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Abstract

Species distribution models (SDMs) are increasingly used for extrapolation, or predicting suitable regions for species under
new geographic or temporal scenarios. However, SDM predictions may be prone to errors if species are not at equilibrium
with climatic conditions in the current range and if training samples are not representative. Here the controversial
‘‘Pleistocene rewilding’’ proposal was used as a novel example to address some of the challenges of extrapolating modeled
species-climate relationships outside of current ranges. Climatic suitability for three proposed proxy species (Asian elephant,
African cheetah and African lion) was extrapolated to the American southwest and Great Plains using Maxent, a machine-
learning species distribution model. Similar models were fit for Oryx gazella, a species native to Africa that has naturalized in
North America, to test model predictions. To overcome biases introduced by contracted modern ranges and limited
occurrence data, random pseudo-presence points generated from modern and historical ranges were used for model
training. For all species except the oryx, models of climatic suitability fit to training data from historical ranges produced
larger areas of predicted suitability in North America than models fit to training data from modern ranges. Four naturalized
oryx populations in the American southwest were correctly predicted with a generous model threshold, but none of these
locations were predicted with a more stringent threshold. In general, the northern Great Plains had low climatic suitability
for all focal species and scenarios considered, while portions of the southern Great Plains and American southwest had low
to intermediate suitability for some species in some scenarios. The results suggest that the use of historical, in addition to
modern, range information and randomly sampled pseudo-presence points may improve model accuracy. This has
implications for modeling range shifts of organisms in response to climate change.
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Introduction

Species distribution models (SDMs), also known as bioclimatic

or ecological niche models, climate envelope models and

predictive habitat distribution models, statistically relate known

species occurrences with environmental variables in order to

predict potential regions of suitability for species or communities

[1,2]. There are two common uses of SDMs: (1) interpolation, or

predicting entire distributions of organisms from limited occur-

rence data within the existing range and (2) extrapolation, or

predicting suitable regions for species under novel geographic or

temporal scenarios. SDMs are the most common tool used for

predicting the potential ranges of organisms, and they are

increasingly being employed to address biodiversity conservation,

especially in the context of climate change [3]. For example,

SDMs are used to identify areas outside known ranges that might

support important taxa [4], evaluate sites for reserve selection

[5,6], prioritize areas for reintroductions [7], predict the potential

range and rate of spread of invasives [8–11] and predict the

responses of existing species’ ranges to climate change [12,13]. An

important emerging application of SDMs is the prediction of

potential ranges of organisms undergoing ‘‘assisted migration,’’ or

deliberate introduction to areas outside of the present (and perhaps

historical) range, in order to more proactively manage rare or

threatened species in the face of climate change, habitat loss and

other pressures [14–17].

Despite the growing use of SDMs for extrapolation, substantial

uncertainties remain about the accuracy of model predictions

when transferred in space or time [18]. Sources of error in SDM

projections stem from violations of four key model assumptions

(Table 1). First, a species is assumed to be at equilibrium with

climatic conditions in the current range; i.e., a species is present in

almost all regions of the training area where climatic conditions

are suitable. However, biotic interactions can preclude a species

from occurring in climatically suitable regions (e.g., widespread

range contractions in mammals and birds linked to human

disturbance [19]) and dispersal limitation can prevent a species

from encountering suitable areas [20], resulting in biased training
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data. Second, it is assumed that the climatic niche is stable, such

that climatic factors that limit a species’ occurrence in the current

range will also be limiting in the extrapolated area [21]. In order

for this to be true, it is assumed that new ecological relationships

(e.g., competition, predation) and new behavioral and/or

evolutionary adaptations in the introduced area are negligible.

While new evolutionary adaptations are less likely to occur on

short timescales, unpredictable biotic interactions often lead to

ecological surprises [22] and behavioral adaptations, such as

migration, may occur quite rapidly [23]. Third, it is assumed that

training samples are representative of the environmental condi-

tions across the current range. In reality, species records used for

model training, usually consisting of localities from museum

collections, are often spatially clumped or incomplete and

therefore not representative of the full range of environmental

conditions in the current range [24–27]. Fourth, it is assumed that

climatic conditions in the current and extrapolated areas are

analogous. However, novel climatic conditions may exist in the

extrapolated area [22] and SDMs may inappropriately extrapolate

beyond the range of values for environmental predictors found in

the native range [28]. Violations of assumptions 1 and 3 are

expected to lead to increased errors of omission (false negatives) in

model predictions, while violations of 2 and 4 can lead to both

errors of omission or commission (false positives; Table 1). Several

studies have reported high errors of omission when SDMs are used

for extrapolation [29–34], suggesting that addressing these

violations of model assumptions, particularly those that cause

errors of omission, could improve model performance. Perfor-

mance is additionally influenced by model [35], variable [36] and

threshold [37,38] selection, among other factors.

Here we use the controversial ‘‘Pleistocene rewilding’’ proposal

[39,40] as a novel example to address some of the challenges of

extrapolating modeled relationships outside native ranges. The

proposal calls for introducing close extant relatives or ecological

surrogates of megafauna that went extinct at the end of the

Pleistocene to North America to restore lost ecological and

evolutionary processes, while simultaneously conserving species

currently threatened with extinction on other continents [40].

However, most of the proposed proxy species originate from

tropical and sub-tropical Africa and Asia, thus North America’s

colder temperatures and greater seasonality may preclude

establishment. Here we assess the projected climatic suitability of

proposed North American introduction areas, the American

southwest and Great Plains, for four focal species from Africa

and Asia (Table 2) using pseudo-presence training data from

modern vs. historical native ranges and Maxent [41], a maximum

entropy model. Three of our focal species, the Asian elephant

(Elephas maximus), African cheetah (Acinonyx jubatus; hereafter

‘‘cheetah’’) and African lion (Panthera leo; hereafter ‘‘lion’’), were

among the 11 candidate species in the Pleistocene rewilding plan

[40]. For evaluation purposes, we included a fourth species not

included in the rewilding proposal, the Gemsbok (Oryx gazella;

hereafter ‘‘oryx’’), because it is an Old World mammal that was

introduced to New Mexico, U.S.A., in 1969 and has since

naturalized [42]. The primary aims of the study were to: (1) model

climatic suitability for each focal species in modern and historical

native ranges, assess model performance and identify the climate

variables that made the largest contributions to modeled

responses; (2) assess the sensitivity and accuracy of model outputs

in the native range to training points generated from modern vs.

historical ranges, training point variation and different thresholds

applied to the model outputs; (3) extrapolate models trained on

native modern and historical ranges to North America and

evaluate the concordance between predicted climatic suitability

and the proposed introduction regions from the Pleistocene

rewilding plan; and (4) use known localities where oryx have

Table 1. Four assumptions made in using species distribution models (SDMs) to extrapolate climatic suitability to new regions,
how these assumptions are violated, the consequences of violations for model performance and solutions to improve model
performance.

SDM assumptions Violations of SDM assumptions

Consequences of violating
SDM assumptions on model
performance

Solutions to improve SDM
performance

Assumption 1: Species is at
equilibrium with environmental
conditions in its native range

Native range is restricted by biotic
interactions (e.g., competition,
predation, human disturbance, etc.)

Underprediction of potential
regions of suitability

Use historical range information for
model training

Native range is restricted by
dispersal limitation

Underprediction of potential
regions of suitability

Assumption 2: Niche stability Evolutionary or behavioral
adaptation to environmental
conditions in introduced area

Underprediction of potential
regions of suitability

Shorten timescale of analysis

New ecological relationships in
introduced range

Overprediction or underprediction
of potential regions of suitability

Assumption 3: Training samples
are representative of environmental
conditions in native range

Training samples are biased Underprediction of potential
regions of suitability

Use design- or model-based environmental
stratifications to target underrepresented
areas for additional field data collection

Generate random pseudo-presence
points across native range

Few training samples are available Underprediction of potential
regions of suitability

Generate adequate number of random
pseudo-presence points from native range

Assumption 4: Climatic conditions
between training and introduced
areas are analogous

Novel climatic conditions occur in introduced
area; modeled responses extrapolate beyond
range of values for environmental predictors
found in native range

Overprediction or
underprediction of potential
regions of suitability

Use a clamping procedure to limit
predictions in regions with novel climatic
conditions

doi:10.1371/journal.pone.0012899.t001
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established in Texas and New Mexico to provide an independent

test of the modeling procedure.

Methods

Modeling Approach
The main goal of our modeling approach was to address two

violations of model assumptions and thereby improve model

performance. First, to address violation of the assumption of

equilibrium due to human-caused range contractions (Assumption

1, Table 1), we compared projected areas of climatic suitability

using training data from modern vs. historical ranges. Historical

range sampling allowed us to include training information from

areas that are presently unoccupied yet climatically suitable.

Including historical range information has improved model

performance in other cases [43], but the coarse resolution inherent

to historical range maps also has the potential to introduce bias. A

recent study used pooled modern and historical locality informa-

tion to improve model performance when extrapolating to a new

geographic area [31]. However, in our case it was unnecessary to

pool modern and historical data from the native range, because for

each focal species the historical range was larger and encompassed

all of the modern range. It was also not feasible to pool the native

and North American locality data for the oryx because its

introduced range was so restricted.

Second, to address violation of the assumption of representative

training samples (Assumption 3, Table 1) we used ‘‘pseudo-

presence data’’—points randomly sampled from across the range

of the focal species—rather than actual occurrence localities from

museums, herbaria, or field surveys. While using design- or model-

based environmental stratifications to target underrepresented

areas for additional field data collection has been suggested to

address the incomplete sampling problem [44], conducting

fieldwork is costly across large geographic areas. In contrast,

random pseudo-presence data can easily be generated using

Geographical Information System (GIS) software. Using pseudo-

presence data may lead to overpredictions in characterizing

climatic suitability because large-scale ‘‘extent-of-occurrence’’

geographical ranges include some unsuitable areas and thus tend

to exaggerate actual occurrence [45–47]. However, a recent study

concluded that some SDMs, including Maxent, are to some degree

robust to locational errors in occurrence data [48]. Since different

sets of randomly sampled training points should produce different

model outcomes, we assessed the effect of training point variability

on model performance.

While not the focus of this study, we also attempted to minimize

violations of the other two model assumptions (Assumptions 2 and

4, Table 1). Since we were assessing short-term climatic suitability

relevant to the scale of a proposed species introduction program,

we assumed niche stability (i.e., negligible effect of new ecological

interactions and evolutionary or behavioral adaptation of focal

species to climatic conditions in the extrapolated range). Climatic

conditions in native vs. projected ranges (Africa and Asia vs. North

America, respectively) were not completely analogous, potentially

violating Assumption 4 (Table 1). However, Maxent implements a

procedure called ‘‘clamping’’ (see Modeling Procedure) that

prevents modeled responses from being extrapolated beyond the

range of values for environmental predictors found in native

range. We did not systematically address the problem of novel

climatic conditions, but this issue can be approached by examining

the edges of species’ climate envelopes [22].

Species Input Data
The model training data consisted of random pseudo-presence

points that were generated within the modern and historical

geographical distributions of the Asian elephant, cheetah, lion and

oryx. We did not distinguish between subspecies or races of the

focal species, but rather modeled each species as a single group.

Thus, for the oryx we lumped the three subspecies Oryx gazella

gazella, Oryx gazella beisa and Oryx gazella calliotis into a single group

for modeling. Note that an alternative classification system has the

Gemsbok as one species (Oryx gazella), and the East African Oryx as

another (Oryx beisa) with two subspecies of its own, the East African

Oryx ‘‘proper’’ (Oryx beisa beisa) and the Fringe-eared Oryx (Oryx

beisa calliotis) [49]. To ensure that the full range of climatic

conditions was sampled from each species’ distribution, we

examined the relationship between the number of points used in

model training and predictive performance and selected 100

points for subsequent model fitting (Text S1, Figure S1). Thus, for

each species and time period we generated ten sets of 100 random

pseudo-presence training points within the range using Hawth’s

Tools [50] in ArcMap 9.3.1 [51]. We obtained modern range

maps from the highest-resolution sources available at the time of

the analysis for the Asian elephant [52], cheetah [53], lion [54]

and oryx [55,56]. The dates of historical range maps varied by

species. The oldest localities included in the historical range data

for the Asian elephant dated from approximately 1700 BC [57],

for the cheetah from 0 AD [58] and for the lion from 480 BC [59].

The time period for the oryx’s historical range data was

unreported but is estimated to be no more than a few hundred

years [60,61].

Climate Input Data
We used climate data from WorldClim, ver. 1.4 (http://www.

worldclim.org/), a set of global climate layers that were generated

through interpolation of average monthly climate data from

weather stations tabulated from 1950–2000 [62]. We utilized

climate grids that were aggregated to a resolution of 2.5 minutes.

For all species we used ten bioclimatic variables as predictors:

MTEMP = annual mean temperature; TEMPR = mean

monthly temperature range; ISO = isothermality (mean monthly

temperature range/temperature annual range); TEMPS =

temperature seasonality (standard deviation of monthly tempera-

ture); MTWM = maximum temperature of the warmest month;

Table 2. Focal species examined in the study.

Common Name: Scientific Name: Continent of Origin: Pleistocene rewilding proxy for:

Asian elephant Elephas maximus Asia Mastodon, mammoth, gomphotheres

African cheetah Acinonyx jubatus Africa American cheetah

African lion Panthera leo Africa American lion

Oryx or gemsbok Oryx gazella Africa n.a.

doi:10.1371/journal.pone.0012899.t002
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MTCM = minimum temperature of the coldest month; PREC =

annual precipitation; PRECS = precipitation seasonality (coeffi-

cient of variation of monthly precipitation); PWQ = precipitation

of the wettest quarter; and PDQ = precipitation of the driest

quarter [62]. Further information about the extent of the climate

grids used in the modeling can be found in Text S2.

The WorldClim climate data were temporally matched with

modern ranges but not with all parts of historical ranges; e.g., for

the Asian elephant the oldest part of the historical range dated

from 3,700 cal yr B.P. The Holocene (approximately the last

11,500 years) lacked large Northern Hemisphere ice sheets and is

generally characterized as a warm and stable period with some

episodes of apparent rapid climate change, particularly during the

mid-Holocene extending from 7,000–5,000 cal yr B.P. [63,64]. By

about 4,000 cal yr B.P., Earth’s climate had become fairly similar

to today’s [65–67], thus we made the simplifying assumption that

pseudo-presence data sampled from historical ranges could be

adequately modeled using climate data from the latter half of the

twentieth century, especially when assessed in combination with

the results of the models trained on present-day ranges.

Modeling Procedure
We modeled climatic suitability for each focal species in its

native range and made predictions of climatic suitability in North

America using maximum entropy species distribution modeling

(Maxent ver. 3.3.0), a general-purpose machine learning method

[41,68]. Recent studies compared the performance of several

SDMs and Maxent outperformed many of the other methods

[9,35,69–71]. The Maxent model generation approach requires

only presence data (not absence data), can utilize both continuous

and categorical data, can incorporate interactions between

different variables and yields continuous outputs, allowing fine

distinctions to be made between the modeled suitability of different

areas. Starting with a set of samples from a distribution over some

defined space (species locations), as well as a set of features on this

space (environmental variables), Maxent estimates the target

distribution of predicted climatic suitability by finding the

distribution of maximum entropy, or closest to uniform, subject

to the constraint that the expected value of each feature under this

estimated distribution matches its empirical average [41]. This is

equivalent to finding the maximum likelihood Gibbs distribution.

Further discussion of Maxent and our application of the model,

specifically issues of regularization multipliers, feature types and

clamping, can be found in Text S3, Text S4 and Figure S2. The

software and complete information for this method are available

from http://www.cs.princeton.edu/̃schapire/maxent, or see Phil-

lips et al. (2006).

Model Evaluation and Thresholding
We separately generated pseudo-presence testing data in

Maxent to evaluate model outputs in native ranges (100 pseudo-

presence points per run per species per time period). Maxent

outputs the area under the Receiver Operating Characteristic

curve (AUC), a threshold-independent measure, as one measure of

model performance. AUC values range from 0 to 1 and measure

the ability of a model to discriminate between sites where a species

is present and sites where it is absent [72,73]. A score of 1 indicates

perfect discrimination while a score of 0.5 indicates discrimination

that is no better than a random guess. AUC is widely used to

evaluate SDM outputs, although its use has come under some

criticism [74]. AUC scores allowed us to assess how well the

modeled climatic suitability matched testing pseudo-presence

points from native modern and historical ranges, but could not

be used to evaluate projected climatic suitability in North America.

The spatial extent of the naturalized North American oryx

population was too small to obtain enough independent samples to

statistically test the projected North American oryx distribution.

Thus, we evaluated the accuracy of the projected oryx distribution

qualitatively by examining how well Maxent’s predictions of

suitability overlapped known localities where oryx have natural-

ized in New Mexico and Texas.

It is often desirable to convert a continuous surface representing

relative climatic suitability into a binary map that displays suitable

and unsuitable regions. A variety of thresholding criteria have

been developed for this purpose [37,38]. We converted the

continuous Maxent outputs of relative climatic suitability into

binary grid files using two threshold criteria: (1) the generous

minimum training presence (MTP) threshold, sometimes termed

‘lowest presence threshold;’ and (2) the more stringent maximum

training sensitivity plus specificity (MTSS) threshold. The MTP

threshold reduces errors of omission; cells were coded ‘‘suitable’’ if

the Maxent output suitability value was greater than or equal to

the lowest output value for the training occurrence points on any

of the ten runs for a given species and time period (modern or

historical). The MTSS threshold represents the Maxent output

suitability value that maximizes the sum of sensitivity and

specificity obtained from the error matrix [73] for the training

data. The MTSS threshold balances errors of omission and

commission and has found a high degree of support when

evaluated against other thresholding methods across a range of

prevalence values [37,38]. Cells with Maxent output values greater

than or equal to the MTSS threshold for any of the ten runs for a

given species and time period (modern or historical) were coded as

‘‘suitable.’’ We displayed the average logistic output values for

Maxent for each set of 10 runs, which can be interpreted as an

index of relative climatic suitability scaled from 0–1, the

cumulative MTP threshold (any cell with at least one run above

the MTP threshold = 1, otherwise = 0) and the cumulative MTSS

threshold (any cell with at least one run above the MTSS

threshold = 1, otherwise = 0) on each map to assist with

comparisons. All maps were produced using ArcMap 9.3.1 [51].

We evaluated the performance of the MTP and MTSS

thresholds using independently generated presence/absence test

data (see Text S5) and the Kappa statistic, or the proportion of

specific agreement [73]. The thresholded Maxent model outputs

generated using pseudo-presence points from the modern range

were evaluated using test files generated from the modern range.

Likewise, thresholded model outputs generated from the historical

range were evaluated using test files generated from the historical

range. We also evaluated model outputs generated from the

modern range using test files generated from the historical range to

see how well training data from contracted modern distributions

could predict historical distributions.

Results

Modeling Native Ranges
Maxent performed well at interpolating climatic suitability for

modern and historical time periods in native ranges (Table 3 and

Figures S3-S6). For models using pseudo-presence training points

generated within the modern range, Maxent predictions of

climatic suitability had high correspondence with pseudo-presence

testing points from the modern range for all focal species (mean

AUC values .0.91) and there was low variation in AUC scores

across the ten runs using different sets of pseudo-presence points

(Table 3). Similarly, for models using pseudo-presence training

points generated within the historical range, Maxent predictions of

climatic suitability had high correspondence with testing points

Climate Pleistocene Rewilding
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from the historical range (mean AUC values .0.80) with low

variation between runs (Table 3). MTSS thresholds outperformed

MTP thresholds across all species and time periods when there was

temporal correspondence between the training and testing data

(Table 3). By contrast, when models generated from contracted

modern ranges were used to predict more expansive historical

ranges, MTSS thresholds had slightly lower performance than

MTP thresholds for all species except the oryx (Table 3). For the

oryx, the more stringent MTSS threshold was more accurate in all

cases due to the fact that the oryx’s modern and historical ranges

were fairly similar.

Temperature-associated variables made the largest contribu-

tions to the cheetah, lion and oryx models, while precipitation

variables made the largest contributions to the Asian elephant

models (Tables 4 and 5). Jackknife tests of single variables

generally confirmed the rankings of the variable contribution

values, although a few variables were much more effective at

predicting testing data alone than indicated by models built using

all variables (e.g., maximum temperature of the warmest month

for the cheetah models based on historical pseudo-presence data

and temperature seasonality for the cheetah models based on

modern data). Interestingly, there were within-species differences

in variable importance for models that used modern vs. historical

pseudo-presence data. For example, the cheetah and lion models

based on modern pseudo-presence data were affected the most by

isothermality, where suitability was highest at intermediate values,

while the cheetah and lion models based on historical pseudo-

presence data were affected the most by annual mean tempera-

ture, which had a positive association with suitability (Table 4).

The Asian elephant models based on modern pseudo-presence

data were affected the most by annual precipitation, which had a

positive association with suitability, while models based on

historical pseudo-presence data were affected the most by

precipitation of the wettest quarter, which had a also had a

positive association with suitability (Table 5). For the oryx,

isothermality contributed the most to models based on both

modern and historical data, where suitability was highest at

intermediate values, followed by precipitation of the wettest

quarter, which had a negative association with suitability in both

time periods (Tables 4 and 5).

Table 3. Performance of Maxent models in predicting climatic suitability in modern (m) or historical (h) native ranges.

Species AUC (mean ± SD) KappaMTP KappaMTSS KappaMTP* KappaMTSS*

Asian elephant (m) 0.97660.003 0.703 0.768 0.385 0.320

Asian elephant (h) 0.93560.007 0.499 0.703 - -

Cheetah (m) 0.91360.013 0.425 0.661 0.658 0.554

Cheetah (h) 0.80560.016 0.581 0.797 - -

Lion (m) 0.94460.004 0.512 0.690 0.403 0.376

Lion (h) 0.86560.011 0.410 0.600 - -

Oryx (m) 0.96160.005 0.465 0.780 0.543 0.779

Oryx (h) 0.95360.006 0.502 0.770 - -

Note: Models were tested using random pseudo-presence data that was generated separately from training data. The AUC values were averaged over 10 runs for each
species/time period. Kappa statistics were calculated from cumulative MTP and MTSS thresholded model outputs and a set of separately generated random pseudo-
presence and pseudo-absence points.
*Thesholded Maxent predictions generated using modern range training data were evaluated using test files that corresponded with historical ranges.
doi:10.1371/journal.pone.0012899.t003

Table 4. Percent contribution (mean 6 SD) of six temperature-associated bioclimatic variables1 to Maxent models of climatic
suitability.

Bioclimatic Variable: MTEMP TEMPR ISO TEMPS MTWM MTCM

Asian elephant (m) 1.661.6 5.662.7 11.562.2 2.163.2 0.860.7 4.365.7

Asian elephant (h) 30.266.5 4.462.9 1663.0 2.261.0 4.662.4 364.7

Cheetah (m) 11.669.8 14.664.9 42.4±10.4 5.362.8 4.462.6 1.961.1

Cheetah (h) 32.9±14.1 15.969.3 9.7612.8 2.561.1 8.668.8 12.269.3

Lion (m) 5.262.6 3.462.8 62.5±8.7 8.869.8 1.060.8 0.760.9

Lion (h) 23.9±12.3 6.263.4 23.3613.3 8.364.7 6.464.7 13.7616.3

Oryx (m) 1.561.3 4.361.9 43.6±2.8 2.561.4 8.164.3 261.6

Oryx (h) 261.6 2.961.5 47.5±2.6 2.761.1 8.162.7 1.160.8

Average 13.666.2 7.263.7 32.167.0 4.363.15 5.363.4 4.965.1

Note: Variable contributions were averaged over ten model runs for each species and time period. The variables with the largest contribution for each species and time
period are shown in bold; m = models trained with pseudo-presence data from the modern range; h = models trained with pseudo-presence data from the historical
range.
1MTEMP = Annual mean temperature; TEMPR = Mean monthly temperature range; ISO = Isothermality (mean monthly temperature range/temperature annual range);
TEMPS = Temperature seasonality (standard deviation of monthly temperature); MTWM = Maximum temperature of the warmest month; and MTCM = Minimum
temperature of the coldest month.

doi:10.1371/journal.pone.0012899.t004
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Model Projections in North America
Projections in North America from modern pseudo-presence

training points generally indicated low climatic suitability for the

Asian elephant and lion in the Great Plains, while the cheetah

projections had some areas above the MTSS threshold in Texas

and New Mexico (Figures 1A, 1C, 2A and 2C). Similarly low

climatic suitability was found in the American southwest for the

Asian elephant and lion, except for coastal California that had

some areas above the MTSS threshold (Figures 1A and 2A). The

cheetah had more extensive areas above the MTSS threshold in

Arizona, California, Nevada, New Mexico and Texas (Figure 1C).

For the oryx, the most suitable areas above the MTSS threshold

were in restricted regions in coastal California and in a small

region of the American southwest in New Mexico and Arizona,

while portions of the Great Plains were above the MTP threshold

(Figure 2C). All four localities where oryx have established in

North America were above the MTP threshold, but none were

above the MTSS threshold (Figure 2C).

By contrast, projections in North America from historical

pseudo-presence training points showed higher levels and more

extensive areas of climatic suitability in the Great Plains and

American southwest than projections from modern range training

data for the Asian elephant, cheetah and lion (Figures 1B, 1D and

2B), while the oryx projections were similar but showed a slightly

smaller climatically suitable area (Figure 2D). The Asian elephant

projections indicated low to medium climatic suitability across a

wider region along the West coast and in portions of the American

southwest and the southern Great Plains (Figure 1B). The cheetah

and lion projections indicated medium and/or high climatic

suitability in portions of Oregon, Washington, Idaho, California,

Nevada, Arizona, New Mexico and Texas, with low climatic

suitability extending over most of the remaining Great Plains and

American southwest (Figures 1D and 2B). Again, all four localities

where oryx have established in North America were above the

MTP threshold, but none were above the MTSS threshold

(Figure 2D).

Discussion

The use of modern vs. historical training data had a substantial

effect on model predictions for all species except the oryx. Larger

zones of potential climatic suitability were predicted in North

America from models fit to historical training data compared to

those fit to modern training data for the Asian elephant, cheetah

and lion (Figures 1A, 1B, 1C, 1D, 2A and 2B). This result is

explained by the fact that all three species have contracted modern

ranges characterized by a loss of area in colder northern latitudes

(Figures S3, S4 and S5). In the native range, models fit to modern

training data for the same three species performed poorly when

evaluated with historical testing data (Table 3). The inability to

predict past distributions using training data from modern,

contracted distributions is consistent with previous findings

showing that the degree of sampling bias with respect to climatic

conditions has a negative effect on predictive accuracy [75]. By

contrast, for the oryx there was little difference in the predicted

zones of climatic suitability in North America between models fit

to modern vs. historical training data (Figures 2C and 2D),

resulting from the fact that its modern range was only slightly

reduced from its historical range (Figure S6). There was also no

difference in the ability of models fit to modern vs. historical

training data to predict the four North American oryx localities;

both model groups successfully predicted the localities at the

generous MTP threshold but failed to predict them with the more

stringent MTSS threshold. These results suggest that the use of

historical occurrence data for model training can improve

performance, at least in the native range, but the magnitude of

this effect is dependent on the degree to which modern and

historical ranges for each species differ.

The threshold criterion (MTP or MTSS) had a substantial effect

on model predictions for all species. The MTSS threshold

outperformed the MTP threshold for all focal species in the native

range (Table 3) and is recognized as one of the better-performing

threshold criteria [37,38]. However, none of the four North

American oryx localities were correctly predicted using MTSS,

while all four localities were correctly predicted when the lower

MTP threshold was applied using both modern and historical

training data (Figures 2C and 2D). This finding is reminiscent of

Peterson et al. [29], who found that Maxent models performed

poorly and exhibited overfitting (when a statistical model describes

random error or noise instead of the underlying relationship) when

used to project to unsampled regions at higher thresholds, but

successfully reconstructed distributions of species at lower

thresholds. Our results suggest that threshold criteria perform

differently when used for interpolation in the native range than

when used for extrapolation to new geographic areas; specifically,

lower thresholds may be more accurate that higher ones when

Maxent is used for extrapolation. Increasing the regularization

multiplier may also improve Maxent’s generalizability [76]. The

default regularization multiplier value of 1 yielded the highest

model performance for the oryx in the native range using modern

training data, while a value of 0.75 yielded the highest model

performance in the native range using historical training data

(Figure S2). Comprehensive guidelines for how to select appro-

priate thresholds and regularization multipliers when extrapolating

to new regions have yet to be developed.

Another possibility that might explain the relatively low

predicted climatic suitability for the North American oryx

localities could be novel combinations of climatic conditions that

are suitable for the oryx in North America but that do not occur in

Africa. We explored this possibility by plotting isothermality and

precipitation of the wettest quarter, the two variables that made

Table 5. Percent contribution (mean 6 SD) of four
precipitation-associated bioclimatic variables2 to Maxent
models of climatic suitability.

Bioclimatic Variable: PREC PRECS PWQ PDQ

Asian elephant (m) 35.1±8.1 1.561.3 28.7611.7 8.861.9

Asian elephant (h) 2.362.2 3.761.7 30.8±6.1 2.862.6

Cheetah (m) 6.462.7 6.064.8 1.861.3 5.664.6

Cheetah (h) 1.961.4 2.161.0 1.761.4 12.368.8

Lion (m) 8.062.3 6.961.8 1.360.9 2.161.7

Lion (h) 4.562.2 6.064.6 3.562.9 4.162.0

Oryx (m) 6.963.6 864.5 22.163.4 160.6

Oryx (h) 11.264 7.163.6 15.963.5 1.561.3

Average 9.563.3 5.262.9 13.263.9 4.862.9

Note: Variable contributions were averaged over ten model runs for each
species and time period. The variables with the largest contribution for each
species and time period are shown in bold; m = models trained with pseudo-
presence data from the modern range; h = models trained with pseudo-
presence data from the historical range.
2PREC = Annual precipitation; PRECS = Precipitation seasonality (coefficient of
variation of monthly precipitation); PWQ = Precipitation of the wettest
quarter; and PDQ = Precipitation of the driest quarter.

doi:10.1371/journal.pone.0012899.t005
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the largest contributions to the oryx models—totaling 64.6%

(Tables 4 and 5), for randomly sampled points within the native

modern oryx range, for random points sampled across Africa and

North America and for the four localities where oryx have

established in North America (Figure 3). For these two climatic

variables, it appears that the North American oryx localities are

indeed at the edge of the oryx climatic envelope, suggesting that

the oryx may be encountering regions with novel climates in North

America that have no analog in Africa. The issue of ‘‘non-analog

climates’’ presents a special challenge for species distribution

modeling across space and time and will become more

problematic with climate change [22,77]. It is difficult to test

predictions of climatic suitability for the oryx in North America

since it is recently established and has almost certainly not reached

Figure 1. Predicted climatic suitability for the Asian elephant and cheetah in North America. Climatic suitability for the Asian elephant
is based on pseudo-presence points from the modern (A) and historical (B) range, and for the cheetah on pseudo-presence points from the modern
(C) and historical (D) range. ‘‘Climatic suitability’’ is the average of ten Maxent logistic outputs per species per time period, where blue indicates low
suitability and red indicates high suitability. Regions above the MTSS threshold are shown as hashed areas, while regions below the MTP threshold
are shown in gray. The proposed introduction areas under the Pleistocene rewilding proposal (the Great Plains and American southwest) are
outlined.
doi:10.1371/journal.pone.0012899.g001
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the limits of its potential distribution. Future research should focus

on species that have invaded, established and spread throughout

new geographical areas with known non-analog climates.

Maxent performed well at interpolating modern and historical

distributions in native ranges for all species (Table 3). This is

consistent with previous findings that have demonstrated that

Maxent successfully predicts species’ native distributions using

occurrence data from within the same region [35,41,70]. The low

variation in AUC values between model runs that used different

random pseudo-presence data suggests that the points adequately

sampled the available environmental gradients for these species;

however, further research should determine the optimal amount of

sampling needed at different geographical scales relative to the

scale of the species occurrence data [78].

Figure 2. Predicted climatic suitability for the lion and oryx in North America. Climatic suitability for the lion is based on pseudo-presence
points from the modern (A) and historical (B) range, and for the oryx on pseudo-presence points from the modern (C) and historical (D) range. Four
localities where oryx have established wild populations are shown as white circles. ‘‘Climatic suitability’’ is the average of ten Maxent logistic outputs
per species per time period, where blue indicates low suitability and red indicates high suitability. Regions above the MTSS threshold are shown as
hashed areas, while regions below the MTP threshold are shown in gray. The proposed introduction areas under the Pleistocene rewilding proposal
(the Great Plains and American southwest) are outlined.
doi:10.1371/journal.pone.0012899.g002
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Like all species distribution modeling exercises, our results are

correlative and there were inherent sources of bias at each step of

the modeling process. Sources of error include the uneven

distribution of climate stations that were the source of the

WorldClim climate data, imperfect modern and historical range

maps, the temporal mismatch between the historical range maps

and the climate data and numerous decisions made during model

development and implementation (see Text S1-S5, Figures S1 and

S2). Since our predictions related to continental-scale distributions,

we only used climatic explanatory variables, which are thought to

be the main determinants of species’ distributions at these very

large scales [79]. The climatic variables that we used as predictors

were for the most part only proximate factors, not direct

(physiological) factors. Our results should be interpreted, therefore,

only in the context of broad-scale climatic suitability. Future

analyses of potential focal species distributions at finer spatial

scales, e.g., to assess the suitability of introduction sites or to

delineate protected areas, would greatly benefit from incorporat-

ing landscape- or regional-scale factors such as land use,

topography, geology, vegetation type, available prey populations

and human population density. Land use datasets, digital elevation

models, satellite imagery, soil maps, etc. are now available in

digital format and could be incorporated into a GIS model for this

purpose. Additional ecological effects, e.g., trophic cascades, as

well as societal/ethical considerations, such as wildlife-human

conflict and the risk of colonizing populations introducing

infectious diseases, a serious hazard to both the original host and

other spillover species [80], just to name a few issues, would need

to be considered as part of a comprehensive assessment for any

proposed introductions. These considerations would likely greatly

reduce the potential geographical scope of introductions for

rewilding species within areas that appear climatically suitable.

Proposals for introducing Asian elephants, cheetahs and lions to

the American southwest and Great Plains should take climate into

consideration. The importance of temperature in the modeling

results, particularly annual mean temperature and isothermality,

suggests that North America’s overall cooler and more seasonal

climate compared to Africa and southern Asia would place limits

on the successful establishment of these focal species. From our

results, most of the American southwest and Great Plains had low

suitability for the Asian elephant, with some moderately suitable

areas indicated in California, the Pacific Northwest, Texas and

Oklahoma (Figures 1A and 1B). For the cheetah and lion, more

extensive regions of the American southwest and southern Great

Plains appeared to be suitable based purely on climatic factors,

especially from models fit to historical training data (Figures 1C,

1D, 2A, 2B). If the MTP threshold has higher performance than

the MTSS threshold in model projections to North America, as

suggested by the oryx results, then much larger regions of the

western United States may indeed be climatically suitable for

cheetahs and lions than the Maxent logistic output values of

relative climatic suitability indicate. The expansion of the tropical

belt with climate change [81] could further increase the suitability

of some regions in North America for these focal species over time.

SDMs are increasingly used to predict climatic suitability in novel

geographic or temporal scenarios and require improvements in

performance. Here we incorporated the use of modern and

historical range information and pseudo-presence data to enhance

predictions of climatic suitability across continents. Our predictions

based on modern vs. historical range information led to substantially

different projections of climatic suitability in three out of four focal

species. Applications of SDMs that currently use only occurrence

data from the modern range may be improved by incorporating

historical information, when available, to account for range

contractions due to non-climatic factors such as human disturbance.

While species locality data is increasingly available online for some

taxa, particularly mammals and birds (e.g., Manis and Ornis

databases, respectively), this locational data may still be biased and/

or sparse. The use of random pseudo-presence points generated

from range maps is an economical approach that can address the

problem of biased or incomplete sampling. This approach may be

particularly useful for widespread generalist species with well-

defined ranges but few museum records, especially as many SDMs

are sensitive to small sample sizes [26,82]. Pseudo-presence data are

not, however, a substitute for having accurately georeferenced

museum specimens, especially for narrow-ranging species and

ecological specialists with narrow niche breadth. Species distribu-

tion modeling will continue to play an important role in adaptive

management and conservation planning as complex challenges,

such as predicting range shifts of organisms in response to climate

change, are addressed. The method that we present here aimed to

provide both generous and conservative predictions of climatic

suitability. Our most generous predictions minimized errors of

omission by using historical range information, randomly sampled

pseudo-presence data and a generous threshold criterion (MTP).

Our most conservative predictions minimized errors of commission

by using modern range information and a more conservative

threshold criterion (MTSS). The balanced nature of our procedure

makes it a useful model for other applications of SDMs in ecology,

evolution and conservation biology where the goal is to assess

potential climatic suitability in new geographic regions or times.

Supporting Information

Text S1 Determining the number of random pseudo-presence

points.

Found at: doi:10.1371/journal.pone.0012899.s001 (0.03 MB

DOC)

Figure 3. Plot of isothermality vs. precipitation in the wettest
quarter for regions in Africa and North America with and
without Oryx gazella. Isothermality is plotted against the precipitation
of the wettest quarter for random points sampled within the native
modern oryx range, for random points sampled across Africa and North
America and for the four localities where oryx are established in North
America.
doi:10.1371/journal.pone.0012899.g003
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Text S2 Geographical extent of climate grids.

Found at: doi:10.1371/journal.pone.0012899.s002 (0.03 MB

DOC)

Text S3 Additional information on Maxent.

Found at: doi:10.1371/journal.pone.0012899.s003 (0.03 MB

DOC)

Text S4 Determining the regularization multiplier.

Found at: doi:10.1371/journal.pone.0012899.s004 (0.03 MB

DOC)

Text S5 Model evaluation.

Found at: doi:10.1371/journal.pone.0012899.s005 (0.03 MB

DOC)

Figure S1 The effect of the number of random pseudo-presence

points on Maxent model performance. Model performance

measured as average AUC; m = modeled with modern range

data; h = modeled with historical range data.

Found at: doi:10.1371/journal.pone.0012899.s006 (6.08 MB TIF)

Figure S2 The effect of regularization on Maxent model

performance. Model performance measured as average AUC; m

= modeled with modern range data; h = modeled with historical

range data.

Found at: doi:10.1371/journal.pone.0012899.s007 (6.08 MB TIF)

Figure S3 Modeled climatic suitability for the Asian elephant in

the native range. Climatic suitability based on pseudo-presence

points from the modern (A) and historical (B) range. ‘‘Climatic

suitability’’ is the average of ten Maxent logistic outputs per time

period, where blue indicates low suitability and red indicates high

suitability. Regions above the MTSS threshold are shown as

hashed areas, while regions below the MTP threshold are shown

in gray.

Found at: doi:10.1371/journal.pone.0012899.s008 (3.07 MB TIF)

Figure S4 Modeled climatic suitability for the cheetah in the

native range. Climatic suitability based on pseudo-presence points

from the modern (A) and historical (B) range. ‘‘Climatic

suitability’’ is the average of ten Maxent logistic outputs per time

period, where blue indicates low suitability and red indicates high

suitability. Regions above the MTSS threshold are shown as

hashed areas, while regions below the MTP threshold are shown

in gray.

Found at: doi:10.1371/journal.pone.0012899.s009 (3.63 MB TIF)

Figure S5 Modeled climatic suitability for the lion in the native

range. Climatic suitability based on pseudo-presence points from

the modern (A) and historical (B) range. ‘‘Climatic suitability’’ is

the average of ten Maxent logistic outputs per time period, where

blue indicates low suitability and red indicates high suitability.

Regions above the MTSS threshold are shown as hashed areas,

while regions below the MTP threshold are shown in gray.

Found at: doi:10.1371/journal.pone.0012899.s010 (3.35 MB TIF)

Figure S6 Modeled climatic suitability for Oryx gazella in the

native range. Climatic suitability based on pseudo-presence points

from the modern (A) and historical (B) range. ‘‘Climatic suitability’’

is the average of ten Maxent logistic outputs per time period, where

blue indicates low suitability and red indicates high suitability.

Regions above the MTSS threshold are shown as hashed areas,

while regions below the MTP threshold are shown in gray.

Found at: doi:10.1371/journal.pone.0012899.s011 (2.38 MB TIF)
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44. Araújo MB, Guisan A (2006) Five (or so) challenges for species distribution
modelling. J Biogeogr 33: 1677–1688.

45. Hurlbert AH, Jetz W (2007) Species richness, hotspots, and the scale dependence
of range maps in ecology and conservation. Proc Natl Acad Sci USA 104:

13384–13389.

46. Jetz W, Sekercioglu CH, Watson JEM (2008) Ecological correlates and
conservation implications of overestimating species geographic ranges. Conserv

Biol 22: 110–119.
47. Graham CH, Hijmans RJ (2006) A comparison of methods for mapping species

ranges and species richness. Global Ecol Biogeogr 15: 578–587.
48. Graham CH, Elith J, Hijmans RJ, Guisan A, Peterson AT, et al. (2008) The

influence of spatial errors in species occurrence data used in distribution models.

J Appl Ecol 45: 239–247.
49. Masembe C, Muwanika VB, Nyakaana S, Arctander P, Siegismund HR (2006)

Three genetically divergent lineages of the Oryx in eastern Africa: Evidence for
an ancient introgressive hybridization. 7: 551–562.

50. Beyer HL (2004) Hawth’s Analysis Tools for ArcGIS. Available at http://www.

spatialecology.com/htools.
51. Environmental Systems Research Institute (2009) ArcMap version 9.3.1.

Environmental Systems Research Institute. Redlands, CA.
52. Santiapillai C, Jackson P (1990) The Asian elephant: an action plan for its

conservation. Gland, Switzerland: IUCN/SSC Asian Elephant Specialist Group.
International Union for Conservation of Nature. 87 p.

53. Ray JC, Hunter L, Zigouris J (2005) Setting Conservation and Research
Priorities for Larger African Carnivores. Working Paper 24: 1–203. Wildlife

Conservation Society, New York.

54. Bauer H, Nowell K, Packer C (2008) Panthera leo. In: IUCN 2009. IUCN Red

List of Threatened Species. Version 2009.1. Available at http://www.iucnred-
list.org.

55. IUCN SSC Antelope Specialist Group 2008 (2008) Oryx gazella. In:IUCN 2010.
IUCN Red List of Threatened Species. Version 2010.2. Available at http://

www.iucnredlist.org.

56. IUCN SSC Antelope Specialist Group 2008 (2008) Oryx beisa. In:IUCN 2010.

IUCN Red List of Threatened Species. Version 2010.2. Available at http://
www.iucnredlist.org.

57. Olivier R (1978) Distribution and status of the Asian elephant. Oryx 14:
379–424.

58. Wrogemann N (1975) Cheetah Under the Sun. Johannesburg: McGraw & Hill.

59. Nowell K, Jackson P (1996) Wild cats: status survey and conservation action

plan. Gland, Switzerland: IUCN/SSC Cat Specialist Group, International
Union for Conservation of Nature. 382 p.

60. East R (1988) Antelopes: Global Survey and Regional Action Plans. Part 1: East

and Northeast Africa. IUCN/SSC Antelope Specialist Group. 96 p.

61. East R (1989) Antelopes: Global Survey and Regional Action Plans. Part 2:

Southern and South-Central Africa. IUCN/SSC Antelope Specialist Group.

96 p.

62. Hijmans RJ, Cameron SE, Parra JL, Jones PJ, Jarvis A (2004) The WorldClim

interpolated global terrestrial climate surfaces. Version 1.3. Available at http://
biogeo.berkeley.edu/.

63. Mayewski PA, Rohling EE, Stager JC, Karlen W, Maasch KA, et al. (2004)

Holocene climate variability. Quat Res 62: 243–255.

64. Steig EJ (1999) Paleoclimate: Mid-Holocene climate change. Science 286:

1485–1487.

65. Thompson RS, Whitlock C, Bartlein PJ, Harrison SP, Spaulding WG (1993)

Climatic Changes in the Western United States since 18,000 yr B.P. In:
Wright J, H E, Kutzbach JE, Webb III T, Ruddiman WF, Street-Perrott FA,

et al. editors. Global Climates Since the Last Glacial Maximum. Minneapolis,

MN: Minnesota Press. pp 468–513.

66. Web III T, Bartlein PJ, Harrison SP, Anderson KH (1993) Vegetation, Lake

Levels, and Climate in Eastern North America for the Past 18,000 Years. In:
Wright J, H E, Kutzbach JE, Webb III T, Ruddiman WF, Street-Perrott FA,

et al. editors. Global Climates Since the Last Glacial Maximum. Minneapolis,
MN: Minnesota Press. pp 415–467.

67. Dansgaard W, Johnsen SJ, Clausen HB, Dahljensen D, Gundestrup NS, et al.
(1993) Evidence for general instability of past climate from a 250-kyr ice-core

record. Nature 364: 218–220.

68. Phillips SJ, Dudı́k M (2008) Modeling of species distributions with Maxent: new

extensions and a comprehensive evaluation. Ecography 31: 161–175.

69. Wang Y, Xie B, Wan F, Xiao Q, Dai L (2007) Application of ROC curve

analysis in evaluating the performance of alien species’ potential distribution
models. Biodivers Sci 15: 365–372.

70. Pearson RG, Raxworthy CJ, Nakamura M, Peterson AT (2007) Predicting
species distributions from small numbers of occurrence records: a test case using

cryptic geckos in Madagascar. J Biogeogr 34: 102–117.

71. Hernandez PA, Graham CH, Master LL, Albert DL (2006) The effect of sample

size and species characteristics on performance of different species distribution
modeling methods. Ecography 29: 773–785.

72. Hanley JA, McNeil BJ (1982) The meaning and use of the area under a Receiver
Operating Characteristic (ROC) curve. Radiology 143: 29–36.

73. Fielding AH, Bell JF (1997) A review of methods for the assessment of prediction
errors in conservation presence/absence models. Environ Conserv 24: 38–49.

74. Lobo JM, Jimenez-Valverde A, Real R (2008) AUC: a misleading measure of the
performance of predictive distribution models. Glob Ecol Biogeogr 17: 145–151.

75. Kadmon R, Farber O, Danin A (2003) A systematic analysis of factors affecting

the performance of climatic envelope models. Ecol Appl 13: 853–867.

76. Dudı́k M, Phillips SJ, Schapire RE (2007) Maximum entropy density estimation

with generalized regularization and an application to species distribution

modeling. J Mach Learn Res 8: 1217–1260.

77. Fitzpatrick MC, Hargrove WW (2009) The projection of species distribution
models and the problem of non-analog climate. Biodivers Conserv 18:

2255–2261.

78. VanDerWal J, Shoo LP, Graham C, William SE (2009) Selecting pseudo-

absence data for presence-only distribution modeling: How far should you stray

from what you know? Ecol Model 220: 589–594.

79. Mackey BG, Lindenmayer DB (2001) Towards a hierarchical framework for

modelling the spatial distribution of animals. J Biogeogr 28: 1147–1166.

80. Bar-David S, Lloyd-Smith JO, Getz WM (2006) Dynamics and management of
infectious disease in colonizing populations. Ecology 87: 1215–1224.

81. Seidel DJ, Fu Q, Randel WJ, Reichler TJ (2008) Widening of the tropical belt in
a changing climate. Nat Geosci 1: 21–24.

82. Stockwell DRB, Peterson AT (2002) Effects of sample size on accuracy of species
distribution models. Ecol Model 148: 1–13.

Climate Pleistocene Rewilding

PLoS ONE | www.plosone.org 11 September 2010 | Volume 5 | Issue 9 | e12899



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


