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ABSTRACT

Species distribution models (SDMs) were built

with US Forest Inventory and Analysis (FIA)

publicly available plot coordinates, which are al-

tered for plot security purposes, and compared

with SDMs built with true plot coordinates. Six

species endemic to the western US, including four

junipers (Juniperus deppeana var. deppeana, J.

monosperma, J. occidentalis, J. osteosperma) and two

piñons (Pinus edulis, P. monophylla), were ana-

lyzed. The presence–absence models based on

current climatic variables were generated over a

series of species-specific modeling extents using

Random Forests and applied to forecast climatic

conditions. The distributions of predictor variables

sampled with public coordinates were compared

to those sampled with true coordinates using

t tests with a Bonferroni adjustment for multiple

comparisons. Public- and true-based models were

compared using metrics of classification accuracy.

The modeled current and forecast distributions

were compared in terms of their overall areal

agreement and their geographic mean centroids.

Comparison of the underlying distributions of

predictor variables sampled with true versus

public coordinates did not indicate a significant

difference for any species at any extent. Both the

public- and true-based models had comparable

classification accuracies across extent for each spe-

cies, with the exception of one species, J. occidentalis.

True-based models produced geographic distribu-

tions with smaller areas under current and future

scenarios. The greatest areal difference occurred in

the species with the lowest modeled accuracies

(J. occidentalis), and had a forecast distribution which

diverged severely. The other species had forecast

distributions with similar magnitudes of modeled

distribution shifts.
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swap’’ plot coordinates; perturbed coordinates;

species distribution models; junipers; piñon pine.
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INTRODUCTION

The US Forest Service Forest Inventory and Anal-

ysis Program (FIA) maintains a systematic array of

survey plots which collectively provide a spatially

comprehensive database of tree species and their

condition across the US (McRoberts and others

2005). This database is public and provides an

unprecedented resource for a range of research [for

example, quantifying empirical tree species–climate

relationships (Rehfeldt and others 2008); detecting

regional demographic trends of tree species (Woo-

dall and others 2010)] and management applica-

tions [for example, estimating regional mortality

(Shaw and others 2005); mapping national land-

cover (Homer and others 2007)]. However, to

protect plot integrity and sensitive information

from privately owned lands, the true locations of

FIA sample plots are altered before they are made

public to comply with Federal security require-

ments [Food Security Act of 1985 (7 U.S.C.

2276(d)], as amended). These altered plot coordi-

nates are often referred to as fuzzswap plot coor-

dinates. Plots are ‘‘fuzzed’’ by randomly perturbing

their location an average of 0.8 km away from their

true locations. In addition, locations on up to 20%

of plots on private lands are ‘‘swapped’’ with other

private land plots within the same county having

similar forest characteristics.

The effect of altering plot coordinates on research

and management questions is contingent upon the

resolution, extent, and nature of the application

with respect to the underlying FIA sample design.

The sample design underlying true plot locations

inherently limits the resolution and extent of any

application. Altered coordinates increase these

limits in theoretically predictable ways for several

applications given the algorithm employed to alter

the coordinates (McRoberts and others 2005).

These predicted effects have been corroborated by

investigations into several applications [for exam-

ple, summaries of plot attributes over an area of

interest (McRoberts and others 2005); modeled

relationship between plot attributes and environ-

mental variables (Coulsten and others 2006; Pricely

and others 2009)], which collectively provide basic

guidelines for selecting an appropriate extent and

resolution. Here, we extend these investigations to

the use of FIA data for developing species distri-

bution models (SDMs) (Guisan and Zimmermann

2000), an increasingly common application, espe-

cially under scenarios of forecast global change

(Zimmerman and others 2009).

SDMs portray a species’ environmental niche

(for example, Pearman and others 2008; Weins and

others 2009) by empirically relating the probability

of a species current presence (and absence) to

environmental variables considered relevant to the

species’ distribution. Although SDMs have been

used in a wide range of ecological studies [for

example, lichen distributions (Edwards and others

2006); goshawk nesting habitat (Zarnetske and

others 2007); rare tree species distributions (Zim-

merman and others 2007)], they are increasingly

used for exploring the potential response of tree

species to climate change via extrapolating mod-

eled distributions to forecast climate change sce-

narios (Iverson and others 2008; Zimmerman and

others 2009; Cole and others 2008a, b; Refheldt

and others 2009). The FIA data, with its design-

based observations of true presence and absence,

therefore provide an ideal set of observations on

tree species from which SDMs can be developed

(Iverson and others 2008; Rehfeldt and others

2009). However, selecting an appropriate resolu-

tion and extent to model species distributions

introduces technical and conceptual challenges

notwithstanding those arising from the potential

effects of the altered public coordinates.

To investigate the effect of using public FIA

coordinates in SDMs we compared SDMs built with

true coordinates to those built with public coordi-

nates. We focus on two conceptually important

elements of SDMs potentially affected by altered

coordinates: (i) extent, considered in terms of

ensuring appropriate geographic and environmen-

tal sample coverage of the species being modeled

(for example, Sánchez-Fernández and others

2011); and (ii) resolution, which was simply held

constant at 1 km2, the resolution at which altered

coordinates are theoretically predicted to be negli-

gible. All predictor variables where acquired at a

resolution of 1 km2 and this resolution was main-

tained for all modeled distributions. All modeling

was done on six species of conifers which are en-

demic to the Western U.S., and that have strong,

relatively well understood relationships to climate.

All species geographic ranges were completely

encompassed by the FIA sampling grid, insuring

sampling coverage of each species geographic and

environmental space.

Complete geographic (sampling) coverage al-

lowed us to vary modeling extents, and observe

cascading effects of true versus public plot coordi-

nates into environmental space. No definitive

technical or conceptual guidelines exist for select-

ing a modeling extent given known geographic

extents and so we built models across a range of

buffered extents. The extents are species specific,

centering on the FIA-based sample presences of the
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respective species, and increase at 50 km incre-

ments from 50 to 200 km, forming buffered dis-

tances from presences, the effect resulting in an

increase in the absences as extent increased.

The underlying sampled variables were com-

pared between true and public coordinates using

simple t tests adjusted for multiple comparisons.

Models were built using Random Forests (Brie-

mann 2001; Cutler and others 2007) across the

range of extents (with resolution held constant at

1 km2) and compared in terms of classification

accuracy, including model sensitivity, specificity

(after Fielding and Bell 1997), area under the curve

(AUC) (Hanley and McNeil 1982), and the true skill

statistic (TSS) (Allouche and others 2006). Models

from the 100-km buffered extent were applied to

forecast climates and compared spatially in terms of

overall areal agreement and distribution centroids

to determine if use of true versus public coordinates

had any effect on estimated distribution size and

geographic location, respectively.

METHODS

Choice of Species

Four junipers (Juniperus deppeana var. deppeana; J.

monosperma; J. occidentalis; J. osteosperma) and two

piñons (Pinus edulis; P. monophylla) dominate the

arid woodlands of the western US, occupying

10–20% of regional land cover (Figure 1). These six

species are endemic to the US and therefore their

entire distribution is covered by the FIA sample

frame, allowing for their entire realized distribution

to be used in SDMs. Furthermore, the relationship

between climate and piñons and junipers is rela-

tively well understood across multiple levels of

biotic organization (for example, physiology:

McDowell and others 2008; West and others 2008,

coevolution: Lanner 1998; Robinson and others

2010; populations: Chambers and others 1999;

Martens and others 2001, continental distributions:

Betancourt and others 1990; Cole and others

2008a, b).

Species Observation Data

The FIA collects information on the number and

condition of trees on plots approximately 0.4 ha in

area with approximately one plot per 2,400 ha.

However, the spatial intensity of annual FIA plots

collected to date varies throughout the western US

due to different start dates of annual inventory

practices and land tenure, with grid resolutions of

10,000, 5,000 and 2,500 m commonly found. To

create a sample of plots with equal probability of

selection, thereby avoiding sample weight issues,

we extracted one randomly chosen FIA plot per

10 km2, which is the lowest sampling intensity in

the area covered by our study species. For the

Figure 1. Distribution of FIA plots with observations of the presence, by the study species, and their 100-km modeling

extent. The modeling extent is simply a buffer around the presences of each respective species which serves as a basis to

select absences and subsequently limit model extrapolation.
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purpose of this analysis, we collapsed this random

subset of FIA plot observations into simple presence

or absence for each species. Although statistical

methods exist for modeling abundance (count)

data, we collapsed plot abundance data to a nom-

inal response (that is, count ‡ 1 is presence,

count = 0 is absence) so we could employ a com-

monly used distribution modeling tool, Random

Forests (see ‘‘Modeling Current Distributions’’

section). These responses were related to environ-

mental variables to produce species-specific models

of climatic suitability. Subsequently, modeled cli-

matic suitability at FIA plots was related to obser-

vations of establishment and mortality (at their

respective plots) to set thresholds corresponding to

distribution expansion and contraction, respec-

tively (see Gibson 2011).

Modeling Extent

The selection of presences for our modeled species

is based on entire species distributions and thereby

minimizes the risk of under-sampling the breadth

of environmental space occupied by each species.

However, the selection of absences, dictated by the

size and shape of the modeling extent, lacks obvi-

ous guidelines yet has important implications on

model building. With respect to sessile species, the

underlying biological meaning of an absence (for

example, Zarnetske and others 2007) represents a

set of conditions in which individuals of the species

cannot persist but must cautiously be distinguished

from areas in which the species has simply never

had the opportunity to establish (for example,

Barve and others 2011). This is typified by piñons

and junipers of the western US because their con-

tinental distributions are not considered in equi-

librium with the current climate (for example,

Betancourt and others 1991; Gray and others

2006). Although the challenges introduced by the

climatic disequilibrium of distributions remain a

confounding problem for developing SDMs (for

example, Araújo and Pearson 2005; Stokland and

others 2011; Garcı́a-Valdés 2013), it is beyond the

scope of this analysis to address. Rather, we isolate

the effect of altered coordinates on SDMs by com-

paring true- and public-based models developed at

four species-specific modeling extents. The extents

are generated by buffering presences, for each

species, at 50 km increments from 50 to 200 km.

The species buffers are simply the dissolved com-

posite of round buffers centered on each presence.

Each of these four extents are used to define a set of

absences (described in Species Observation Data,

above) which are then used to compare sampled

environmental variables and to build models. The

100 km species-specific modeling extents are illus-

trated in Figure 1. This is done for both the public

coordinates and the true coordinates. Thus, for

both the public and true coordinates, there are four

sets of extents/absences and four corresponding

models built for each species which are then com-

pared.

Predictor Layers and Future Climate
Scenarios

Eight climate variables, in combination with a

topographic roughness variable, constitute the

predictor variables used for all species models

(Table 1). This selection was made based on a re-

view of physiological and demographic studies,

which indicate piñons and junipers respond to

these basic climatic variables (for example, Martens

and others 2001; Floyd and others 1982). Specifi-

cally, piñons and junipers are partitioned along a

common set of climatic gradients within shared

climatic bounds. They are collectively bounded in

Table 1. Climate and Topographic Variables Used to Evaluate Effect of True Versus Public FIA Plot Coor-
dinates on SDMs for Four Juniper and Two Piñon Pine Species, Western North America

Variable class/code Description Units

Climate

Dwi Sum of maximum temperatures for Dec, Jan, Feb �C 9 10

Dsp Sum of maximum temperatures for Mar, Apr, May �C 9 10

Dsu Sum of maximum temperatures for Jun, Jul, Aug �C 9 10

Dau Sum of maximum temperatures for Sep, Oct, Nov �C 9 10

Pwi Sum of precipitation for Dec, Jan, Feb mm

Psp Sum of precipitation for Mar, Apr, May mm

Psu Sum of precipitation for Jun, Jul, Aug mm

Pau Sum of precipitation for Sep, Oct, Nov mm

Topography

Zro Standard deviation from 3 9 3 km neighborhood n/a
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the north and south within a continental thermal

belt (�30–45 N) associated with the positioning of

the polar air mass (for example, Neilson 1987; Cole

and others 2008a, b; Romme and others 2009). On

the east and west they are bound within a negative

annual moisture balance (�120–105 W). Within

this common arid continental interior, piñons and

junipers are partitioned along seasonal moisture

gradients, principally the balance between summer

and winter precipitation. We examined correla-

tions among the variables prior to analysis

Several standardized emissions scenarios have

been developed and run with numerous global cir-

culation models (IPCC 2007). Uncertainty associated

with the various GCMs and emission scenarios poses

a significant challenge for modeling the response of

species distributions to climate change. We limit our

analysis to one scenario as our emphasis is on the

effect of modeling with true coordinates versus

public coordinates, not on climate change effects per

se. We chose the a2a scenario, which is a high

emissions scenario, run by the Hadley center cou-

pled ocean–atmosphere GCM as part of the CMIP3

(IPCC 2001). We derived current and forecast cli-

mate grids from the WorldClim dataset (Hijmans and

others 2005). Current climatic conditions represent

the average monthly values over the last half of the

20th century and have a spatial resolution of 1 km2.

Forecast conditions represent monthly averages

over three 30-year increments centered on 2020,

2050, and 2080.

Modeling Current Distributions

The presence and absences within the four mod-

eling extents were modeled as functions of the

predictor variables using Random Forests (RF,

Breiman 2001; Cutler and others 2007). All of the

predictive models in these analyses were fit using

the ‘‘randomForest’’ library and extrapolated using

the ‘‘raster’’ library in R (Liaw and Wiener 2002;

Hijmans and Elith 2011, respectively). Spatial

extrapolation of the species models to current cli-

matic conditions was constrained to the species

modeling extent. SDMs are sensitive to classifica-

tion thresholds, which are related to prevalence of

the species (presence) (Manel and others 2001)

relative to absence. Given the systematic design of

the FIA plots, our ratio of the presence to absence

(prevalence) is a true sample estimate of the species

prevalence on the landscape. We consequently

used these species-specific sample prevalence val-

ues as the classification thresholds for our SDMs

within the ‘‘PresenceAbsence’’ library in R (Free-

man and Moisen 2008).

Projecting Future Distributions

The models developed for the current climate were

applied to each interval of forecast climate condi-

tions resulting in a sequence of probability surfaces,

that is, modeled climatic suitability, under the

current and three forecast climate intervals. Link-

ing this sequence of probability surfaces to produce

a single categorical distribution forecast map takes

the form of conditional queries combining changes

in modeled climatic suitability with the distance

from current distributions. Changes in modeled

climatic suitability are related by life-stage specific

thresholds which scale up to distribution contrac-

tion, persistence, and expansion. For contraction,

this is simply a decrease in climatic suitability be-

low a threshold. For expansion, this is an increase

in climatic suitability conditional to the distance

from modeled presence in the previous time step.

For the purpose of this study, we set the expansion

rate for all species at 30-km/30-year time step.

Climatic suitability thresholds for expansion and

contraction were generated by relating plot-based

counts of seedlings and of percent mortality,

respectively, to each species current modeled cli-

matic suitability (Gibson 2011). We acknowledge

the uncertainty surrounding the forecast rates and

magnitudes of species distribution expansion and

contraction, and use these thresholds here simply

to compare models built with FIA data using true

coordinates to those built with altered coordinates.

Comparative Analyses

Differences between models built with true versus

public coordinates originate with differences in the

values of sampled predictor variables. Sample dis-

tributions for each predictor variable were com-

pared by species for each modeling extent.

Adjustments for multiple comparisons were made

using the Bonferroni correction (Rice 1989; Cabin

and Mitchel 2000) within the ‘‘p.adjust’’ function

in R (R Development Core Team 2008).

Comparisons of the resulting models were based

first on classification accuracies and second on the

areal discordance of spatial extrapolation under

current and forecast distributions. Classification

accuracies which require a threshold, including

sensitivity, and specificity (after Fielding and Bell

1997), were based on sample prevalence. In addi-

tion to these, the threshold-independent area un-

der the receiver operating characteristic curve

(AUC) (Hanley and McNeil 1982) was also com-

pared. We used the true skill statistic as a measure

of off-diagonal error (Allouche and others 2006).
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All accuracies were generated using out-of-bag

bootstrap samples. Areal discordance of modeled

distributions was calculated between all model sets.

Temporal projections were assessed, in terms of

areal and geographic distribution centroid discor-

dance, for models produced with the 100-km-buf-

fered extent (Figure 1). Areal discordance was

measured as total area with true- and fuzz-based

model agreement/disagreement and summarized

by combining all species into a richness map.

Geographic centroids of distributions were also

generated for each time step to compare divergence

in forecast distributions.

RESULTS

Adjusted P values from the t test comparison of

sampled predictor variables indicated only one

significant difference for any of the variables by

species by modeling extent (P = 0.03, Z_ROUGH, P.

edulis, 50-km buffer) (see Supplemental S1 for all

comparisons). Thus, with the exception of 1 of 270

possible variable combinations, values of variables

extracted from the underlying GIS predictor set did

not differ irrespective of whether true or public plot

coordinates were used (Figure 2). This indicates

that the environmental space used to model the six

species was, for all intent and purpose, virtually

identical among true- and public-based models.

Accuracies for both true and public models are

shown in Table 2. True-based models were gener-

ally 1–4% more accurate than public-based models,

suggesting the impacts of using public versus true

were largely negligible. Of 96 public versus true

comparisons, 54 true-based models were 1–4%

greater, 39 were equal, and only three were lower

than the public-based models. Differences in model

accuracies for public- and true-based models, by

species and extent, are illustrated in Figure 3. This

difference primarily comes from higher sensitivities

of true-based models. Differences in specificity

generally decreased with increasing modeling ex-

tents.

Absolute areal agreement between public- and

true-based modeled distributions, for each time

step, are illustrated in Figure 4. In general, public-

based models produced geographic distributions

with greater total areas than the true-based models.

The difference in modeled current distribution was

approximately 1% for two species, J. monosperma

(1.1%) and J. osteosperma (1.3%), and around 5%

for P. edulis (6.9%) and P. monophylla (4.4%). This

difference was greatest for J. deppeanna (17.2%)

and J. occidentalis (38.7%).

The larger total areas of current distributions

produced with public-based models increased with

forecast distributions with the exception of J. os-

teosperma whose public-based forecast distribution

Figure 2. Distribution (mean, first standard deviation, and entire range) of true- and public-based sampled variables for

species presence plots: Dwi degree sum of winter �C, Dsp degree sum of spring �C, Dsu degree sum of summer �C, Dau

degree sum of autumn �C, Pwi precipitation sum of winter cm, Psp precipitation sum of spring cm, Psu precipitation sum of

summer cm, Pau precipitation sum of autumn cm, Zro topographic roughness m.
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was 0.7% lower than its true-based forecast distri-

bution. The relatively larger total areas of public-

based models increased with the forecast by 0.2%

for P. edulis, 5.3% for P. monophylla, 5.4% for

J. monosperma, and 9.2% for J. deppeana. For

J. occidentalis the true-based model had the greatest

Table 2. Four Measures of Accuracy Applied to Models Built Using Public Versus True FIA Plot Coordinates
for Four Species of Juniper and Two Species of Piñon Pine, Western North America

Extent Species = JUDE Species = JUMO

SENS SPEC AUC TSS SENS SPEC AUC TSS

50 0.75/0.78 0.95/0.96 0.95/0.97 0.71/0.75 0.61/0.61 0.92/0.92 0.89/0.89 0.53/0.53

100 0.76/0.78 0.97/0.98 0.96/0.97 0.73/0.76 0.61/0.62 0.95/0.94 0.92/0.92 0.56/0.55

150 0.75/0.78 0.98/0.98 0.97/0.98 0.73/0.76 0.61/0.61 0.96/0.95 0.93/0.94 0.56/0.56

200 0.75/0.78 0.98/0.98 0.97/0.98 0.73/0.77 0.61/0.61 0.96/0.96 0.94/0.94 0.57/0.58

Extent Species = JUOC Species = JUOS

SENS SPEC AUC TSS SENS SPEC AUC TSS

50 0.70/0.71 0.93/0.94 0.93/0.93 0.63/0.65 0.49/0.49 0.92/0.92 0.85/0.86 0.41/0.41

100 0.70/0.71 0.95/0.96 0.95/0.95 0.65/0.67 0.48/0.50 0.95/0.95 0.90/0.91 0.43/0.45

150 0.69/0.71 0.96/0.96 0.95/0.96 0.65/0.67 0.49/0.50 0.96/0.96 0.92/0.92 0.45/0.46

200 0.69/0.71 0.96/0.97 0.95/0.96 0.66/0.67 0.49/0.52 0.97/0.97 0.93/0.93 0.45/0.49

Extent Species = PIED Species = PIMO

SENS SPEC AUC TSS SENS SPEC AUC TSS

50 0.73/0.74 0.90/0.91 0.92/0.92 0.63/0.65 0.70/0.70 0.95/0.95 0.94/0.94 0.65/0.65

100 0.73/0.74 0.93/0.93 0.94/0.94 0.66/0.67 0.69/0.71 0.96/0.96 0.95/0.96 0.65/0.68

150 0.73/0.74 0.94/0.95 0.95/0.95 0.67/0.69 0.70/0.70 0.97/0.97 0.96/0.96 0.67/0.67

200 0.73/0.74 0.95/0.95 0.95/0.96 0.68/0.69 0.69/0.71 0.97/0.97 0.97/0.97 0.66/0.68

SENS, sensitivity; SPEC, specificity; AUC, area under curve; and TSS, true skill statistic. See ‘‘Methods’’ section for each reference. JUDE, Juniperus deppeana; JUMO, J.
monosperma; JUOC, J. osteosperma; JUOS, J. occidentalis; PIED, Pinus edulis; PIMO, P. monophylla.
Accuracy measures are read as public/true; bold indicates comparisons where either public- or true-based model accuracy is higher.

Figure 3. Percent difference (true models –public models) in model accuracies: sens sensitivity, spec specificity, AUC area

under curve, and TSS true skill statistic for each modeling extent: 50, 100, 150, and 200 k buffers.
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discordance of an astonishing 1,265% as a result of

the true-based model forecasting an enormous

decrease in its distribution (Figure 4).

The collective discordance between all true- and

public-based species forecast distributions, for

models produced at the 100-km extent, are sum-

marized as differences in species richness (Fig-

ure 5). Shifts in mean geographic distribution

centroids reflect shifts in total area and are indica-

tive of the similarity in overall magnitude and

direction of true- and public-based forecast distri-

bution shifts (Figure 5). Distance between cen-

troids of current distribution models built from true

versus public plot coordinates ranged from a low of

6 km for J. osteosperma to a maximum of 64 km for

J. occidentalis (Table 3). By the end of the climate

projection period, 2080, these distances ranged

from 14 to 368 km for J. monosperma and J. occi-

dentalis, respectively. Given the scale of the maxi-

mum axes of the distributions of the six modeled

species was 1,200–2,000 km, these differences in

distribution centroids were minor (1–3%), with the

exception of J. occidentalis.

DISCUSSION

The objective of this analysis is to isolate the effect

of using altered coordinates in SDMs. This study

does not explicitly address the conceptual chal-

lenges facing their development or interpretation of

their forecast. The results of this analysis indicate

the effects of using public FIA plot coordinates to

develop and extrapolate SDMs at a resolution of

1 km2 are influenced more by the particulars of

SDMs than by the errors introduced with altered

coordinates. We found no significant differences

between the underlying distributions of predictor

Figure 4. Areal overlap of true- and public-based modeled distribution forecasts for each modeling extent, by species.

Figure 5. Relative richness of piñon-juniper species dis-

tributions projected with true- versus public-based

models and their centroids. Areas where public-based

models project more species are shown in red and areas

with more species projected by true-based models are

shown in blue. Public-based distribution centroids are

shown in red and true-based centroids shown in blue.

50 J. Gibson and others



variables sampled with true versus public coordi-

nates at any modeling extent. This finding supports

previous work which indicates the effects of using

public coordinates to sample gridded variables with

a resolution of 1 km2 are largely negligible (for

example, McRoberts and others 2005; Coulsten and

others 2006; Pricely and others 2009).

Although the underlying distributions of sam-

pled variables were not found to be significantly

different at this resolution, classification accuracies

did vary slightly between and within public- and

true-based models as a function of extent. Within

the two sets there was a ubiquitous trend of

increasing model specificities in proportion to the

accumulation of absences associated with increas-

ing extents. In short, the addition of absences from

outside the known geographic distribution of the

species added greater variability to the environ-

mental space and enhanced the discrimination

capability of the RF models. Note, however, that

this is a statistical rather than ecological conse-

quence, and may actually lead to misleading

models as the number of absences are increasingly

selected from locations that have geographic isola-

tion but potentially suitable climatic conditions.

In addition, the difference between accuracy

specificities of public- and true-based models de-

creased as modeling extent increased. Differences

in sensitivity, however, generally remained con-

stant within and between the two sets of models

across the range of modeling extents, with the true-

based models slightly higher (1–5%) than the

public-based models. The higher sensitivity of

models developed with true coordinates translated

into geographic distributions with smaller total

areas than the public-based models. For all species

but J. osteosperma the difference increased with

temporal extrapolation. Similarly, for all species but

J. occidentalis, the negligible differences in distribu-

tion centroids also support a general conclusion

that no real effect is apparent whether true or

public plot coordinates are used in SDMs.

The greatest difference between public- and true-

based models occurred for the SDM with the worst

classification accuracies, J. occidentalis. The com-

parison of sampled environmental variables for this

species indicated there was no statistically signifi-

cant difference between public and true coordi-

nates. Instead, we reason this difference stems from

the fact that the distribution of this species is dif-

ficult to model for several reasons which often

beset distribution modeling. Principle among these

reasons is (i) the myriad of land-use legacies

impacting this species distribution in addition to (ii)

the complex terrain and relationship with fire-

adapted grasses that this species inhabits, and (iii) is

compounded by relatively few presences to model

within an area where environmental variables, that

is, climatic conditions, are similarly difficult to

model. The challenges inherent in modeling species

distributions, exemplified in part by J. occidentalis,

are of more concern than the effects of using al-

tered coordinates.

The FIA database is an unprecedented geo-

graphic database of tree presence and condition,

ideal for applications of SDMs. Our research indi-

cates there are only negligible effects for using

public FIA coordinates for developing SDMs at re-

gional scales. Researchers working on such a scale

may, therefore, not be concerned with the effects of

using public coordinates and instead focus on the

challenges inherent in the process of developing

SDMs relevant to broader research objectives.
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