Note that measures of overfitting generally agree
with each other, but provide different information than the measure of discrimination. Additionally, note that for OR conclusions based
on randomization approaches do not match those from binomial tests.

% Agreement x2 test p-value
Comparison Spearman a = .05, HoIm'_s o =.05, HoIm'_s
rho uncorrected | correction | uncorrected | correction
p_AUCtest vs. p_ AUCpre 0.4060 25% 35% 0.0000 0.0033
p_AUCtest vs. p_ OR 0.4860 30% 35% 0.0000 0.0033
p_AUCprr vs. p_OR 0.9110 95% 100% 0.3959 1.0000
p_binomial vs. p OR 0.7110 25% 20% 0.0000 0.0000
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Figure 1.1: Model performance and significance as a function of model settings and calibration population. Darker shades of gray
indicate higher performance. The top three graphs show the actual values of the evaluation statistics, while the bottom three show
their corresponding p-values obtained with the null model approach. For each graph, the rows show the different calibration
populations, and the columns represent the type of model settings, in order of decreasing complexity. Optimal Internal and Optimal
External refer to the settings optimized for each population (see Methods for details). Significant p-values at the uncorrected 5% level
are indicated with one asterisk, those that remain significant after Holm’s sequential Bonferroni correction are flagged with two
asterisks. The p-values calculated with the binomial approach for OR (not shown here) were all significant except for the cases
indicated with “ns” in the bottom right graph (although the one for the FL records with optimal internal settings was significant without
correction for multiple tests).
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Figure 1.2: Percent of experiments that lead to the rejection of the null hypothesis for each measure of significance with an alpha
level of 5%, using either no correction for multiple tests, or Holm’s sequential Bonferroni correction.
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CHAPTER 2:
Transferability of ecological niche modeling predictions:

a test using global monk parakeet invasions

ABSTRACT
Obtaining predictions of species potential distributions that can be accurately projected across
space and time is a major challenge in the field of ecological niche modeling. Invasive species
provide a unique opportunity to address this problem because they occupy areas subjected to
unique combinations of biotic, abiotic, and historical conditions which can be used a natural
experiments to test the transferability of ecological niche model predictions. | examined the
issue of transferability with the monk parakeet (Myiopsitta monachus), a species originally
native to temperate South America that has established several stable populations worldwide,
and the presence-background modeling technique Maxent. | examined the effect of the choice
of calibration records (native vs. introduced, vs. both combined) and settings of Maxent on
transferability. Specifically, | tested the ability of 20 models built with different settings and sets
of calibration records to predict the same spatially independent set of evaluation records. |
quantified model performance with measures of discriminatory ability and overfitting, and
estimated significance using null models. Finally, | examined the implications of these analyses
for the worldwide invasive potential of the monk parakeet. The results show that for this species,
the best strategy to create reliable transferable predictions is to model the niche of the species
from the pattern of occurrences in the native range using complex model settings. In contrast to
previous studies, models using both native and introduced records provided good discriminatory
ability but did not perform better than null models for the measures of overfitting. Simple model
settings also resulted in apparently good transferability, but the predictions were not significantly
better than models based on random geographic records. The only model performing better

than random models across all performance criteria revealed several areas at risk of new monk



parakeet introductions, and indicated that most of the currently well established populations are
likely to expand to surrounding areas.
INTRODUCTION

Increasing human mobility and international trade are responsible for unprecedented rates
of species introductions worldwide (Jenkins, 1996; Peterson, 2003). Although few species
establish self-sustaining populations (Munoz and Real, 2006; Peterson, 2003), invasive species
pose major threats to habitat stability, biodiversity, ecosystem functioning, resource availability,
and public health (Ricciardi et al. 2000; Russello et al. 2008; Peterson et al. 2011).
Consequently, preventing future introductions and managing existing invasive populations have
become major concerns in disciplines as diverse as conservation biology, agriculture,
transportation, economics, and epidemiology (Peterson, 2003; Ricciardi et al., 2000). A key
element to achieve these goals is the ability to develop accurate predictions of potential
invasions. The predominant approaches to creating such predictions are ecological niche and/or
species distribution modeling techniques (ENM / SDM; Anderson 2012; Peterson et al. 2011).
These approaches are based on the concept that the distribution of a species is constrained by
a set of ecological conditions (i.e. its niche), and therefore a species will only be able to invade
geographical areas that match these conditions. ENM estimates the set of environmental
conditions that constitute the niche of a species from the pattern of occurrence within the
species’ current distribution. The model can then be projected to other geographic regions to
identify areas where the species is currently absent but could potentially exist (Peterson, 2003).

There is however considerable debate over the “transferability” of such predictions
(Peterson et al. 2007; Duncan et al. 2009; Varela et al. 2009; Mandle et al. 2010; Rodda et al.
2011; Pagel & Schurr 2012). How accurate are predictions created with information from one
area and projected to another region with substantially different biotic and abiotic conditions?
What is the best modeling strategy to arrive at reliable predictions? These considerations are

equally relevant to predictions across space as to predictions across time (Duncan et al. 2009).
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Therefore, transferability is perhaps one of the most important challenges in the ENM field
because of its implications for biological invasions and climate change studies.

Invasive species provide a unique opportunity to address this problem because they occupy
areas subjected to different ranges of environmental, biotic, and historical conditions. Hence,
invaded regions can be used has a natural experiments with pseudo-manipulation of the native
conditions to test hypotheses about model transferability. In fact, these natural experiments
across space are necessary tests of how well models might transfer across time for climate
change studies.

The monk parakeet (Myiopsitta monachus), native to temperate South America, is an ideal
candidate for this approach because it has already established stable and growing populations
around the world (Figure 2.1; Mufioz & Real 2006; Pruett-Jones et al. 2011) and shares many of
the typical traits of high-risk invaders: high propagule pressure, long distance dispersal
capabilities, tolerance to a wide range of environmental conditions, and tendency to prosper in
human-dominated environments (Russello et al. 2008; Strubbe & Matthysen 2009; Gongalves
da Silva et al. 2010b). Monk parakeets also cause significant economic losses through their
habit of nesting on electrical infrastructure, and they are a serious agricultural pest in their native
range (Russello et al. 2008; Gongalves da Silva et al. 2010b). Finally, most introduced
populations are the result of multiple independent introductions via the pet trade over the period
of several decades (i.e., high propagule pressure) and have not suffered from loss of genetic
diversity (Doménech et al. 2003; Russello et al. 2008; Gongalves da Silva et al. 2010b).
Therefore, it is unlikely that introduced populations have undergone rapid evolutionary change
and | can reasonably assume that the ecological niche of this species is conserved from native
to introduced regions.

Here, | investigate the effect of two modeling decisions that can impact transferability: the
choice of calibration records (native vs. introduced, vs. both combined); and the choice of model

settings. | address these issues from both conceptual and methodological standpoints and test
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the predictions with global monk parakeet presence data and the presence-background
modeling technique Maxent (Phillips et al. 2006; Phillips & Dudik 2008; Elith et al. 2011). Finally,
| examined the implications of these analyses for the worldwide invasive potential of monk
parakeets.

Choice of calibration records:

Although a few studies of introduced species have opted for creating models based on data
from invaded areas (e.g., Fitzpatrick, Weltzin, Sanders, & Dunn, 2007), most models have been
calibrated using information from the native range and then projected onto remote regions.
Existing introductions were then used to validate these predictions. The rationale for this
approach is that species distributions are more likely to be at equilibrium with their abiotic
environments in their native ranges than in recently invaded regions (Peterson et al. 2011, p
217). This rationale is questionable, because non-equilibrium dynamics are common in ecology,
especially considering the current rate and intensity of human disturbances (Pagel & Schurr
2012). For example, the current monk parakeet native distribution is the result of a relatively
recent (~ 100 years) population expansion facilitated by large-scale plantation of Eucalyptus
(Gibson 1920; Forshaw & Cooper 1989; Navarro et al. 1992). Nonetheless, species have had
more opportunities to sample their environment in their native ranges than in introduced areas.
Hence, the portion of the environmental space occupied by species in invaded areas is often
largely constrained compared to what is observed in native ranges (Strubbe et al. 2013). Data
from native ranges are thus more likely to be representative of species’ niches than data from
invaded regions.

Nevertheless, good model transferability is not guaranteed even when the equilibrium
assumption is met (as in Varela et al. 2009, with prediction across time). Different regions, or
time periods, present unique combinations of biotic and abiotic conditions, as well as unique
historical and landscape limitations to movement and dispersal, which all impact the ability of a

species to occupy the full extent of its fundamental ecological niche (Pulliam 2000; Soberon &
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Peterson 2005; Soberdon & Nakamura 2009; Peterson et al. 2011). However, models based on
the pattern of presence (or presence/absence) of a species can only model the portion of the
niche that is occupied rather than the complete fundamental niche. Given that species may not
occupy the same portion of their ecological niche in different regions, models based on
occurrences from one region will only have a limited ability to predict occurrences in other
regions (or time periods). Several studies have indeed shown evidence of differences in
occupied environmental space between native and introduced areas, and hence poor ability to
predict invaded ranges from the pattern of native occurrences (Broennimann et al. 2007,
Beaumont et al. 2009; Rédder & Lotters 2010).

Given that the portion of the niche occupied in recently invaded areas is often largely
constrained compared to the native range (Strubbe et al. 2013), models based on native
occurrences should depict a wider portion of the fundamental niche than models based on
invaded areas. Nevertheless, introduced records are still representative of the fundamental
niche of the species (provided they are not from transient or sink populations). Therefore a
model using all the records available in the native and introduced ranges should model a wider
portion of the fundamental niche. Consequently, several researchers have argued, and in some

cases demonstrated, that the best strategy to predict potential invasions is to incorporate

information from both native and introduced ranges (Broennimann & Guisan 2008; Beaumont et

al. 2009; Heikkinen et al. 2012; Gallien et al. 2012).
Based on these considerations, | make the following predictions:
(i) — Models based on native occurrences should provide better overall transferable
predictions than models based on records in invaded areas.
(ii) — Models incorporating all available occurrence records (both native and introduced)
should provide better transferable predictions than models using records from

individual restricted geographic regions (in either native or introduced ranges).

28



This study tests these predictions by comparing the performance of models built using data
from different native and introduced populations of the monk parakeet.
Choice of model settings:

Another challenge linked to creating accurate predictions is to choose the appropriate
modeling algorithm and model calibration settings. There is indeed evidence that different
algorithms, and different model settings, will perform better than others at different predictive
tasks such as transferability (Peterson et al. 2007, 2011; Warren & Seifert 2011; Rodda et al.
2011; Anderson & Gonzalez 2011; Heikkinen et al. 2012). | focus here on the ENM algorithm
Maxent (Phillips et al. 2004, 2006; Elith et al. 2011) because compared with other techniques it
has performed well in both overall predictive ability (Elith et al. 2006, 2010), and transferability
(Heikkinen et al. 2012). Nevertheless, when used with default settings, Maxent (and other
algorithms) tend to produce poorly transferable predictions (Warren & Seifert 2011; Rodda et al.
2011). Some have argued that simpler, more general settings should be preferred to achieve
better transferability (Jiménez-Valverde et al. 2008; Rodda et al. 2011; Heinanen et al. 2012),
while others have found that either too complex or overly simplified models perform equally bad,
and recommend using intermediate settings (Warren & Seifert 2011). Therefore, the secondary
purpose of this study is to compare the ability of different model calibration strategies to produce
transferable predictions. | compared predictions obtained with three types of model settings:
simple, complex, and fitted specifically to each set of calibration records in order to optimize
model discriminatory ability while minimizing overfitting.

Objectives:

The final intent of this study is to create reliable worldwide predictions of environments
suitable for monk parakeets. This problem requires identifying the modeling strategy that results
in the best transferability. In summary, this study addresses the following goals: 1) test
prediction (i) and (ii) by comparing the transferability of predictions created with models based

on different sets of occurrences (native occurrences, records in invaded areas, and records



from both native and invaded areas combined); 2) determine which Maxent settings are best
suited to create transferable predictions; and 3) identify the model providing the best
transferability for monk parakeets and use it to predict the worldwide invasive potential of this
species.

METHODS

Although | analyzed the results with a different intent, the following methods are based on
the same the same data and experiments as in Chapter 1. Therefore, | only provide a summary
of the relevant methods and refer the reader to Chapter 1 and Appendix A for additional details.
In this section, | emphasize some points that are more relevant to this chapter than the first one,
particularly those that relate to transferability and the monk parakeet biology.

Species data:

Following the procedures described in Chapter 1, | selected the records of four monk
parakeet “populations” as calibration sets to create the different models (Figure 2.1): the native
population in Argentina and adjacent countries (AR, n = 121), and the three largest introduced
populations (Spain, ES, n = 114, the wider New York City metropolitan area, NY, n = 96; and
the southern part of Florida, FL, n = 119). The 347 remaining records were reserved as a
spatially independent evaluation set (Figure 2.1). Note that | only included the southern part of
the species’ range in Florida (about half of the records in that population) to artificially induce an
extreme violation of the equilibrium assumption.

Environmental data:

Frostbite resulting from the combination of cold and wet winters is a common cause of
mortality for this parakeet and other parrot species in temperate regions (Tamara & Arnheim
1996; Butler 2005). This finding is supported by Strubbe and Matthysen (2009), who modeled
the distribution of monk parakeets in their native range and Europe and found that the best
predictor was the number of frost days per year, closely followed by the log of human population

density, and to a lesser extent high mean winter NDVI (an index of plant productivity, hence
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food availability). These birds tolerate cold temperature but compensate with a higher metabolic
rate (Weathers & Caccamise 1975; Caccamise & Weathers 1977), and consequently require
more food during cold periods. However, introduced populations in northern cities may
predominantly depend on seeds from bird feeders during winter months (South & Pruett-Jones
2000). Thus, human population density may be a better indication of winter food availability than
winter NDVI. In fact, this species is associated with human presence in both native and invaded
areas. This trend is supported by the study described earlier (Strubbe & Matthysen 2009), as
well as another modeling study where human influence was found to account for almost 64% of
the Spanish distribution (Mufioz & Real 2006). Furthermore, this species prefers open areas
over dense forest, and favors cultivated lands (Burger & Gochfeld 2005).

Therefore, | considered a combination of 24 climatic, anthropogenic, and land cover
predictors at 5 arc-minutes resolution, which is approximately equivalent to the daily foraging
range of this bird (Forshaw & Cooper 1989; Spreyer & Bucher 1998). These predictors are: the
19 Worldclim bioclimatic variables (Hijmans, Cameron, Parra, Jones, & Jarvis, 2005); three land
cover variables from the Harmonized World Soil Database: percent forested land, percent
grass/scrub land, and percent cultivated land (Fischer et al., 2008); and two anthropogenic
predictors: the human population count (Gridded Population of the World, Version 3, 2005) and
the Global Human Influence Index (Last of the Wild Project, Version 2, 2005; Sanderson et al.,
2002).

Analyses:

To test for prediction (i) (hative occurrence models provide better transferability than models
with records from invaded regions), | created models for the native population (AR), and for
each of the three “calibration” invaded populations (ES, NY, FL), and compared their ability to
predict the occurrences of the evaluation set. To test for predictions (ii) (models using all
available occurrences across separate regions provide better transferability than models with

records from individual regions), | created an additional set of models using all the records of
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the calibration set (ARESNYFL), and again assessed their ability to predict the evaluation set
compared with the previous models based on individual populations.

These predictions may be affected by the degree of similarity between the environmental
conditions present across the different native and introduced ranges (i.e. cross-predictions
should be more accurate among set of records with similar environmental conditions). |
therefore assessed the ranges of environmental conditions experienced by each population
using a principal component analysis. | calculated the PCA with the values of all background
and species presence records for the 24 standardized environmental variables using singular
decomposition of the data matrix with the ‘prcomp’ function in the R ‘stats’ package (R Core
Team 2012). | plotted the resulting scores for each population with their 95% confidence ellipses
along the first two principal components.

To address the second objective of this study (which model settings provide better
transferability?), | examined four different types of model settings for each set of calibration
occurrences by varying the types of features (Linear, Quadratic, Product, Threshold, and Hinge)
and the value of the regularization multiplier (RM) used in Maxent (Phillips et al. 2004, 2006;
Elith et al. 2011). | considered the simple, complex, internally optimized, and externally
optimized settings described in Chapter1. In total, | performed 20 experiments: 4 models with
different settings (simple, complex, internally optimized, and externally optimized) for each of
the 5 sets of calibration records (AR, ES, NY, FL, and ARESNYFL).

Finally, to address the third objective of this study (assess the global invasive potential of
the study species), | identified the model significantly providing the best transferability and
projected it on the rest of the world. | evaluated the reliability of the resulting prediction by
calculating the absolute difference between the predictions with and without clamping. Clamping
refers to treating the variables outside the range of environmental conditions present in
calibration region as if they were at the limit of the calibration range (Phillips et al. 2004, 2006;

Elith et al. 2011). Without clamping, Maxent extrapolates the response of these variables in
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environmental space. Areas of the map that present a wider range of environmental conditions
than the calibration region may show different predicted suitability values with and without
clamping. Therefore, the model prediction is less reliable in areas that show a large absolute
difference than in areas where the difference is minimal. Lastly, to identify the variables with the
largest importance in the final model, | performed standard Maxent analyses of variable
importance (percent contribution, permutation importance, and jackknife tests).

Evaluation statistics:

| evaluated the models based on their ability to predict the 347 records of the evaluation set
using the measures of performance described in Chapter 1. To quantify discriminatory ability
(the ability of a model to distinguish suitable from unsuitable areas), | used the area under the
receiver operating characteristic curve (AUC) applied to the evaluation data (AUC+gst; Phillips et
al., 2006). To quantify overfitting (the tendency of a model to describe the random error, or any
bias in the sample, rather than the true relationship between the calibration records and the
predictor variables), | considered the difference between the AUCs calculated using calibration
and evaluation records (AUCprr; Warren & Seifert, 2011); and the omission error rate of the
evaluation data (OR) using a 10 percentile calibration presence fixed threshold (Liu et al. 2005).
Overfitting is particularly detrimental to transferability because it tends to underestimate the
niche of a species (Phillips & Dudik 2008; Anderson & Gonzalez 2011). | estimated the
significance of the obtained statistics using the null-model approach described in Chapter 1 and
with an alpha level of 0.05.

To assess performance across the three evaluation criteria, | also created a composite
measure of performance giving equal importance to discriminatory ability and overfitting: Z-
Tradeoff, the weighted average of the Z-scores obtained for each statistic (the Z score of
AUC+est was counted twice in order to compensate for the fact that two different measures of
overfitting were used but only one for discrimination). The Z scores for each statistic indicate

how extreme the obtained values are relative to the distribution of values obtained across all
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experiments. Z scores are expressed in number of standard deviations and can thus be used to
compare values from different distributions (Zar 1998).

RESULTS
Comparison of choice of calibration records:

Concerning the effect of calibration records on transferability, the models based on all
calibration occurrences provided the best discriminatory ability (highest and most significant
AUC st values; Table 2.1 & Figure 2.2). They also did perform generally better than the models
based on the introduced populations across all criteria. Nevertheless, they did not significantly
outperform random models with the AUCp+ and OR statistics (Table 2.1 & Figure 2.2). The AR
models generally performed better on these overfitting criteria, with lower associated p-values
(Table 2.1 & Figure 2.2).

According to the Z-Tradeoff measure, the best performing model was obtained using all the
calibration records (ARESNYFL), and the most general settings (LQ-3; Table 2.1). Although
this model was significant for AUC+est (p = 0.02), its predictions were not significant across the
other two criteria. The only model to produce significant predictions across the three criteria was
based on native occurrences (AR), using the most complex settings (Table 2.1 & Figure 2.2).

Concerning the portion of environmental space occupied by each set of calibration
population, the results of the PCA show that most of the records from introduced populations
occupy small portions of the environmental space (Figure 2.3), with little overlap between the
different introduced populations. In contrast, even if they do not cover as wide a range as the
set combining all the calibration occurrences (ARESNYFL), the records from the native range
are widely distributed along the environmental spectrum.

Comparison of model settings:

Concerning the effect of Maxent settings on transferability, the external optimization

approach consistently selected simpler model settings than the internal optimization approach

(Figure 2.2 & Table 2.1). Regarding the measures of overfitting, simpler settings resulted in
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lower AUCprr and OR values than did more complex settings (Figure 2.2 & Table 2.1).
Nevertheless, the values obtained with simpler settings were rarely significant (only one
experiment for AUCprr, and two for OR; Figure 2.2 &Table 2.1). For the experiments with
significantly low overfitting measures, more complex settings (most complex and optimal
internal) led to higher significance than simpler settings (Figure 2.2 & Table 2.1). However, for
the three introduced populations, the external optimization approach generally yielded the best
results regarding overfitting in terms of both performance and significance (Figure 2.2).

In terms of discriminatory ability, the AUCtgst values were relatively similar across the
different model settings (internal optimization performed better except for ES and ARESNYFL).
Nevertheless, as with overfitting, the corresponding p-values were generally lower with more
specific settings, especially for the AR and ARESNYFL experiments (Figure 2.2 & Table 2.1).
As with overfitting, external optimization led to higher significance with the introduced
populations (although internal optimization performed marginally better for NY; Figure 2.2 &
Table 2.1). In general, higher significance was reached across all three measures with the most
complex settings for the models based on native records and on all the calibration records
combined, and with external optimization for the models based on records in invaded regions
(Figure 2.2 & Table 2.1).

Worldwide predictions of environmental suitability and variable importance:

The worldwide projection of the prediction of the only significant model reveals several areas

with high and reliable predicted suitability (Figure 2.4). These areas include eastern and
northern India, Pakistan, coastal areas along the Mediterranean Sea, the southern part of the
Red Sea, the Persian Gulf, the Baja Peninsula of Mexico, and a large portion of sub-Saharan
Africa. Except for Spain, Italy, and Israel, monk parakeets have not been reported in these
areas. The areas adjacent to existing introduced populations in Texas, central Mexico, and the

eastern part of Florida are also fairly well predicted. This is also true of areas near existing
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populations in lllinois, Indiana, Long Island, England, Belgium, and Holland, although these
predictions are less reliable (Figure 2.4).

The Maxent analyses of variable importance (variable contribution, permutation importance,
and the jackknife tests) show that the variable with the highest percent contribution (15%), and
the highest calibration gain when used on its own was the precipitation of the driest month
(Table 2.2). The variables with the highest permutation importance were the annual mean
temperature (11.4%), the minimum temperature of the coldest month (10.8%), and the mean
temperature of the wettest quarter (10.1%; Table 2.2). Human population count was also very
important: the second highest model gain contribution (13.5%), and the largest gain loss when
excluded from the models (Table 2.2).

DISCUSSION
Implications for transferability:

The results of this study confirmed prediction (i): only one model provided significantly better
transferable predictions than random models, and that model was constructed using
occurrences from the native range. In fact, even if their predictions were not significant across
all performance criteria (Table 2.1), the other three models created with native records
performed better than all the other models, except for the one with all occurrence records and
simple settings (Table 2.1 & Figure 2.2).

As mentioned in the introduction, the probable explanation for this outcome is that the monk
parakeet distribution is more likely to be at equilibrium with its environment in the native range
than in invaded areas. Indeed, the models using only southern Florida records, which were
selected to artificially induce an extreme violation of the equilibrium assumption, provided some
of the worse predictions (Table 2.1). In addition, as in Strubbe et al. (2013), the introduced
populations occupy more constrained portions of the environmental space than the native

population. However, the native occurrences used in this study cover a wide portion of the
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environmental space realized worldwide, which could also explain why models for native
occurrences predicted the introduced records well.

Nevertheless, this study did not reliably support prediction (ii). The set of records comprising
all the calibration occurrences (ARESNYFL) represent an even wider portion of the
environmental space. Thus, if cross-prediction performance was only related to the portion of
environmental space covered, | would expect prediction (ii) to be also true and the models
based on all calibration records to provide the best predictions. However, similar to previous
studies (Broennimann & Guisan 2008; Beaumont et al. 2009), the models calibrated with both
native and introduced records indeed provided the best discriminatory ability. In contrast, their
performances assessed with overfitting criteria were not significantly better than random
models. Models calibrated with native records generally performed better and led to higher
significance across all three evaluation statistics.

It is unlikely that this outcome is an issue of statistical power since the AR model that
reached significance across the three evaluation criteria included fewer input records than the
ARESNYFL models. It is possible that the observed differences in performance and significance
may stem from factors such as the extent of the background area used for each model or the
distinctive sampling bias present in different regions. However, based on the present results, |
can only conclude that the model based on native records provided better transferability than
models including non native records, probably because of non-equilibrium situations in invaded
areas (especially in the FL dataset, which was artificially created to be out of equilibrium).

Concerning the effect of model complexity on transferability, these results demonstrate
different conclusions when performance is used without considering significance. The values of
the overfitting measures support the notion that simpler model settings provide more
transferable predictions (Jiménez-Valverde et al. 2008; Rodda et al. 2011; Heinanen et al.
2012). This conclusion would however be incomplete, because the corresponding p-values of

these statistics were very high (close to 1). In many cases, simpler model settings led to a
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generally larger prediction, regardless of whether real or random data were used to calibrate the
models. Such a situation makes it very difficult to achieve enough statistical power to reject the
null. Thus, while simpler model settings may provide more transferability, a greater number of
test records are necessary to reach that conclusion with statistical confidence.

The results of this study are to some extent in agreement with to those of Heinanen et al.
(2012) with Finnish water birds, and of Warren & Seifert (2011) who tested temporal
transferability with 51 different species in California. As in Heinanen et al. (2012), Here, complex
model settings provided better performance than simpler settings for models made with all the
calibration records , but also for models using native occurrences that are comparatively diverse
in environmental space. For the other individual populations in invaded ranges, the best results
were obtained with optimal external settings. These settings were of intermediate complexity (as
in Warren & Seifert 20011), but consistently fairly simple across the three introduced
populations (as in Heinanen et al. 2012), and thus agree to some extent with both studies
discussed above. Nevertheless, these results should be interpreted with care, as eventually only
one model (based on the most complex settings) produced predictions that were significantly
better than random across the three evaluation criteria.

Implications for monk parakeet invasive potential:

The results suggest that the conditions present in the native range seem to be more
informative to predict future introductions and range expansions than those in invaded areas.
The worldwide prediction of the only significant model reveals several areas currently not
occupied by monk parakeets that are particularly at risk of successful introductions. The
prediction also shows that areas adjacent to existing populations in Spain, Italy, and Israel are
particularly at risk of invasions. These parakeets have already been sighted in several of these
regions (Strubbe & Matthysen 2009). | did not consider those locations in this analysis because
there was not enough information supporting well established populations. To a lesser extent,

the populations in Texas, central Mexico, and eastern Florida are also likely to expand their
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ranges. This risk is also possible for the populations in lllinois, Indiana, Long Island, England,
Belgium, and Holland, although the predictions there are less reliable. In contrast, the native
range seems to include most available suitable areas.

Note that in some areas, the global prediction is not consistent with what is know about the
biology of the monk parakeet. For instance, large portions of sub-Saharan Africa were predicted
as highly suitable although it is very unlikely that monk parakeets could survive there.
Conversely, some parts of Florida and lllinois are poorly predicted although monk parakeets
have been documented there (Avery et al. 2002; Tillman et al. 2004; Pruett-Jones et al. 2011).
Such inconsistencies can be explained in part by the fact that the effect of clamping on the
prediction is only one aspect of the reliability of the prediction. Different methods to assess
reliability will likely reveal different areas where the prediction should be interpreted with care. In
addition, the variables considered in the model may not correlate with local environmental
tolerance and resource availability in the same way across the world. For instance, climatic
variables may be more indicative of local resource availability in the native range than in
Northern cities where the parakeet may depend primarily on bird feeders. Therefore, the
prediction would likely be improved with the inclusion of more proximal predictors of local
resource availability than the ones | selected. Unfortunately, such predictors are rarely available
on global scales.

In terms of predictor variable importance, the critical variables are all indicative of the extent
of winter cold and humidity in the native range. These variables are related to factors affecting
survival in the cold months: winter food availability and the risk of frostbite. The analyses of
variable importance should be interpreted with caution considering that several of the predictor
variables were highly correlated, especially the bioclimatic ones. Nevertheless, the outcomes
seem likely to be correct since they match those of previous study (Weathers & Caccamise
1975; Caccamise & Weathers 1977; Tamara & Arnheim 1996; Butler 2005; Strubbe &

Matthysen 2009). It is difficult to assess the benefits of human influence in the native range, but
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they could include those mentioned for invaded regions: winter food availability via birdfeeders
(South & Pruett-Jones 2000), and influx of new migrants from the pet trade (Mufioz & Real
2006).

Conclusion:

According to the results presented here, the best strategy to create reliable transferable
predictions for monk parakeets is to model the niche of the species from the pattern of
occurrences in the native range. This finding is in support of prediction (i) but not prediction (ii).
Even though the models including both native and invaded occurrences provided the best and
most significant discriminatory ability, their performance was not significant for measures of
overfitting. In contrast to previous studies, the most complex model settings provided the
highest performance and significance when transferred. Simple model settings resulted in
apparently good performance, but the predictions were not significantly better than null models.
Settings selected with the external optimization approach were consistently simpler than those
selected with the internal optimization method. Simple model settings seemed to perform better

when modeling with occurrences from invaded regions, but the predictions were also not

significantly better than those of null models. Although these considerations about transferability

may only apply to this parakeet, they highlight the need to measure model performance with
both overfitting and discriminatory ability criteria, and to include assessment of statistical
significance. The worldwide projection of the only model with significant predictions reveal
several areas at risk of new introductions and show that most of the currently well established

populations are likely to expand to surrounding areas.
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Table 2.1: Performance and significance of 20 experiments with different calibration records and model settings evaluated with the
same spatially independent records from other invaded areas. The values of the evaluation statistics (AUCtgst, AUCprr, and OR) are
presented along with their corresponding p-values estimated from 1000 replicate null-models (p_AUC+est, p_AUCprr, and p_OR).
Significant p-values with alpha = 0.05 are indicated in bold. Z-Tradeoff is a composite measure of performance across the three
evaluation criteria, giving equal importance to discriminatory power and overfitting. The table entries are sorted according to this
measure, from high to low performance.

Population
ARESNYFL

AR

AR

AR
ARESNYFL
ARESNYFL

ES

ES

NY

FL

NY
ARESNYFL

AR

FL

ES

FL

ES

FL

NY

NY

Settings
Most general

Optimal External
Most general
Optimal Internal
Most specific
Optimal External
Optimal External
Most general
Optimal Internal
Optimal Internal
Optimal External
Optimal Internal
Most specific
Optimal External
Optimal Internal
Most specific
Most specific
Most general
Most general
Most specific

Features-RM AUCw st p AUCtest

LQ-3 0.8393 0.0210
LQP-1.5 0.7922 0.0065
LQ-3 0.7705 0.0504
LQPT-1 0.8038 0.0018
LQPTH-0.5 0.8101 0.0001
LQPH-1.5 0.7836 0.0064
LQP-2.5 0.7447 0.0154
LQ-3 0.7522 0.0370
LQPH-0.5 0.8054 0.0140
LQPH-1.5 0.8002 0.0145
LQP-0.5 0.7535 0.0178
LQPH-0.5 0.7617 0.0050
LQPTH-0.5 0.7479 0.0020
LQT-0.5 0.7669 0.0037
LQPH-1.5 0.7252 0.0322
LQPTH-0.5 0.7440 0.0381
LQPTH-0.5 0.7314 0.0361
LQ-3 0.7175 0.0719
LQ-3 0.7170 0.1072
LQPTH-0.5 0.7024 0.0723

AUCprr
0.0140
-0.0450
-0.0555
0.0845
0.1343
0.1265
0.0241

0.0476
0.1852
0.1796
0.0950
0.1657
0.1203
0.2211

0.1943
0.2420
0.2595
0.2385
0.2647
0.2867

P AUCpr
0.0896

0.0987
0.1293
0.0572
0.1233
0.3604
0.0788
0.0857
0.2660
0.4367
0.1955
0.4519
0.0394
0.5365
0.3412
0.4595
0.3503
0.7325
0.6166
0.4304

OR
0.1095
0.1556
0.1210
0.2882
0.3170
0.2853
0.1758
0.2709
0.8127
0.9366
0.3948
0.3516
0.3026
0.9827
0.7291
0.9885
0.9798
0.8386
0.8357
0.9107

p OR Z-Tradeoff
0.2302 1.6536
0.0500 1.1224
0.1439 0.8775
0.0436 0.8667
0.1184 0.8104
0.3011 0.4921
0.0888 0.2926
0.2966 0.2669
0.7192 0.2563
0.9766 0.1082
0.2827 0.0787
0.3539 0.0506
0.0142 0.0080
0.9858 -0.4803
0.7347 -0.7944
0.9194 -0.8467
0.8864 -1.0543
0.9892 -1.0876
0.9106 -1.1562
0.8179 -1.4645
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Table 2.2: Maxent analyses of variable importance for the only significant model (native calibration records with complex settings).

Percent Permutation Gain Gain with
Variable contribution importance  without variable

(%) (%) variable alone
BIO1 = Annual Mean Temperature 4.6 114 1.41 0.22
BIO10 = Mean Temperature of Warmest Quarter 2.3 25 1.41 0.13
BIO11 = Mean Temperature of Coldest Quarter 1.2 21 1.42 0.19
BIO12 = Annual Precipitation 3.3 6.9 1.41 0.23
BIO13 = Precipitation of Wettest Month 1.6 1 1.41 0.23
BIO14 = Precipitation of Driest Month 15 5.4 1.39 0.43
BIO15 = Precipitation Seasonality (Coefficient of Variation) 1.3 0.3 1.40 0.12
BIO16 = Precipitation of Wettest Quarter 2.2 3.2 1.41 0.26
BIO17 = Precipitation of Driest Quarter 7.4 6.5 1.41 0.39
BIO18 = Precipitation of Warmest Quarter 2.1 3.3 1.41 0.24
BIO19 = Precipitation of Coldest Quarter 1.3 1.5 1.42 0.30
BIO2 = Mean Diurnal Range (Mean of monthly (max temp — min temp)) 6.5 1 1.42 0.25
BIO3 = Isothermality (BIO2/BIO7) (* 100) 9.3 0.5 1.41 0.29
BIO4 = Temperature Seasonality (standard deviation *100) 2.3 2.7 1.41 0.18
BIO5 = Max Temperature of Warmest Month 1.7 1.2 1.42 0.18
BIO6 = Min Temperature of Coldest Month 1.8 10.8 1.41 0.17
BIO7 = Temperature Annual Range (BIO5-BIO6) 0.7 0.2 1.42 0.14
BIO8 = Mean Temperature of Wettest Quarter 4.3 10.1 1.39 0.10
BIO9 = Mean Temperature of Driest Quarter 1.8 0 1.42 0.15
Percent Cultivated Land 4.9 4.9 1.37 0.08
Percent forest 2.6 9.4 1.37 0.05
Human Population Count 13.5 7.6 1.35 0.35
Percent Grass Land 3.6 5.8 1.38 0.15
Human Influence Index 4.7 1.5 1.41 0.24
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Figure 2.2: Maps of monk parakeet presences. The bottom right map shows the calibration and evaluation records in red and blue,
respectively. Enlarged regions are shown in insets (a), (b), and (c). The symbols in the insets represent the different populations: AR
= native range (Argentina and surrounding countries), ES = Spain, NY = the wider New York metropolitan area, FL = South Florida,
FLn = North Florida, IL = lllinois, LA = Louisiana, TX = Texas, PR = Puerto Rico, nd = records not assigned to any population. In the
insets, the evaluation records are indicated in blue, and the calibration records in orange, aqua, green, and pink for AR, ES, NY, and
FL, respectively.
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Figure 2.2: Model performance and significance as a function of model settings and calibration “population”. Darker shades of gray
indicate higher performance. The top three graphs show the actual values of the evaluation statistics, while the bottom three show
their corresponding p-values from 1000 replicate null-models. For each graph, the rows show the different calibration populations and
the columns represent the type of model settings, in order of decreasing complexity. Optimal internal and Optimal external refer to
the settings optimized for each population (see Methods for details). Asterisks indicate significant p-values with alpha = 0.05.
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Figure 2.3: Environmental space showing the position of the monk parakeet occurrences (after filtering, see Methods of Chapter 1)
along their first two principal components. The different populations are indicated with the same symbols and colors as in Figure 2.1.
The records used for model calibration, along with their 95% confidence ellipses, are indicated as for Figure 2.1 in orange, aqua,
green, and magenta for AR, ES, NY, and FL, respectively. The 95% confidence ellipse for all the calibration records combined is
indicated in red (ARESNYFL). The spatially independent evaluation records are indicated in blue.
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Figure 2.4: Worldwide prediction of the only significant model (native calibration records with complex settings). The green gradient
represents the logistic probability of environmental suitability, from black = 0 to bright green = 1.The blue gradient shows the absolute
difference between the predictions with and without clamping (i.e. treating the variables outside the range of environmental
conditions present in calibration region as if they were at the limit of the calibration range), and hence the reliability of the predictions
with regard to environmental extrapolation. Black indicates a difference of 0, and bright blue a difference of 1.Thus, areas of low
prediction and low reliability are shown in blue, areas of high prediction and low reliability are shown in aqua, areas of low prediction
and high reliability are shown in black, and areas of high prediction and high reliability are shown in green.
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CHAPTER 3:
Estimating resistance to dispersal with ecological niche modeling

and evaluating significance with null resistance models

ABSTRACT
| propose an ecological niche modeling approach to estimate the effect of landscape features on
dispersal. This approach estimates landscape resistance by modeling the “dispersal niche” of a
species using records of documented species presence and variables related to dispersal.
Unlike most landscape genetics approaches, this method does not rely on iterative correlation to
genetic data to estimate landscape resistance to dispersal. The proposed approach uses
independent data, objective criteria, and repeatable methods to formulate a priori landscape
hypotheses. Genetic data can be used only as a final step to evaluate the quality of the
predicted estimates. | tested this approach with an introduced population of monk parakeets
(Myiopsitta monachus) in Florida, and the ecological niche modeling algorithm Maxent. As a
comparison, | evaluated multiple hypotheses based on expert opinion with stepwise regression
models. | also implemented a null model approach to evaluate the significance of associations
between effective and genetic distances. Although the monk parakeet population in Florida
presented little genetic spatial structure beyond high within-nest relatedness, the niche modeling
approach produced results equivalent to the stepwise regression model. This method offers a
promising alternative to estimate resistance to dispersal that does not involve comparing a wide
range of alternative hypotheses. In addition, | confirmed that partial Mantel tests and the derived
multiple regressions on distance matrices may suffer from highly inflated rates of Type | error,
even when the effect of spatial autocorrelation is removed. Null models may be a better
alternative to evaluate the significance of association between genetic and effective distance
matrices while controlling for isolation by distance. Finally, the results imply that although monk

parakeets may to some extent avoid dispersing through areas with low canopy cover in the
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Miami metropolitan area, they are probably not limited by distance and most landscape
features, and may therefore continue to expand their range to adjacent ecologically suitable
areas.
INTRODUCTION

Understanding how local heterogeneity in landscape features influences species dispersal is
an important challenge in evolutionary and conservation biology, with critical implications for
pressing environmental issues. This information can be used to manage the spread of
pathogens and species invasions (Aylor 2003; Margosian et al. 2009; Fitzpatrick et al. 2012),
and design wildlife corridors that promote genetic diversity (Beier et al. 2008). Furthermore,
dispersal information is also critical to studies aiming to predict current and future species
distributions (Anderson in press.; Hartig et al. 2012). These studies typically use climatic models
to predict areas with conditions that are suitable for the species (Elith & Leathwick 2009).
Dispersal information can be used to determine if a species is likely to reach those suitable
areas, or it can be incorporated directly in the model to provide more realistic predictions (Hartig
et al. 2012; Cabral & Kreft 2012; Algar et al. 2013). The effect of landscape on dispersal is
typically assessed with landscape genetics (Manel 2003; Storfer et al. 2007; Balkenhol et al.
2009a). Here, | first review current landscape genetics approaches and then propose an
alternative method that utilizes an ecological niche modeling algorithm (ENM; Elith & Leathwick
2009; Peterson et al. 2011) to directly model a species’ dispersal preferences using presence
data and variables related to dispersal. Finally, | present an empirical test case with monk
parakeets (Myiopsitta monachus) in order to test this “dispersal niche modeling” approach.
Landscape Genetics:

The discipline of landscape genetics aims to understand the effect of landscape features on
micro-evolutionary processes - such as local adaptation, genetic drift, and gene flow - by
comparing patterns of genetic variation to landscape heterogeneities (Manel 2003; Storfer et al.

2007; Balkenhol et al. 2009a). This approach can therefore be useful to estimate how landscape
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features affect dispersal, especially when direct data on dispersal capabilities are difficult to
acquire. However, gene flow, adaptation, and drift often act jointly in shaping genetic variation.
Therefore, it can be difficult to disentangle the effect of landscape features on dispersal and
resulting gene flow, as opposed to their effect on local genetic differentiation due to drift or
adaptation. This distinction can be addressed by selecting appropriate landscape data and
analytical methods. To examine the effect of landscape features on drift or adaptation, data for
conditions occurring at the sampling sites may be sufficient. Differences between sites can then
be related to genetic variation, typically through ordination analyses (Jombart et al. 2009; Guillot
et al. 2009; Legendre & Fortin 2010). Conversely, data from landscape features “between” the
sites is more relevant to estimates of dispersal than data “at” the sites. For instance, elevational
differences between the sampling sites may be useful to detect altitudinal clines of genetic
variation (as in Fang et al., 2012). However, it tells us little about the effect of altitude on
dispersal. Depending on the topography, and the dispersal path, the effective changes in
altitude experienced during dispersal may be much larger than the absolute difference between
the sites.

Therefore, estimating dispersal patterns with landscape genetics requires data from the
entire surrounding landscape, rather than only from the occurrence records. In addition, it
requires the formulation of two types of hypotheses: (a) a landscape hypothesis stating how the
landscape features promote or hinder dispersal; and (b) a dispersal route hypothesis stating
how the organism moves through the landscape (e.g., straight paths, least cost paths, random
walks, correlated random walks, Lévy flights; Marell, Ball, & Hofgaard, 2002; Mcrae & Beier,
2007). These two hypotheses result in a dispersal cost distance matrix which can then be
compared to a genetic distance matrix. Then, the null hypothesis that the genetic and dispersal
cost distance matrices are independent is typically evaluated with a Mantel test, or a derived
form (partial Mantel test, multiple regressions on distance matrices; Mantel 1967; Hubert &

Golledge 1981; Smouse et al. 1986; Lichstein 2006; Legendre & Fortin 2010). Despite its
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limitations (Oden & Sokal 1992; Raufaste & Rousset 2001; Balkenhol et al. 2009b; Jaquiéry et
al. 2010; Guillot & Rousset 2013; Graves et al. 2013), the Mantel test is by far the most
employed test in landscape genetics studies (Storfer et al. 2010). Typically, landscape
hypotheses are also contrasted to a simple isolation by distance (IBD) hypothesis that states
that the population genetic differences can be explained by geographic distance alone. IBD
assumes that all landscape features have the same effect on dispersal. Although unrealistic in
many situations, IBD should not be overlooked as a null hypothesis (Balkenhol et al. 2009a).

One of the main challenges of this approach is arriving at realistic hypotheses concerning
both the landscape and dispersal routes. | focus here on landscape hypotheses. Discussions
about modeling organism movement through the landscape can be found elsewhere (Marell et
al. 2002; McRae 2006; Mcrae & Beier 2007; McRae et al. 2008; Barton et al. 2009; Smouse et
al. 2010). Landscape hypotheses are typically formulated in the form of resistance surfaces:
each pixel of the map is assigned a value for its resistance to movement that is proportional to
some landscape feature(s). Some hypotheses can be relatively simple to model, such as IBD
with a uniform resistance surface, complete barriers to dispersal with infinite resistance, and
panmixia with infinite conductance, the reciprocal of resistance (Cushman et al. 2006; Landguth
et al. 2010). However, assigning intermediate resistance values corresponding to the effect of
multiple landscape variables presents a challenge.

Optimally, resistance values should be calibrated using independent observational or
experimental data on dispersal capabilities, such as from radio-telemetry studies (Epps et al.
2007; Stevenson et al. 2013). However, very few studies use such data (reviewed in Spear et
al. 2010). Instead, the most common approach remains to make a few educated guesses (i.e.
“‘expert modeling”) and select the one that best explains the genetic data (Spear et al. 2010;
Graves et al. 2013), preferably within a causal modeling framework (Legendre 1993; Cushman
et al. 2006; Cushman & Landguth 2010). An alternative approach is to start with guesses and

iteratively change the resistance values to obtain the highest correlation with the genetic data
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(Shirk et al. 2010). However, even a very large number of alternative hypotheses (as in Wang et
al. 2009) may only represent a small portion of the multivariate parameter space and thus detect
local rather than global optima (Shirk et al. 2010; Graves et al. 2013). A large number of initial
guesses may alleviate that problem but it also increases the chance of obtaining spurious
correlations. Necessary corrections for the resulting inflation of Type | error may dramatically
reduce statistical power. As an alternative, Graves et al. (2013) examined with simulated data
an optimization algorithm to efficiently search the parameter space and find a global optimum if
one exists. However, their simulations showed that their obtained optimal resistance values
were often far from the true values, and that causal modeling failed to support the real values.
Finally, unless spatially and genetically independent data are used to evaluate the optimized
resistance surface, optimization approaches can lead to overfitting resistance values to random
noise, or sampling bias, rather than describing the true relationship between the landscape and
genetic data.
Dispersal Niche Modeling:

| propose here an alternative approach that makes use of an ecological niche modeling
algorithm (ENM; Elith & Leathwick 2009; Peterson et al. 2011), species presence data, and
variables related to dispersal to produce realistic resistance values without relying on the
genetic data. The rationale for this approach is that a species is more likely to be sighted,
captured, or collected in places where it can freely move than in landscapes that are detrimental
to its movement. Therefore, the species’ preferences can be modeled by comparing landscape
data from sites where the species’ presence has been documented, to sites where it has not
been documented but that are potentially available to the species (Barve et al. 2011). The
proposed “dispersal niche modeling” approach is a simple extension of ENM, but rather than
selecting environmental predictors that are relevant for the normal biological functioning of the
species, it requires landscape variables that are relevant for dispersal, such as wind direction,

terrain slope, road density, river networks, or canopy cover (Manel 2003; Cushman et al. 2006;
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Spear et al. 2010). These predictors must also be considered at a resolution that can
appropriately capture the landscape features that may impede or facilitate the species’
movement. Hence, this method models the “dispersal niche” rather than the ecological niche of
the species. As in ENM, the quality of the presence data (correct identification, accurate
geographic coordinates, no sampling bias) is crucial to obtain accurate predictions (Syfert et al.
2013). However, unlike ENM the presence records need not represent true source populations.
Documenting that a species was present at a particular location is enough to show that it was
able to move in that landscape.

Depending on the type of data and method used, ENM model outputs typically correspond
to a continuous prediction: a probability of occurrence, or an index of suitability. The model
prediction can thus be directly translated to continuous resistance values: high suitability
indicating low resistance to movement, and vice versa. Alternatively, isolation by barrier (IBB)
hypotheses can be tested by converting the model output to binary predictions based on a
specific threshold. Areas with predicted values below the threshold can represent complete
barriers to dispersal and areas with values above the threshold indicate infinite conductance.
Objectives:

| tested the proposed “dispersal niche modeling” approach with the ENM algorithm Maxent
(Phillips et al. 2006; Phillips & Dudik 2008; Elith et al. 2011) and different sets of presence
records from introduced populations of monk parakeets (Myiopsitta monachus) in the
continental US, Florida, and the Miami metro area. | evaluated the quality of the resulting
resistance to dispersal hypotheses with genetic data for the Miami population. As a comparison,
| examined multiple guesses of resistance values with a forward stepwise regression model
(Legendre et al. 1994; Zapala & Schork 2006).

In both cases, | used multiple regression on distance matrices (MRM; Hubert & Golledge
1981; Legendre et al. 1994; Lichstein 2006; Zapala & Schork 2006) to assess the ability of the

landscape hypotheses to explain the genetic data, and to evaluate their significance. MRM is
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essentially an extension of partial Mantel tests and may therefore suffer from the same
limitations: notably, highly inflated rates of Type | error in the presence of spatial autocorrelation
(Oden & Sokal 1992; Raufaste & Rousset 2001; Guillot & Rousset 2013). Therefore, | also
implemented a null model approach to assess statistical significance. This approach involves
creating a set of resistance surfaces with random values. These null surfaces are then used to
calculate effective distance and test for association with the genetic distance matrix. The
measure of association corresponding to the real hypothesis is then compared to the resulting
null distribution to assess significance.

In summary, | 1) created a set of “dispersal niche models”, 2) examined their association
with pairwise genetic data, 3) calculated significance of associations between distance matrices
using permutations and a null model approach, and 4) repeated steps 1-3 using multiple
guesses of resistance values and a forward stepwise regression model. | follow my
interpretation of the results by a discussion of the merits and limitations of the “dispersal niche
modeling” approach. Finally, | discuss the implications of the results regarding the invasive
potential of the monk parakeet.

METHODS
Study region and landscape data:

| considered presence data from the entire continental US to calibrate the dispersal niche
models (Figure 3.1a). However, | restricted the landscape genetics analyses to a smaller
rectangular region comprising the monk parakeet records with genetic information in the wider
Miami metropolitan area (Florida, USA); with a minimum distance of 10 km from any record
(Figure 3.1b). For both regions, | considered high resolution (30 m?) land cover variables from
the National Land Cover Database: percent tree canopy density (Homer et al. 2007), percent
developed impervious surface, and land cover classification (Fry et al. 2011). These variables
have been used successfully to explain patterns of dispersal and gene flow in other organisms

(Greenwald et al. 2009; Murphy et al. 2010; Sackett et al. 2011; Munshi-south 2012).
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Species presence and genetic data:

The monk parakeet (Myiopsitta monachus) is native to temperate South America and has
established several stable and well documented populations in the US (Figure 3.1a; Pruett-
Jones et al. 2011). This species is easy to detect and identify because of its distinctive
morphology, loud calls, and unique nesting behavior (Forshaw & Cooper 1989). | gathered
2,325 presence records for the entire continental US (Figure 3.1a), including 1,045 from Florida,
from various sources: the GBIF and Species Link databases, records from the primary literature,
and personal observations. The genetic data were those reported in Gongalves da Silva et al.
(2010b), and deposited in the Dryad repository: DOI:10.5061/dryad.1682 (Gongalves da Silva et
al. 2010a).

These data include genotypes for 10 species-specific microsatellite loci and geographic
coordinates for 149 monk parakeets in the Miami metro area (Figure 3.1b). | excluded 2
individuals from the landscape genetics analyses because the recorded coordinates are most
likely inaccurate since they do not refer to a valid land location. However, | included all 149
genotypes to calculate the population allele frequencies. For these data, Gongalves et al
reported a mean allelic richness of 0.6 (+ 2 SD), and no significant deviation from Hardy-
Weinberg equilibrium (observerd/expected heterozigosity : Ho = 0.62 + 0.15 SD / Hg =0.64 £
0.13). In addition, they found evidence for high propagule pressure and that the population in
Florida has not suffered from loss of genetic diversity compared to native populations, in
agreement with an earlier study using mitochondrial markers (Russello et al. 2008). Therefore,
these data are appropriate to obtain reasonable estimates of pairwise relatedness between the
parakeet samples in the Miami metropolitan area.

Dispersal niche models:

| used the presence-background ENM algorithm Maxent (Phillips et al. 2006; Phillips &

Dudik 2008; Elith et al. 2011) to create three dispersal niche models: one with occurrence data

from the entire continental US (n = 2325; Figure 3.1a), one based on the records in Florida (n =
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1045), and the last one based only on the records with genetic data in the Miami metro area (n
= 147; Figure 3.1b). | refer to these models as US, FL, and MIA, respectively. For each model, |
selected the comparison background records based on the criterion that they must be
potentially accessible to the species (Anderson & Raza 2010; Barve et al. 2011). Hence, |
randomly sampled these records within 106 km of the calibration records (VanDerWal et al.
2009), which is the maximum reported dispersal distance for monk parakeet (Gongalves da
Silva et al. 2010b). The resulting samples included 86,172 background records for the US,
29,896 for FL, and 29,777 for MIA.

| optimized the models following the procedure described in Chapter 1 with the following
modification: | used a 5-fold cross-validation procedure with spatially independent partitions
(Radosavljevic & Anderson, in press). | opted for spatially independent evaluation because it
offers a more realistic test of performance than randomly selected evaluation records; the latter,
being more sensitive to environmental spatial autocorrelation, typically results in inflated
estimates (Veloz 2009; Hijmans 2012; Radosavljevic & Anderson, in review). | selected the
partitions of presence and corresponding background records with Voronoi tessellations
(Aurenhammer 1991; Appendix B). | selected the optimal model settings according to both
discriminatory and overfitting criteria, controlling for statistical significance with null models (as
in Chapter 1, the optimal settings were the one providing the best tradeoff between high
AUC+esT, low AUChH e, and low omission rate, provided these statistics were significant as
determined with 1000 null model replicates). Additional details and R scripts for these
procedures are included in Appendices A and B, statistics of the Maxent models are provided in
Appendix C.
Landscape hypotheses:

| expressed the landscape hypotheses in the form of conductance surfaces, with
conductance values ranging from 0 to 100. | used conductance rather than resistance for

computational reasons (see van Etten 2012). First, | considered an IBD hypothesis by creating a



uniform surface with conductance values of 1. Then, | created a set of conductance surfaces
corresponding to the dispersal niche model predictions by projecting the optimized models on
the smaller study region in Miami. | converted the Maxent logistic outputs (with suitability values
ranging from 0 to 1) to conductance values by multiplying the predicted values for each map
pixel by 100.

| also created isolation by barrier (IBB) hypotheses by converting the continuous model
outputs to binary predictions using the following thresholds: 0.5, the midpoint of the potentially
obtainable prediction values; the minimum predicted value of the MIA records, which ensures
that all the records used for the landscape genetics analysis are in suitable areas; and the value
of the tenth percentile predicted value for the MIA records, which accounts for possible outliers
in the MIA sample. Areas with predicted values below the threshold were assigned conductance
values of 0. Areas with predicted values above the threshold were assigned conductance values
of 100. Thus, | created 12 different conductance surfaces: one continuous and three IBB
scenarios for each of the three dispersal niche models (US, FL, and MIA).

As a comparison, | created conductance surfaces individually for each land cover variable.
For the percent imperviousness and the percent canopy cover, | considered a set of continuous
transformations to convert the percent values to conductance values. | used 14 different
transforms covering a range of potential relationships (see Appendix C). For land cover
classifications, | assigned conductance values equal to the frequencies of monk parakeet
presences observed for each land cover class. | created three such surfaces corresponding to
the frequencies of the US, FL, and MIA records. For each of the three land cover variables, |
also created three IBB scenarios. | determined the barriers either with an educated guess (e.g.
low canopy cover, or high imperviousness), or based on the frequencies of documented monk
parakeet presences (Appendix C). In summary, | considered 53 alternative landscape
hypotheses: a uniform surface, 12 niche model predictions, and 40 continuous and barrier

scenarios based on individual land cover variables.
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Dispersal cost distance:

| calculated effective dispersal cost using least cost paths with Dijkstra's algorithm (Dijkstra
1959) as implemented in the R package ‘gdistance’ version 1.1-4 (van Etten 2012). Each
conductance surface raster cell was connected to its 8 adjacent neighbors. The effective cost to
move between pairs of adjacent cells was obtained by adding 0.01 to the mean of their
conductance values and taking the reciprocal of that number. | added 0.01 to avoid complete
barriers to dispersal. Instead, movement between adjacent cells with conductance values of 0
(barriers) was ~100 times more costly than movement between cells with values of 1 (the
geographic distance reference), and ~10,000 times more costly than between cells with the
maximum value of 100. | calculated least cost paths between all pairs of genotyped records and
expressed the total cumulative costs along the paths in meters.
Genetic distance:

| estimated genetic distance with pairwise relatedness estimators calculated with the

program COANCESTRY version 1.0.1.2 (Wang 2011). This program implements seven
relatedness estimators, including two likelihood estimators that allow for inbreeding. | initially
considered all 7 estimators but they were highly correlated and led to the same conclusions
regarding relationships between effective distance and relatedness. Therefore, | only
considered the Lynch & Ritland (1999) estimator in the final analyses because it provided the
best fit. In addition, Gongalves da Silva et al. (2010b) reported no significant deviation from
Hardy-Weinberg equilibrium at any of the 10 loci. However, they reported significant signatures
of null alleles for two loci, and significant linkage disequilibrium for two others. | performed
preliminary analyses with and without these loci. Despite small differences in relatedness
estimates, the conclusions regarding the dispersal cost distances were globally the same.

Therefore, | included all loci in the final analyses.
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Statistical Analysis:

| evaluated the quality of the dispersal niche model and alternative landscape hypotheses
with the following statistical analyses. First, | used a simple Mantel test to determine if least cost
path distance on a uniform landscape was equivalent to Euclidian geographic distance. Then, |
used parametric multiple regression on distance matrices (MRM; Hubert & Golledge 1981;
Legendre et al. 1994, Lichstein 2006; Zapala & Schork 2006) to evaluate the effect of
geographic (Euclidian) and dispersal cost (effective) distances on relatedness. Mantel and MRM
tests were calculated using the R package ‘ecodist’ version 1.2.7 (Goslee & Urban 2007). All
distances (Euclidian and effective) were In(x+1) transformed to remove skew and provide a
better linear fit (as in Lichstein 2006; Martiny et al. 2011; Li et al. 2011). Since the distance
matrices were not completely independent, for any MRM that included more than one
independent distance matrix, | estimated the “pure” contribution of each distance matrix as in
Krasnov et al. (2010; see also Legendre et al. 2005; Peres-Neto et al. 2006; Li et al. 2011). The
pure contribution of each independent matrix represents the difference between the R? obtained
with all the independent matrices and without the matrix of interest. | expressed the pure
contribution as a percent of the explainable variation (the R? of the entire MRM model).

For the dispersal niche models, | ran MRM tests for each of the 12 effective distance
hypotheses, first with the effective distance matrix alone, then with both effective and Euclidian
distance matrices to control for the effect of geographic distance. For the other 40 alternative
hypotheses, | used a forward stepwise MRM model (Legendre et al. 1994; Zapala & Schork
2006) to select the landscape hypotheses that best explained relatedness. | started with all 40
effective distance matrices and the Euclidian distance matrix individually, and added matrices
sequentially based on the largest increases in R?, provided that the F statistic, R?, and the
regression coefficient(s) were significant (see below). However, whenever a distance matrix
corresponding to a landscape hypothesis was included in the model, | excluded all other

distance matrices corresponding to the different transforms of the same land cover variable.
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This procedure ensured that the final full model included only one distance matrix for each of
the three land cover variables. Note that | used R?rather than the adjusted R? or the Akaike
information criterion because these statistics cannot be directly assessed given that the
observations in pairwise distance matrices are not independent (Legendre et al. 1994).

For all Mantel and MRM tests, | evaluated significance using 10° permutations of the
relatedness matrix and a Bonferroni corrected alpha level of 0.05. Therefore, the MRM F
statistic, R?, and the regression coefficients were considered significant if their p values were
lower than 0.05/53 = 0.00094. As an alternative, | implemented a null model approach to
evaluate the significance of association between relatedness and distance matrices. This
method can be applied to MRM as well as simple or partial Mantel tests. It involves: 1) creating
k null conductance surfaces with random values ranging from 0 to 100, 2) applying to these
surfaces the same transform (or barrier reclassification) as the real landscape hypotheses, 3)
calculating pairwise least cost path distances for each null surface to create a set of k null
distance matrices, 4) running Kk MRM (or Mantel) tests with the null matrices in place of the real
distance matrix, and 5) comparing the R? (or any other statistic) obtained with the real distance
matrix against the null distribution of k values obtained with the null matrices. Here, | estimated
significance of the R? values with a parametric Z test.

Because this method was computationally intensive, | only used 99 null replicates and
applied it to test the significance of a restricted set of 4 alternative hypotheses: the geographic
distance matrix, the matrices for best dispersal niche models (with and without geographic
distance), and the effective distance matrix that contributed the largest increase in R? in the full
stepwise model. For clarity, | refer to the p-values obtained with permutation as ppery, and to
those obtained with the null model approach as pyuuL. | also investigated the validity of
permutation tests for MRM, Mantel, and partial Mantel tests (correcting for geographic distance)
by testing the association between the relatedness matrix and each of the null matrices with
permutation tests. The association between the real relatedness matrix and the null matrices
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should not be significant given that the null matrices correspond to random landscape
resistance values. | calculated the significance of the MRM, Mantel, and partial Mantel tests with
10° permutations.

Finally, to determine how geographic and effective distance may affect the genetic structure
of the monk parakeet at different distance lags, | examined the fine-scale spatial structure of
relatedness by modifying the “mgram” function in the “ecodist” R package (Goslee & Urban
2007) and calculated the average relatedness at different distance lags. | estimated the 95%
confidence interval of the mean with 1,000 permutations of the relatedness matrix. | performed
this analysis for the four distance matrices described in the preceding paragraph. | considered
11 distance lags: the within nest distance of 0 m, and 10 distance classes selected to include
approximately the same number of observations.

RESULTS
Isolation by distance:

The Euclidean geographic distance matrix and the least cost path distance matrix based on
a uniform conductance surface were highly correlated (Mantel R = 0.99, pperm < 0.00001). |
detected a small but highly significant pattern of IBD (R2 = 0.0734, pperm & pnutL < 0.00001;
Table 3.1). In fact, the distance matrices corresponding to the 53 alternative hypotheses were
all significantly associated to the relatedness matrix according to the MRM tests, with
consistently high p values (pperm < 0.00001).

Dispersal niche models:

Concerning the dispersal niche models, the predictions of all models resulted in highly
significant associations to relatedness (pperv < 0.00001), whether effective distance was
analyzed alone or jointly with geographic distance. Except for two IBB scenarios with the MIA
models, all models yielded similar R? which were consistently higher with the inclusion of
geographic distance (Table 3.2). When effective distance was analyzed alone, the MRM with
the largest R? corresponded to the continuous prediction of the MIA model (Tables 3.1 & 3.2;
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Figure 3.2). This association was highly significant according to both permutation and null model
tests (pperm & prule < 0.00001; Table 3.1). When effective distance was analyzed jointly with
geographic distance, the largest R? was obtained with the IBB prediction of the FL model with a
threshold of 0.5 (Table 3.1 & 3.2; Figure 3.2). This matrix also had the highest individual
contribution to the total R? (Table 3.2). This association was highly significant according the
permutations test (pperm < 0.00001), but not with the null models test (pyui = 0.38). The MRM
with the smallest contribution of geographic distance included the prediction of MIA model.
Stepwise regression model:

For the stepwise MRM model, the full model included the following distance matrices in this
order: 1) the IBB hypothesis with a quasi barrier below 20% canopy cover and high
conductance above (Figure 3.2), 2) the IBB hypothesis with a quasi barrier above 50%
impervious surface and high conductance below, 3) the geographic distance, and 4) the land
cover classification hypothesis with conductance matching the frequency of the FL records
(Table 3.1; Appendix C). This model yielded a larger R? than any other MRM test in this study
and was highly significant (R2 = 0.0940, pperm < 0.00001; Table 3.1). In fact, the second highest
R? (excluding dispersal niche models) was obtained when the first independent distance matrix
(the IBB for canopy cover) was tested alone (R? = 0.0808, pperv < 0.00001; Table 3.1). This
effective distance matrix also had the largest ‘pure’ contribution in the full model (Table 3.1).
However, the MRM for the full stepwise model was not significant according to the null model
approach (pnuLL > 0.99999; in fact, R? was significantly lower than the null replicates), unlike the
MRM with the IBB canopy matrix alone (pnu.. < 0.00001; Table 3.1).

Null resistance vs. permutation tests:

According to the permutation tests of significance, every single null distance matrix had a
significant association to the relatedness matrix. This observation was true regardless of which
test was used: MRM, Mantel, and partial Mantel tests (correcting for geographic distance) were

all consistently highly significant (pperw < 0.00001). The R? null values were approximately
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normally distributed, with a small range of variation (see examples in Figure 3.3). The null
distance matrices were also highly correlated to geographic distance (mean Mantel R = 0.94;
Pperv < 0.00001).

Fine-scale spatial genetic structure:

The analysis of the fine-scale spatial structure of relatedness revealed a high average
within-nest relatedness (r= .36, pperm < 0.001) which rapidly decreased to values close to 0 at
higher distance lags (Figure 3.4). This analysis produced the same results with geographic and
effective distances. The scales of effective least cost path distances were different but the
general pattern was the same (Figure 3.4). Note that | only plotted these trends for the three
distance matrices that were significantly associated with relatedness according to both
permutation and null model tests.

DISCUSSION

The results indicate a weak but highly significant pattern of IBD and that several landscape
hypotheses could explain more of the genetic variation than IBD alone. Among those
hypotheses, the full stepwise regression model yielded the highest proportion of explained
variance. This model included two IBB hypotheses (quasi barriers below 20% canopy cover,
and above 50% impervious surface), the geographic distance, and a continuous hypothesis
based the frequency of land cover classes with monk parakeet presences in FL. When
considered in conjunction with geographic distance, dispersal niche models produced very
similar results (Table 3.1). These results indicate that the dispersal niche model approach may
offer a promising alternative to estimate resistance to dispersal.

However, although highly significant with permutations tests, neither the stepwise regression
model, nor the best dispersal niche model with geographic distance, was significant according
to the null model approach. The continuous prediction of the MIA dispersal niche model was
significant according to both permutations and null models. It also corresponded to the MRM

that was the least improved by the inclusion of geographic distance (Table 3.2). Nonetheless, it



explained less of the variation in pairwise relatedness than IBD alone (Table 3.1). Conversely,
the effective distance matrix with the largest contribution to the full stepwise model produced the
largest R? that was significant with both methods (Table 3.1). This matrix corresponded to the
IBB hypothesis with a quasi barrier below 20% canopy cover and high conductance above. This
result implies that monk parakeets may avoid moving in areas with very low tree density, which
is consistent with my personal observations.

The fine-scale analyses of the spatial structure of relatedness showed that individuals from
the same nests are on average closely related (Figure 3.4), but that there is no colony or
population structure beyond the nests. This pattern was the same with geographic and effective
distances, and can explain the weak association between those distances and relatedness.
Therefore, the pattern of genetic variation in the Miami population can probably be explained by
the fact that monk parakeets avoid nesting close to the natal nest (Gongalves da Silva et al.
2010b), unlike what was previously documented (Martin & Bucher 1993). While monk parakeets
may to some extent avoid areas with low canopy cover, they are probably strong enough flyers
that they are not limited by distance and many landscape features.

Null models vs. Permutations:

Although | implemented the null model method for only a restricted number of hypotheses,
in several of those cases null models and permutations produced very different results. Unlike
null models, permutations consistently resulted in very high significance, regardless of whether
MRM, Mantel, or partial Mantel tests were used. In fact, these tests were also highly significant
when null distance matrices were used in place of the real independent matrices. This
observation supports previous findings that Mantel and partial Mantel tests have highly inflated
rates of Type | error (Oden & Sokal 1992; Raufaste & Rousset 2001; Guillot & Rousset 2013),
and that this limitation also applies to MRM.

However, the null distance matrices were also highly associated to the geographic distance

matrix, which indicates that they preserve the geographic distance signal with some random
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noise. This finding is not surprising considering that the null matrices were created by changing
the landscape conductance but not the distance between the presence records. An alternative
null model approach could be to keep the same conductance values as the landscape
hypotheses considered, but use random geographic records instead of the real species
presence (as in Chapter 1). Null geographic records could also be selected to preserve the
spatial autocorrelation present in the real sample (as in Beale et al. 2008). This approach could
be useful to keep the landscape features and their spatial autocorrelation constant, but change
the distance between the records. As implemented here however, null models preserve the
geographic locations and replace real landscape features (including the existing spatial
autocorrelation) with random ones. Given that the effective least cost path distances on a
uniform landscape were highly correlated with geographic distances, adding random variation
between the presence records should only weaken this correlation, but not remove it
completely.

Given that | detected a significant pattern of IBD (with both permutations and null models), it
is reasonable that Mantel tests showed significant associations between the null distance
matrices and the pairwise relatedness. However, it does not explain why the partial Mantel tests
were also significant. Partial mantel tests are commonly used to test for the association between
two matrices, while controlling for the effect of a third one (Cushman & Landguth 2010).
According to this interpretation, partialling out the geographic distance signal from the null
distance matrices should leave only random noise, and thus no association to the relatedness
matrix. Inflated Type | error with partial Mantel tests is typically attributed to spatial
autocorrelation (Oden & Sokal 1992; Raufaste & Rousset 2001; Guillot & Rousset 2013). This
explanation is not appropriate here since the null conductance surfaces did not preserve the
landscape structure.

Jaquiéry et al. (2010) demonstrated with simulations that Inflated Type | error with

permutation tests may in fact be related to the strength of the landscape signal. In addition, this
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issue is not limited to partial correlations but applies also to regressions and approximate
Bayesian computations. The power and accuracy of these methods is good only when there is a
clear contrast between the conductivity of different landscape features and for features that
strongly impede dispersal (Jaquiéry et al. 2010). This explanation certainly applies to the results
and could explain why the hypothesis that yielded the largest significant R? (barrier below 20%
canopy cover) also produced some of the sharpest contrast in conductivity across the
landscape (Figure 3.2). On the contrary, the dispersal niche models produced relatively
homogenous predictions with large portions of the study region with high conductivity (Figure
3.2). These patterns were therefore probably much harder to differentiate from IBD than the
sharper canopy IBB scenario.

Nevertheless, | showed that for at least one of the dispersal niche models a significant
pattern was detected with null models. With this approach, a significant association indicates
that the landscape signal was significantly stronger than a random effect with the same
geographic signal. Therefore, this null model approach may be a better alternative than the
partial mantel test (and related methods) to evaluate a landscape hypothesis while controlling
for IBD, especially when the landscape signal is weak.

Dispersal niche models:

Despite the weak relationship between geographic and effective distance on relatedness in
the Miami monk parakeet population, the results indicate that the dispersal niche model
approach produced results equivalent to the stepwise regression model. However, the stepwise
regression model evaluated 41 different hypotheses based on multiple guesses of conductance
values, and provided no protection for increased complexity. As discussed in the introduction,
such an approach has a number of limitations (Graves et al. 2013). Thus, the dispersal niche
models may offer a promising alternative to estimate resistance to dispersal. The most
important advantage of this approach is that it does not require iterative correlation to the

genetic data to estimate the resistance (or conductance) values and select the important
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landscape variables. Instead, it uses independent data to arrive at these values and the genetic
data is only used for final hypothesis testing, in agreement with earlier recommendations (Spear
et al. 2010; Graves et al. 2013). A dispersal niche model prediction forms an a priori hypothesis
formulated with objective criteria and a repeatable method. Such an approach is arguably
preferable to iteratively testing many “educated guesses”. Furthermore, unlike other methods
such as telemetry studies, this approach does not require intensive behavioral studies. Species
presence and environmental data are often readily accessible online for many taxa and
geographic regions (Peterson et al. 2011, pp 62-95). As an extension of ENM, this approach
can also benefit from all the theoretical and practical advances of this rapidly developing field.
These advances can help researchers follow the best practices to select appropriate species
data, environmental predictors, modeling algorithm, modeling settings, and evaluation methods
(Elith & Leathwick 2009; Peterson et al. 2011). Finally, similarly to ENM, this approach can be
used to make predictions in the future or in the past under different scenarios of urbanization, or
climate change (Peterson et al. 2011, pp 200-208).

However, this approach also suffers from several limitations. First, aside from the current
study there is to my knowledge no evidence that ecological niche modeling methods may be
used to estimate dispersal preferences. Depending on the species, data, and spatial scales, this
approach may not be appropriate. Studies with other species, different landscape variables, and
simulated data will be necessary to determine the practical limits of this approach. In addition,
as mentioned earlier the quality of the presence data (correct identification, accurate geographic
coordinates, no sampling bias) is crucial to obtain accurate predictions (Syfert et al. 2013).
Locations where the species is observed (sighted or captured) may not necessarily represent
what is suitable for dispersal but rather what is suitable for other biological functions (foraging,
courtship, mating, or nesting).

In addition, presence data is sensitive to sampling bias related to detection probability. For
instance, a bird species may favor dense canopy to move/disperse but it may be much more
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likely to be sighted in open areas. This risk is probably small with monk parakeets given that
they can be easily identified with their loud calls and active social behavior (Forshaw & Cooper
1989). Nevertheless, for the 2325 presence records used in this study, monk parakeets were
predominantly documented in areas with less than 20% canopy cover (Appendix C). This may
seem in opposition to the result of the landscape genetics analysis. However, percent canopy
cover had a very low contribution in the Maxent models (Appendix C). This observation
suggests that monk parakeets were documented more often in areas with low canopy because
those areas are more abundant in the study region, rather than because of behavioral
preferences. As a result, the dispersal niche models predicted a large influence of impervious
surfaces (Appendix C) but may have underestimated the positive effect of increasing canopy
cover.

Finally, the niche models predictions produced here were relatively homogenous with large
portions of the study region with high conductivity. The power and accuracy of most tests of
matrix association is dramatically reduced with conductance surfaces with such characteristics
(Jaquiéry et al. 2010). Therefore, it may be necessary to choose modeling algorithms, or types
of model outputs that offer more contrast in the predictions. For instance, here | could have
chosen to multiply the predicted suitability by 10,000 rather than 100, or | could have opted for
more restrictive thresholds for the IBB predictions. However, these decisions should be made a
priori and based on biologically meaningful criteria.

Implications for monk parakeets’ invasive potential:

Monk parakeets were for a long time suspected of displaying strong natal philopatry (i.e.,
dispersing close to the natal nest; Emlen 1990; Martin & Bucher 1993) which may have limited
their rate of range expansion in invaded areas (Butler 2005). On the contrary, Gongalves da
Silva et al. (2010b) demonstrated based on parental assignment analyses that long distance
dispersal was frequent in both native and introduced populations. The fine-scale spatial genetic

structure analysis presented here suggests that there is no colony or population structure
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beyond high within-nest relatedness. Thus, monk parakeet may in fact avoid nesting close to
the natal nest. Furthermore, the current results and those of Gongalves da Silva et al. (2010b)
indicate that monk parakeets have strong dispersal capabilities and are probably not limited by
distance and most landscape features. They may to some extent avoid areas with very low
canopy cover but this pattern is probably not strong enough to have any real consequences on
their invasive potential. Therefore, it is likely that monk parakeets are capable of expanding their
range to the adjacent ecologically suitable areas identified in Chapter 2. Unlike previously
suggested (Butler 2005), whether these expansions will materialize may depend more on
restrictions linked to local resource availability and eradication effort rather than on the monk
parakeet dispersal potential. In Chapter 2, the ENM predictions revealed several areas adjacent
to most of the currently well established populations that are particularly at risk of invasion.
Considering the rapid rates of ranges expansions and populations growths documented in
Spain (Domenech et al. 2003; Munoz & Real 2006; Conroy & Senar 2009) and the US (Van
Bael & Pruett-Jones 1996; Street et al. 2007; Pruett-dones et al. 2011), and that most
populations have benefitted from strong propagule pressure (Gongalves da Silva et al. 2010b), it
is very likely that monk parakeets will continue to expand their range in the future.

Conclusion:

Despite its limitations, the dispersal niche modeling approach offers many advantages over
the traditional approach of examining multiple guesses of resistance values. Although the monk
parakeet population in Florida presented little genetic spatial structure beyond high within-nest
relatedness, the niche modeling approach produced equivalent results as a stepwise regression
model considering a wide range of hypothesis. Furthermore, the results confirmed that partial
Mantel tests and the derived multiple regressions on distance matrices may suffer from highly
inflated rates of Type | error, even when the effect of spatial autocorrelation is removed. The null
model approach implemented here may be a better alternative to evaluate the significance of

association between genetic and effective distance matrices while controlling for isolation by
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distance. Finally, the results imply that although monk parakeets may to some extent avoid
areas with low canopy cover, they are probably not limited by distance and most landscape
features, and may therefore continue to expand their range to adjacent ecologically suitable

areas.
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Table 3.1: Results of the multiple regressions on distance matrices (MRM) tests evaluated
with both the permutation and null model methods, with the Lynch-Ritland pairwise
relatedness used as the dependent matrix, and the In(x+1) transformed pairwise geographic
(Geo) and least cost paths distances used as the independent matrices (IM). Note that the
DNM model with geographic distance explains a proportion if variance equivalent to that of
the full stepwise regression model. However, neither of these MRM tests was significant
according to null resistance tests. The only MRM tests to be significant with both
permutation and null resistance tests were the ones for the geographic distance, the MIA
DNM model, and the IBB hypothesis with a quasi-barrier below 20 percent canopy cover.

MRM model IM Coefficient Contribution R? F

Geo - - - 0.0734* 849.71*
Intercept = 0.23* Geo -0.02* - - -
Full model - - - 0.0940* 278.31*
Intercept = 0.32* Canopy-IBB-20% -0.02* 6.83% - -
Imperv-IBB-50% 0.01* 1.13% - -
Geo -0.03* 5.30% - -
Landcov-FL-freq 0.02* 1.32% - -
Canopy - - - 0.0808* 943.50*
Intercept = 0.27* Canopy-IBB-20% -0.02* NA - -
DNM - - - 0.0481* 541.87*
Intercept = 0.14* DNM-MIA -0.02* - - -
DNM + Geo - - - 0.0906* 534.19*
Intercept = 0.31* DNM-FL-IBB-0.5 0.04* 18.97% - -
Geo -0.06* 51.35% - -

IBB = Isolation By Barrier; Canopy-IBB-20% = quasi-barrier below 20 percent canopy cover;
Imperv-IBB-50% = quasi-barrier above 50 percent impervious surface; Landcov-FL-freq =
conductance based on the frequency of land cover classes with monk parakeet presences
in Florida. DNM = Dispersal Niche Model; DNM-MIA = DNM based on monk parakeet
presences in Miami. DNM-FL-IBB-0.5 = DNM based on presences in Florida, with a 0.5
threshold applied. Contribution = difference between the R? obtained with all independent
matrices and without the matrix of interest, as a percentage of total R?. Asterisks indicate
significant values according to permutations tests. R? values that are significant with null
resistance tests are bolded. Significance assessed with a Bonferroni corrected alpha level of
0.05/53 = 0.00094.
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Table 3.2: R? of the multiple regressions on distance matrices (MRM) for the
dispersal niche models predictions (DNM). Lynch-Ritland pairwise relatedness was
used as the dependent matrix. The In(x+1) transformed least cost paths distances for
the niche model predictions were used as the independent matrices (IM), either
alone (DNM), or jointly with the In(x+1) transformed geographic distance (DNM +
Geo). Note that the MIA model provided the best fit alone, while the FL model with a
barrier applied below a threshold of 0.5 provided the best fit when accounting for
geographic distance (FL-IBB-0.5).

IBB MRM Model Contribution

IM Threshold DNM DNM + Geo DNM Geo
MIA None 0.0481 0.0890 17.57% 46.00%
MIA-IBB-0.5 0.5 0.0239 0.0852 13.87% 71.95%
MIA-IBB-10% 0.44 0.0259 0.0848 13.49% 69.45%
MIA-IBB-min 0.26 0.0445 0.0904 18.79% 50.76%
FL None 0.0472 0.0893 17.85% 47.21%
FL-IBB-0.5 0.5 0.0441 0.0906 18.97% 51.35%
FL-1BB-10% 0.58 0.0450 0.0899 18.40% 50.01%
FL-IBB-min 0.55 0.0445 0.0902 18.67% 50.63%
us None 0.0472 0.0893 17.81% 47.08%
US-IBB-0.5 0.5 0.0441 0.0905 18.94% 51.27%
US-IBB-10% 0.62 0.0449 0.0901 18.58% 50.18%
US-IBB-min 0.57 0.0445 0.0903 18.77% 50.76%

MIA, FL, US = DNM predictions based on monk parakeet presences in Miami,
Florida, and the US, respectively; IBB = continuous prediction converted to binary
Isolation By Barrier scenario based on following Maxent logistic threshold: “0.5”
(fixed threshold of 0.5), “10%” (the tenth percentile predicted value of MIA
presences), and “min” (the minimum predicted value of MIA presences). Contribution
= difference between the R? obtained with the MRM for DNM + Geo and without the
matrix of interest, as a percentage of total R All R? are significant with permutations
tests (p < 0.00094).
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Figure 3.1: Monk parakeet presence records: (a) in the continental US, (b) for the genotyped individuals in the Miami metro Area.

The black rectangle shows the extent of landscape considered for the least cost path analyses.
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Figure 3.2: Examples of conductance surfaces: (a) the continuous prediction of the
MIA dispersal niche model, (b) the binary (IBB) prediction of the FL dispersal niche
model with a threshold of 0.5, and (c) the IBB hypothesis with a quasi barrier below
20% canopy cover and high conductance above (0 = quasi-barrier to dispersal, 100 =
high conductance).
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Figure 3.3: Examples of R? null distributions obtained from 99 MRM tests with null distance
matrices. For each null replicate, the pairwise Lynch-Ritland relatedness was used as the
dependent matrix, and a In(x+1) transformed null distance matrix as the independent matrix,
either alone (a), or jointly with the In(x+1) transformed geographic distance (b). Null distance
matrices were obtained by calculating pairwise least cost paths distances through landscapes
with random conductance values. Note that the null R? are approximately normally distributed
within a very narrow range of values.
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Figure 3.4: Average pairwise relatedness at different distance lags for: (a) the pairwise
geographic distance, and the pairwise least cost path distance through (b) a landscape with low
conductance below 20% canopy cover and high conductance above, and (c) the landscape
corresponding to the prediction of the MIA dispersal niche model. Filled symbols are significant
(p < .05) based on 1,000 permutations of the relatedness matrix. Distance lags were chosen to
include the within nest distance of 0 m and 10 distance classes with approximately the same
number of observations.
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APPENDIX A
R scripts for the null model approach and the Maxent settings optimization procedure:
## This R script includes: 1) the main function to evaluate the performance of a model with
AUCtest, AUCdIff, and OR for a specified threshold, and to calculate significance with null
models. The progress is displayed on screen and the results can optionally be saved to a file
after each Maxent iteration. 2) A script to automate in parallel the optimization procedure
described in the text.
## Both scripts may require the following libraries, and options to be loaded in R:
Sys.setenv(NOAWT=TRUE) #only for certain macs before loading rJava
library(rdava) # required to run Maxent within dismo
#optional, to set the memory allocated to java, hence maxent (before loading dismo)
options(java.parameters = "-Xmx2g" )
library(dismo) # should also load automatically the required packages sp and raster

## 1) The main null model function:

mxt.nulltest(train, bg, n = 9, proj=bg, c.proj=TRUE, args = "addsamplestobackground", threshold

= .1, abs.diff=TRUE, test=NULL, group=NULL, bg.group=NULL,save=NULL)

## The inputs for this function are:

## - train : a dataframe of the environmental values for the species calibration presences: one
row for each presence, one column for each predictor. Note that categorical variable must be
indicated with as.factor()

## - n : the number of null replicates

## - bg : the same as “train” but for the background points (the comparisons records for the
model)

## - proj : a dataframe in the same format as “train” and “bg” which corresponds to the pixels
over which the statistics will be calculated. By default this is the same as “bg” but it may be

useful when the models are projected to a different region
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## - c.proj : TRUE, if “proj” includes both the calibration and evaluation records, FALSE, if it
includes only the evaluation records (note that when FALSE is selected, AUCdIff will be
meaningless)

## - args: a list of Maxent arguments

## - abs.diff : TRUE or FALSE, whether the absolute value of AUCdiff should be returned

## - threshold : the percentile of calibration records used to set the threshold to calculate the
omission error rate.

## - test: the same as “train” but for the evaluation records. If it is not provided, a cross
validation test procedure will be used.

## - group : (only if test is missing), a vector of length nrow(train) which indicates the partitions
for the cross validation procedure. If omitted the presence records are assigned to partitions
randomly (with a minimum of 10 records per partitions, and a maximum of 10 partitions)

## - bg.group : (only if test is missing) the same as “group” but for the background points. If
omitted these are assigned to partitions randomly.

## - save: the path for the .csv file where the results should be saved (optional) after each
Maxent run (for both the real data and the null replicates)

## The function returns an object with the following slots:

## @summary : a data.frame with the performance of and significance summary statistics

## @random.reps : an array with the performance statistics for the null replicates

## Note: when a save file path is not provided, the results of this function should be saved to a

R object for further analyses.

mxt.nulltest = function(train, bg, n = 9, proj=bg, c.proj=TRUE, args =
"addsamplestobackground", threshold = .1, abs.diff=TRUE, test=NULL, group=NULL,
bg.group=NULL,save=NULL) {

require(ROCR)
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# the following sub-function runs the Maxent models and calculates the evaluation statistics
f.real= function(x, p, args, proj, c.proj, bg, train, test, abs.diff, threshold) {

tmpdir=paste(tempdir(),runif(1,0,1),sep="/")
dir.create(tmpdir, showWarnings = TRUE, recursive = FALSE)
mod=maxent(x,p, args=args,path=tmpdir)
test.bb = predict(mod,proj)
if(c.proj==TRUE) train.bb=test.bb else train.bb=predict(mod,bg)
testpp = predict(mod,test)
trainpp = predict(mod,train)
combinedtest = c(testpp, test.bb)
labeltest = c(rep(1,length(testpp)), rep(0,length(test.bb)))
combinedtrain = c(trainpp, train.bb)
labeltrain = c(rep(1,length(trainpp)), rep(0,length(train.bb)))
predtest = prediction(combinedtest, labeltest)
predtrain = prediction(combinedtrain, labeltrain)
AUC-= function(x) {performance(x, "auc")@y.values[[1]]}
AUCtest = AUC(predtest)
AUCtrain = AUC(predtrain)
AUCUdiff= AUCtrain - AUCtest
if(abs.diff==FALSE) AUCdiff=AUCdiff else AUCdiff=abs(AUCdiff)
r=length(testpp[testpp<quantile(trainpp,threshold)])
t=length(testpp)
a=length(test.bb[test.bb>=quantile(trainpp,threshold)])/length(test.bb)
bintest=binom.test(t-r,t,p=a,alternative = "g")
OR_binom_p=bintest$p.value

OR=r/t



stats= c(AUCtrain, AUCtest, AUCdIiff, OR, OR_binom_p)
unlink(tmpdir,recursive=T ,force=T)
return(stats)}
# the rest of the function iterates the sub-function above for each of the real and null models
and (optionally) saves the results
if(missing(test)) {
if(missing(group)) {
if(nrow(train)<100) {k=trunc(nrow(train)/10)} else {k=10}
group=kfold(train,k)} else {group=group
k=length(unique(group))}
if(missing(bg.group)) bg.group=kfold(bg, length(unique(group))) else bg.group=bg.group
Ibl=vector()
for(i in 1:k) {Ibl[[i]]=paste("Real",i,sep="_")}
a=k-1
for(i in 1:k) {for(j in 1:n) {Ibl[[a+i+j]]=paste("Null",i,j,sep="_")}
a=a+n-1}
res=array(,dim=c(k*(n+1)+5,5),dimnames=list(c(lbl,"Mean_Real","Mean_Null","Std.Dev_Null","Z
_score","p_value"),c("AUCtrain","AUCtest","AUCdIff","OR","OR_binom_p")))
cat("Replicate",colnames(res)," % Completion","\n", sep ="\t")
null=array(,dim=c(n,5,k),dimnames=list(NULL,c("AUCtrain","AUCtest","AUCdiff","OR","OR_bino
m_p"),NULL))
a=k-1
for (iin 1:k) {
k.train = train[group !=i,]
k.test = train[group == i,]

k.bg = bg[bg.group !=i,]
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x=rbind(k.train, k.bg)
p=c(rep(1,nrow(k.train)),rep(0,nrow(k.bg)))
reps.x= list()
reps =list()
for (jin 1:n) {
s = sample(nrow(k.bg),nrow(k.train))
reps([j]l=k.bg[s.]
if(any(args=="noaddsamplestobackground")) {
reps.x[[j]] = rbind(k.bg[s,], k.bg)
reps.p = p} else {
reps.X[[j]] = rbind(k.bg[s,], k.bg[-s,])
reps.p = c(rep(1,length(s)),rep(0,(nrow(k.bg)-length(s))))}
}
res[i,]=f.real(x, p, args, proj, c.proj, bg, train=k.train, test=k.test, abs.diff, threshold)
cat(rownames(res)[il,res[i,]," ",round((i*(n+1)-n)/((n+1)*k+1)*100,digits=2),"%","\n", sep ="\t")
for (jin 1:n) {
nullfj,,i]=f.real(reps.x[[j]].p= reps.p, args, proj, c.proj, bg, train=reps[[j]], test=k.test, abs.diff,
threshold)
res[a+i+j,]=null[j,,i]
cat(rownames(res)[a+i+j],res[a+i+j,]," ",round((i*(n+1)-n+j)/((n+1)*k+1)*100,digits=2),"%","\n",
sep ="\t")
if(lmissing(save)) write.csv(res,save)
}
a=a+n-1}
res[k*(n+1)+1,]=apply(res[1:k,],2,mean)

means.k.null = rowMeans(null, dims=2)
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res[k*(n+1)+2,]=colMeans(means.k.null)
res[k*(n+1)+3,]= apply(means.k.null,2,sd)
res[k*(n+1)+4,]=(res[k*(n+1)+1,J-res[k*(n+1)+2,])/res[k*(n+1)+3,]
res[k*(n+1)+5,1:2]=(1-pnorm(res[k*(n+1)+4,1:2]))
res[k*(n+1)+5,3:5]=(pnorm(res[k*(n+1)+4,3:5]))
cat(rownames(res)[k*(n+1)+5] res[k*(n+1)+5,]," 100 %","\n", sep ="\")
real=res[-((k+1):(k*(n+1))).]
} else {
x=rbind(train, bg)
p=c(rep(1,nrow(train)),rep(0,nrow(bg)))
reps.x= list()
reps =list()
for (i in 1:n) {
s = sample(nrow(bg),nrow(train))
reps([il]=bg[s.]
if(any(args=="noaddsamplestobackground")) {
reps.X[[i]] = rbind(bg[s.], bg)
reps.p = p} else {
reps.x[[i]] = rbind(bgls.], bg[-s,])
reps.p = c(rep(1,length(s)),rep(0,(nrow(bg)-length(s))))
}
}

Ibl=vector()
for (i in 1:n) {Ibl[[i]]=paste("Null",i,sep="_")}
res=array(,dim=c(n+5,5),dimnames=list(c("Real",Ibl,"Mean_Null","Std.Dev_Null","Z_score","p_v

alue"),c("AUCtrain","AUCtest","AUCdIff","OR","OR_binom_p")))
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cat("Replicate",colnames(res)," % Completion","\n", sep ="\t")

res[1,]=f.real(x, p, args, proj, c.proj, bg, train=train, test=test, abs.diff, threshold)

cat(rownames(res)[1],res[1,]," 1 %","\n", sep ="\t")

for(i in 1:n) {res[i+1,]=f.real(reps.x[[i]],p= reps.p, args, proj, c.proj, bg, train=reps[[i]], test=test,
abs.diff, threshold)

cat(rownames(res)[i+1],res[i+1,]," ",round((i+1)/(n+2)*100,digits=2),"%","\n", sep
="\t")
if(!missing(save)) write.csv(res,save)

}

null=res[2:(n+1),]

res[n+2,]=apply(null,2,mean)

res[n+3,]=apply(null,2,sd)

res[n+4,]=(res[1,]-res[n+2,])/res[n+3,]

res[n+5,1:2]=1-pnorm(res[n+4,1:2])

res[n+5,3:5]=pnorm(res[n+4,3:5])

cat(rownames(res)[n+5],res[n+5,]," 100 %","\n", sep ="\t")

real=res[-(2:(n+1)),]

}

if(!missing(save)) write.csv(res,save)
Results<- setClass("Results", representation(summary="data.frame", random.reps="array"))
res=new("Results")
res@summary = data.frame(real)
res@random.reps = null

return(res)}
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## 2) The script to automate in parallel the optimization procedure

# Create a list of maxent arguments corresponding to those settings 42 different settings
a="addsamplestobackground"

b="noautofeature"

h="nohinge"

t="nothreshold"

p="noproduct"

LQ=lapply(seq(.5,3,.5), function(x) {c(a,b,p,t,h,paste("betamultiplier",x,sep="="))})
LQP=lapply(seq(.5,3,.5), function(x) {c(a,b,t,h,paste("betamultiplier",x,sep="="))})
LQT=lapply(seq(.5,3,.5), function(x) {c(a,b,p,h,paste("betamultiplier",x,sep="="))})
LQH=lapply(seq(.5,3,.5), function(x) {c(a,b,p,t,paste("betamultiplier",x,sep="="))})
LQPT=lapply(seq(.5,3,.5), function(x) {c(a,b,h,paste("betamultiplier",x,sep="="))})
LQPH=lapply(seq(.5,3,.5), function(x) {c(a,b,t,paste("betamultiplier",x,sep="="))})
LQTH=lapply(seq(.5,3,.5), function(x) {c(a,b,t,h,paste("betamultiplier”,x,sep="="))})
LQPTH=lapply(seq(.5,3,.5), function(x) {c(a,b,paste("betamultiplier",x,sep="="))})
args=c(LQ,LQP,LQT,LQH,LQPT,LQPH,LQTH,LQPTH)

# create a list of the files where the results for each combination of settings will be saved
(replace “your_path/your_file” by the desired path and file name)
LQs=lapply(seq(.5,3,.5),function(x) {paste("your_path/your_file_LQ",x,".csv",sep="")})
LQPs=lapply(seq(.5,3,.5),function(x) {paste("your_path/your_file_LQP" x,".csv",sep="")})
LQTs=lapply(seq(.5,3,.5),function(x) {paste("your_path/your_file_LQT" x,".csv",sep="")})
LQHs=lapply(seq(.5,3,.5),function(x) {paste("your_path/your_file_LQH",x,".csv",sep="")})
LQPTs=lapply(seq(.5,3,.5),function(x) {paste("your_path/your_file_LQPT",x,".csv",sep="")})
LQPHs=lapply(seq(.5,3,.5),function(x) {paste("your_path/your_file_LQPH",x,".csv",sep="")})
LQTHs=lapply(seq(.5,3,.5),function(x) {paste("your_path/your_file_LQTH",x,".csv",sep="")})
LQPTHs=lapply(seq(.5,3,.5),function(x) {paste("your_path/your_file_LQPTH",x,".csv",sep="")})
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save=c(LQs,LQPs,LQTs,LQHs,LQPTs,LQPHs,LQTHs,LQPTHSs)

# load the following libraries required for parallel execution

library(foreach)

library(doSNOW)

# make a cluster corresponding to how many parallel versions of R should be run (avoid using

every single core in your computer)

cl <- makeCluster(6, "SOCK")

registerDoSNOW(cl)

# run the foreach loop in parallel

maxent.runs <- foreach(i = 1:length(args), .packages = c("dismo", "rdava","ROCR")) %dopar% {
mxt.nulltest(train, bg, n = 1000, proj=bg, c.proj=TRUE, args = args[[i]], group=group,

bg.group=bg.group,save=save[][i]])}

stopCluster(cl)

# the results should have been saved to the specified files but they can also be viewed in R, or

as a summary with the following lines of code:

summary=Ilapply(maxent.runs, function(x) x@summary)

names(summary)=save

#HEND
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APPENDIX B
R script to partition a study region with a Voronoi tessellation:
## This function partitions a study region using a Vornoi tessellation and identifies the presence
and background records located in each partition. The Voronoi tessellation is created by
sampling a k points in the study region, where k is the number of partitions desired. The
sampling can be random, regular, stratified, clumped, or any other sampling method as defined
in the ‘spsample’ function from the ‘sp’ package.
voronoikfold(pres.pts,bg.pts,k,bg.poly="hull',type="regular",lonlat=F)
## The function requires the following inputs:
## pres.pts : an object of class SpatialPoints-class, the coordinates of the presence points
## bg.pts : an object of class SpatialPoints-class, the coordinates of the background points
## Kk : the number of desired partitions
## bg.poly : the extent of the study regions. By default, the function uses the convex hull around
all the presence points. If a distance is specified, it will calculate a buffered region around all the
presence points with a radius equal to the specified distance. Any other extent can be provided,
as long as it is an object of class SpatialPolygons or a SpatialPolygonsDataFrame.
## type: the sampling method, see ‘spsample’ from the ‘sp’ package. The default is “regular” to
create partitions of approximately equal sizes.
## lonlat : TRUE or FALSE (the default), whether the presence, background, and study region
extent, have a longitude/latitude coordinate reference system
## The function returns an object with the following slots:
## @polygons : an object of class SpatialPolygons which can be plotted to show the Voronoi
tessellation produced
## @group = a vector indicating in which partition each of the presence record is located
## @bg.group = a vector indicating in which partition each of the backround point is located

voronoikfold= function(pres.pts,bg.pts,k,bg.poly="hull',type="regular",lonlat=F) {
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require(deldir)
require(sp)
require(raster)
require(rgeos)
require(dismo)
require(maptools)
if(is.numeric(bg.poly) X

¢ <- circles(pres.pts, d=bg.poly, lonlat=lonlat)

if (IrgeosStatus()) gpclibPermit()

cp=unionSpatialPolygons(c@polygons,rep(1,length(pres.pts)))

bgextpoly=as(extent(bg.pts), "SpatialPolygons")

y = gIntersection(cp,bgextpoly,byid=TRUE)} else {

if(any(class(bg.poly)=="SpatialPolygons"|class(bg.poly)=="SpatialPolygonsDataFrame"))
{y=bg.poly} else {
if(bg.poly=="hull') {
hull = convHull(pres.pts)
y = hull@polygons} else {
stop('bg.poly must be either a distance in meter, a SpatialPolygons or a
SpatialPolygonsDataFrame')}}}

kc=NULL
while(length(kc)!=k) kc=spsample(y, k, type=type)
bb = bbox(bg.pts)
rw = as.numeric(t(bb))
z <- deldir(kc@coords[,1], kc@coords[,2],rw=rw)
w <- tile.list(z)

polys <- vector(mode='list', length=length(w))
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for(i in seq(along=polys)) {
pcrds = cbind(w[[il]$x, w[[i]1$y)
pcrds = rbind(pcrds, pcrds[1,])
polys[[i]] <- Polygons(list(Polygon(pcrds)), ID=as.character(i))
}
SP <- SpatialPolygons(polys)
proj4string(SP)=proj4string(pres.pts)
Results<- setClass("Results", representation(polygons="SpatialPolygons", group="vector",
bg.group="vector"))
res=new("Results")
res@polygons = SP
res@group = over(pres.pts,SP)
res@bg.group = over(bg.pts,SP)

return(res)

#HEND
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APPENDIX C

Supplemental documentation for Chapter 3:

This Appendix includes statistics of the optimized Maxent models (Table C.1); the

transforms applied to convert the percent canopy cover and percent impervious surface land
cover variables to conductance surfaces (Table C.2 & Figure C.1); and the frequency of monk

parakeet presence observed for the three land cover variables, with matching conductance for

the corresponding IBB hypotheses (Table C.3).

Table C.1: Statistics of the optimized Maxent models based on monk parakeet presence
records in the Miami metro area (MIA), Florida (FL), and the entire continental United

States (US).

Maxent Model

Statistic MIA FL us
#Training samples 51 1045 2325
Regularized training gain 2.27 0.86 0.88
Unregularized training gain 2.35 0.89 0.90
Iterations 300 500 500
Calibration AUC 0.96 0.83 0.84
#Background points (includes training samples) 29783 30022 86344
Canopy contribution (%) 0.12 0.19 1.86
Impervious contribution (%) 93.01 62.87 91.67
Land cover class contribution (%) 6.86 36.94 6.47
Canopy permutation importance (%) 210 2.23 8.36
Impervious permutation importance (%) 92.17 11.45 70.27
Land cover class permutation importance (%) 5.73 86.33 21.37
Entropy 8.03 9.46 10.49
Prevalence (average of logistic output over background
sites) 0.05 0.20 0.20
Minimum MIA records logistic threshold 0.26 0.55 0.57
10 percentile MIA records logistic threshold 0.44 0.58 0.62
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Concuctance

Table C.2: Transforms applied to convert continuous land cover variables (percent canopy
cover and percent impervious surface) to conductance surfaces, with the corresponding
hypothesis names. The legend refers to the illustration of these transforms in Figure C.1.

Hypothesis Name

Transform Legend % Canopy Cover % Impervious surface
y =X a Canopy Imperv
y =x"2/100 b Canopy_sqr Imperv_sqr
y=x"0.5*10 c Canopy_sqroot Imperv_sqroot
y =In(x+1)/In(101) * 100 d Canopy_In Imperv_In
y = exp(x*In(101)/100) — 1 e Canopy_exp Imperv_exp
y = abs(100/(1+x) - 100) f Canopy_reclnv_r Imperv_reclnv_r
y = 100/(101-x) g Canopy_rec_r Imperv_rec_r
y =100 —x h Canopy_r Imperv_r
y = (100-x)*0.5 * 10 i Canopy_sqroot_r Imperv_sqroot_r
y = (100-x)*2 /100 j Canopy_sqr_r Imperv_sqr_r
y =In(101-x) / In(101) * 100 k Canopy_In_r Imperv_In_r
y = exp((100-x)*In(101)/100) - 1 I Canopy_exp_r Imperv_exp_r
y = abs(100/(101-x) - 100) m Canopy_reclnv Imperv_recinv
y= 100/(x+1) n Canopy rec Imperv_rec

Figure C.1: Transforms applied to convert continuous land cover variables to conductance
surfaces. Legend in Table C.2.
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Table C.3: Frequency of monk parakeet presences observed in the Miami metropolitan area
(MIA), Florida (FL), and the entire continental United States (US) for: (a) the percent canopy
cover, (b) the percent impervious surface, and (c) the land cover classification. Conductance
values are included for the corresponding Isolation By Barrier (IBB) hypotheses.

(a)

% Canopy cover Frequency IBB Conductance
Interval MIA FL uUs IBB-20% [IBB-20-80% IBB-80%
[0,10] 82.35% 74.35% 74.84% 100 0 0
(10,20] 13.73%  6.03% 3.96% 100 0 0
(20,30] 1.96% 4.88% 4.00% 0 100 0
(30,40] 1.96% 2.97% 3.23% 0 100 0
(40,50] 0.00% 1.63% 2.54% 0 100 0
(50,60] 0.00% 1.44% 1.72% 0 100 0
(60,70] 0.00% 1.53% 1.89% 0 100 0
(70,80] 0.00% 1.34% 2.45% 0 100 0
(80,90] 0.00% 1.63% 2.28% 0 0 100
(90,100] 0.00% 4.21% 3.10% 0 0 100

(b)

% Impervious surface Frequency IBB Conductance
Interval MIA FL uUs IBB-20% IBB-50% IBB-80%
[0,10] 0.00% 37.32% 34.54% 100 100 100
(10,20] 11.76% 7.85% 7.31% 100 100 100
(20,30] 15.69% 9.47% 7.96% 0 100 100
(30,40] 31.37% 10.72% 9.85% 0 100 100
(40,50] 17.65% 8.42% 8.04% 0 100 100
(50,60] 13.73% 8.04%  8.09% 0 0 100
(60,70] 588% 5.36% 6.71% 0 0 100
(70,80] 3.92% 4.88% 5.72% 0 0 100
(80,90] 0.00% 3.92% 6.11% 0 0 0
(90,100] 0.00% 4.02% 5.68% 0 0 0

(c): continued on following page.



Table C.3: continued from previous page.

(c)
Frequency IBB Conductance
Land Cover Class MIA FL uUs IBB-1 IBB-2 IBB-3
Open Water 0.00% 4.88% 4.60% 0 0 100
Developed, Open Space 3.92% 18.47% 16.39% 100 100 100
Developed, Low Intensity 74.51% 29.76% 26.32% 100 100 100
Developed, Medium Intensity 21.57% 18.95% 21.25% 100 100 100
Developed, High Intensity 0.00% 7.85% 11.96% 0 100 100
Barren Land (Rock/Sand/Clay) 0.00% 1.44% 1.63% 0 0 0
Deciduous Forest 0.00% 0.00% 2.11% 0 0 0
Evergreen Forest 0.00% 0.19% 0.99% 0 0 0
Mixed Forest 0.00% 0.10% 0.26% 0 0 0
Shrub/Scrub 0.00% 0.57% 0.90% 0 0 0
Grassland/Herbaceous 0.00% 0.38% 1.46% 0 0 0
Pasture/Hay 0.00% 0.77% 1.25% 0 0 0
Cultivated Crops 0.00% 0.96% 0.90% 0 0 0
Woody Wetlands 0.00% 10.24% 6.24% 0 100 100
Emergent Herbaceous Wetlands  0.00% 5.45% 3.74% 0 0 100
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