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 Species distribution models are used for a range of ecological and evolutionary questions, but often are constructed from 
few and/or biased species occurrence records. Recent work has shown that the presence-only model Maxent performs well 
with small sample sizes. While the apparent accuracy of such models with small samples has been studied, less emphasis has 
been placed on the eff ect of small or biased species records on the secondary modeling steps, specifi cally accuracy assess-
ment and threshold selection, particularly with profi le (presence-only) modeling techniques. When testing the eff ects of 
small sample sizes on distribution models, accuracy assessment has generally been conducted with complete species occur-
rence data, rather than similarly limited (e.g. few or biased) test data. Likewise, selection of a probability threshold – a selec-
tion of probability that classifi es a model into discrete areas of presences and absences – has also generally been conducted 
with complete data. In this study we subsampled distribution data for an endangered rodent across multiple years to assess 
the eff ects of diff erent sample sizes and types of bias on threshold selection, and examine the diff erences between apparent 
and actual accuracy of the models. Although some previously recommended threshold selection techniques showed little 
diff erence in threshold selection, the most commonly used methods performed poorly. Apparent model accuracy calculated 
from limited data was much higher than true model accuracy, but the true model accuracy was lower than it could have 
been with a more optimal threshold. Th at is, models with thresholds and accuracy calculated from biased and limited data 
had infl ated reported accuracy, but were less accurate than they could have been if better data on species distribution were 
available and an optimal threshold were used.   

 Species distribution models (aka habitat suitability mod-
els or environmental niche models) are used to examine a 
multitude of evolutionary, ecological and conservation-
related questions. Applications of species distribution models 
(SDMs) range from identifying conservation gaps (Kremen 
et al. 2008), predicting the eff ects of climate change (Th uiller 
2004), and exploring mechanisms of speciation (Graham 
et al. 2004). Such models use geolocated species presence 
records and spatially explicit environmental and ecological 
correlates to create a map of presence probability. Approaches 
to species distribution modeling include more traditional 
regression techniques (e.g. generalized linear models and 
generalized additive models) to more recent techniques codi-
fi ed in software packages (e.g. Maxent). A thorough review 
of approaches is provided by Elith et al. (2006), Graham and 
Hijmans (2006) and Elith and Leathwick (2009). 

 Given that occurrence data are sparse for most species, 
small datasets (generally considered  � 100 occurrence points 
(Hernandez et al. 2006), due either to species rarity or incom-
plete historical collections, are increasingly being used in 
suitability modeling (Gibson et al. 2007, Papes and Gaubert 
2007, DeMatteo and Loiselle 2008). Th e use of imperfect 
species records (i.e. species records with a small number 
of data points and/or spatially biased records) has become 
increasingly popular as modeling techniques have grown 

more robust. In particular, the species distribution model-
ing software Maxent (Phillips et al. 2006) is often cited as a 
particularly good model for small datasets. However, while 
some work has been done to explore the accuracy of models 
with small sample sizes (Hernandez et al. 2006), less atten-
tion has been paid to the eff ects imperfect records will have 
on the two critical secondary steps in modeling methods: 
threshold selection and accuracy assessment.  

 Threshold selection 

 Th e primary output of most SDMs is a raster representing the 
probability of species occurrence. For most applications, it is 
often necessary to select a threshold of probability to classify 
each pixel into two categories,  ‘ suitable ’ , or  ‘ present ’ , and  ‘ unsuit-
able ’  or  ‘ absent ’ . Each pixel is deemed suitable if the probability 
of occupancy is greater than the threshold value, and vice versa. 
Most common techniques for assessing the accuracy of SDMs 
require this binary map, as do most model applications. For 
example, identifying areas to target for invasive species mitiga-
tion (Ward 2007), mapping areas of connectivity (Waltari and 
Guralnick 2009), and modeling range expansion (De Marco 
et al. 2008) all require delineating boundaries of species 
presence and absence from a map of probability. 
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 Th e simplest probability threshold classifi es all areas of 
probability greater than 0.5 as  ‘ present ’  and all areas below 
0.5 as absent (Manel et al. 1999). Although this technique 
intuitively makes the most sense, it has generally been dep-
recated for a number of statistical reasons including that 
the ratio of presences to absences in the training model are 
rarely equal, thus the mean probabilities of each event are 
biased (Guisan and Th eurillat 2000). Another approach 
sets the probability threshold to the prevalence of modeled 
data: that is, the ratio of presence points to total observa-
tions in the model data (Cramer 2003). More advanced 
techniques for selecting a probability threshold require 
analyzing the model ’ s sensitivity and specifi city using 
species occurrence data that is withheld from the model-
building process. Sensitivity is defi ned as the percent of 
 ‘ true ’  presences correctly classifi ed as present by the model, 
and specifi city is the percent of  ‘ true ’  absences correctly 
classifi ed as absent (Liu et al. 2005). 

 Other advanced methods use the receiver operating char-
acteristic (ROC) curve to calculate a threshold. Th e receiver 
operating characteristic (ROC) curve plots sensitivity against 
1 minus specifi city. In a completely discriminating model, 
sensitivity would remain at 1.0 across all levels of specifi c-
ity, and any threshold selected would be correct, where all 
presences and absences are correctly classifi ed. Methods for 
calculating a probability threshold using the ROC include 
selecting a threshold where specifi city equals sensitivity, 
maximizing the sum of specifi city and sensitivity, or select-
ing the probability corresponding to the point on the ROC 
curve closest to (0,1) (Liu et al. 2005). In these approaches, 
withheld records of species occurrence are required in order 
to test the specifi city and sensitivity of the model. 

 A third category of threshold selection identifi es a thresh-
old value that maximizes the percent of points correctly 
classifi ed (PCC); maximizes sensitivity plus specifi city; or 
maximizes Kappa, a measure that utilizes both sensitivity 
and specifi city (Guisan et al. 1998). Finally, many studies 
use the lowest presence threshold (LPT) (Pearson et al. 
2007, Raxworthy et al. 2007, Brown et al. 2008, Th orn 
et al. 2009), an approach in which the threshold is set 
to the lowest probability found at any of the confi rmed 
species presence points. Th e LPT approach has commonly 
been modifi ed to include only a certain percentage of pres-
ence points. For example, some studies select a threshold 
that would classify 95% of all known presence points as 
present (Waltari and Guralnick 2009). Importantly, these 
techniques require that spatially defi ned fi eld data on spe-
cies occurrence data are available to calculate the threshold 
and test model accuracy. While Maxent may be used with 
presence-only data, of course only those models with small 
datasets on presence and absence may be used for these sec-
ondary modeling steps. 

 All of the techniques of selecting a threshold described 
above have been analyzed across a range of sample sizes and 
with multiple accuracy metrics to test their ability to pro-
duce results that match  ‘ true ’  occurrences. Studies thus far 
have relied on relatively large sample sizes, either to create 
the models (Liu et al. 2005), or to test their accuracy and 
select thresholds (Hernandez et al. 2006, Jimenez-Valverde 
and Lobo 2007, Freeman and Moisen 2008a). However, spe-
cies distribution modeling, threshold selection and accuracy 

assessment are all components of a single approach. In real 
world situations, small samples and biased data used to cre-
ate the model must also be used to calculate a threshold and 
to assess the model accuracy. Errors in the original data can 
be compounded throughout the model validation process 
to create misleading results. Given this, it is surprising that 
little has been done to examine the synergistic eff ects of small 
sample size and/or biased data on model output.   

 Spatial and temporal bias in fi eld collection 

 Although the eff ect of sample size on species distribution 
modeling has been well explored, sample bias represents 
another common problem in species presence data, espe-
cially for rare species or historic datasets (Phillips et al. 
2009). Species ’  distributions can be biased in space (e.g. 
biased sampling eff ort) or time. In the case of time, a spe-
cies may have been sampled at a time of contraction, rep-
resenting a much more limited range than seen at times 
of expansion. While species distribution models have been 
suggested to be accurate with small samples (Hernandez 
et al. 2006), and eff orts are underway to address spatial 
bias (Phillips et al. 2009), less is know about how temporal 
bias may aff ect modeling, threshold selection and accuracy 
assessment in combination. 

 In this study, we used multiple years of population-
level distribution data for the giant kangaroo rat (GKR, 
 Dipodomys ingens ), a federally and state-listed endangered 
rodent endemic to California, to examine the eff ects of vary-
ing sample size and sample bias on threshold selection and 
accuracy assessment. By combining several years of range-
mapping data we were able to create a baseline distribution 
that incorporated expansion and contraction over time. We 
then compared model predictions from this multi-year data 
set with those based on individual years of collection, and 
across multiple sample sizes. We did this with two objectives: 
1) to compare thresholds calculated from each model of lim-
ited data with the  ‘ optimal ’  threshold calculated from the 
combined (i.e. multi-year) distribution for that model, and 
2) to compare accuracy reported from the limited data with 
the accuracy of the model calculated from the combined 
distribution. In doing so, we identifi ed 1) how accurate the 
models appeared to be, given the threshold and accuracy cal-
culated from the limited data, 2) how accurate the models 
really were given the threshold calculated from limited data 
and accuracy calculated from the multi-year (i.e.  ‘ true ’ ) dis-
tribution, and 3) how accurate they could have been, given 
a threshold and accuracy calculated from the multi-year 
distribution (Fig. 1).   

 Methods 

 We utilized three years of GKR population distribution 
data, each representing diff erent levels of sample bias, with 
subsample sizes of 5, 10, 100 and 1000 to assess the eff ects 
of sample size and sample bias on threshold selection and 
accuracy assessment. For each year and sample size, we tested 
seven methods of threshold selection and four methods of 
accuracy assessment.  
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Figure 1.     Flow chart for analyzing model output with limited data. Distribution models were created for 2001, 2006, 2008, and the multi-year 
distribution with sample sizes of 5, 10, 100 and 1000. Each model was evaluated in three ways: how accurate it appeared to be (with threshold 
and accuracy calculated from the limited data), how accurate it was (with threshold calculated from the limited data and accuracy calculated 
from the multi-year data) and how accurate the model could be (with threshold and accuracy calculated from the multi-year data).  

 Study site and focal species 

 Th e giant kangaroo rat (GKR) is a burrowing rodent that 
inhabits dry grassland habitat, clipping the vegetation 
around their burrows for forage and visibility (Braun 1985). 
Th is behavior makes active burrows contrast strikingly with 
areas without GKRs, with burrows appearing as circles of 
bare soil 4–6 m in diameter in a matrix of standing grass. In 
years with a large standing crop of grass, these bare areas, and 
thus the spatial extent of the population, is easily mapped 
during aerial surveys. 

 Once distributed throughout California ’ s San Joaquin 
Valley, GKR are now limited to a half dozen, fragmented 
populations in and around the Coast Range (Williams 
1992). Th e largest of these populations occurs in Carrizo 
Plain National Monument ( ‘ Carrizo ’ , Fig. 2). Th e Carrizo 
Plain covers approximately 820 km 2  and is considered the 
largest remnant of the San Joaquin Valley Grassland habi-
tat. Precipitation in Carrizo is low (mean  �  20 cm annually) 
and variable (SD  �  10 cm). Such variability is believed to 
contribute to dramatic annual changes in GKR abundance 
and distribution. Based on aerial surveys, in the span of only 
fi ve years, GKRs in Carrizo nearly doubled the size of their 
distribution. Th e GKR in Carrizo thus serves as a model 
species for examining the impact of a variable distribution 
on SDM accuracy: its large shifts in distribution allow for 
investigation into multiple, real-world examples of possible 
sampling bias in both time and space, while multiple years 

  

Figure 2.     Results of aerial surveys, 2001, 2006 and 2008. Species presence points were randomly sampled from within each of these distribu-
tions for the given year. Pseudo-absences were sampled as background points in Maxent. Absence points were randomly sampled from outside 
of the distribution for each year for model validation. Representative Maxent model results given in Supplementary material Appendix 1.  

of mapping its areal distribution present a nearly complete 
measure of their maximum potential distribution. Finally, 
our ability to map GKR areal distribution through time 
allows for a comparison between models created with poten-
tial small and biased samples with models created from near-
complete knowledge of GKR distribution.   

 Population distribution mapping and 
model creation 

 In 2001 and 2006, we conducted aerial transects every quarter 
mile across all of the Carrizo to map GKR activity through-
out the monument (Fig. 2). Th e distribution in 2001 repre-
sented a lower year in GKR distribution, whereas 2006 more 
closely approximated the full possible extent. In 2006, GKR 
expanded across most of the plain. Further expansion would 
have required incursion into steep slopes of oak woodland 
or other areas dominated by  Avena  grass species, both gener-
ally considered uninhabitable by GKR. Th us, it was shown 
empirically that the distribution of GKR in 2001 was much 
smaller than the population ’ s full range. In 2008, aerial sur-
veys were only conducted across the northwest portion of 
the GKR range, representing a clear spatial sample bias. In 
addition to these data, we created a combined population 
distribution with the Merge function in ArcGIS 9.2 (ESRI 
2008). Th is combined distribution represented, as near as 
possible, an empirically-derived estimate of the full potential 



253

for a model created from a sample of 5 points from the 2001 
distribution was calculated using 5 absence and 5 presence 
points randomly selected from the 2001 distribution. We 
also calculated the  ‘ true ’  AUC using 2000 points randomly 
selected from the combined distribution as a comparison. In 
short, this approach considered 1) how accurate the models 
appeared to be, with accuracy calculated from limited data 
on GKR presence and absence, and 2) how accurate they 
were, with accuracy calculated with more complete knowl-
edge of their potential distribution.   

 Threshold selection 

 For each of the 160 models, we used seven methods of 
threshold selection; six recommended by Liu et al. (2005), 
as well as the most commonly used method, LPT (Table 1). 
In addition, we selected thresholds based on four levels of 
required sensitivity: 50, 90, 95 and 99%. In this approach, 
a separate threshold was calculated to produce each level of 
desired sensitivity. Such an approach can be useful in conser-
vation planning, for example, when a high, specifi c level of 
sensitivity is necessary. 

 For each model, two thresholds were calculated: fi rst, a 
threshold based on data with a comparable sample size and 
from the same distribution as the model-training data. For 
example, for a model with a sample size of 5, a threshold was 
calculated from an additional 10 points (5 presence and 5 
absence points) randomly selected from the single-year distri-
bution. A second threshold was calculated using 2000 points 
(1000 presence and 1000 absence) randomly selected from 
the multi-year distribution. Th is second threshold represents 
the best possible threshold for each model assuming the user 
has knowledge of the potential distribution of the species. 
Th at is, given a model constructed with a small sample size 
and from a single year, but knowing the complete distribu-
tion of the species, what is the optimal threshold to classify 
the model into suitable and non-suitable habitat? Th e second 
threshold serves as a comparison to the threshold calculated 
from the limited data. All thresholds were calculated in R 
(R Development Core Team 2009) using the PresenceAbsence 
package (Freeman and Moisen 2008b).   

distribution of giant kangaroo rats in Carrizo, and served as 
a test of the accuracy of models built using the limited and 
biased datasets. 

 Species distribution models of GKR in Carrizo were 
created for each year separately with the software Maxent 
(Phillips et al. 2006). Maxent uses a maximum entropy 
approach to estimate the most uniform distribution of a spe-
cies ’  occurrence across the study area, constrained by the pro-
vided environmental correlates. Maxent was chosen because 
it has been shown to work better than other approaches with 
small samples (Hernandez et al. 2006). Importantly, Maxent 
incorporates observed presence points in model building, 
but does not incorporate points where the focal species is 
known to be absent. Instead, it relies on thousands of back-
ground  ‘ pseudo-absence ’  points picked at random through-
out the area of interest to characterize unoccupied habitat. 
A more complete discussion on how pseudo-absences are 
selected, and their utility in species distribution modeling 
can be found in Wisz and Guisan (2009). Because of the use 
of pseudo-absences, modeled data  ‘ prevalence ’  (the ratio of 
presence to total points) tends to be quite low. Th e default 
number of background points is 10 000, making prevalence 
with 50 observations 0.005. In this case, setting the prob-
ability threshold to the original prevalence is inadvisable 
(Jimenez-Valverde and Lobo 2007). In presence-pseudo-
absence models, the ratio of presence points to total model-
ing points is not directly comparable with the probability 
of occurrence. Pseudo-absences are almost certain to con-
tain species presence points, and thus  ‘ prevalence ’  calculated 
from a profi le model will be negatively biased. 

 We created 10 random sets of presence points from 
within the observed distribution of GKR for each year of 
data (2001, 2006, 2008, and combined), with sample sizes 
of 5, 10, 100 and 1000 using the random point generator in 
the Hawth ’ s tools extension for ArcGIS (Beyer 2004). For 
each year and sample size, we created 10 models in Maxent, 
for a total of 160 models. We used soil type at the group 
level from the SSURGO database (USDA 2008), vegeta-
tion type (USDA Forest Service 2008), elevation (USGS 
2008), slope (calculated from elevation), and precipitation 
isoclines (USGS 1994) as explanatory variables, and used 
the Maxent default feature selection algorithm. Soil, vegeta-
tion and precipitation isoclines were obtained as vector poly-
gons, and converted to raster to match the scale of the digital 
elevation model (DEM). All explanatory variables were 
calculated at 30 m resolution. Th e study area consisted of 
1 111 365 pixels ( ∼ 1000 km 2 ). Giant kangaroo rat extent in 
2001 was 295 152 pixels ( ∼ 265 km 2 ), 539 280 pixels (485 
km 2 ) in 2006, and 39 310 pixels (35 km 2 ) in 2008. Mean 
temperature or variation in temperature showed little varia-
tion at the scale of this study and, thus, these variables were 
not included in the models. All other Maxent parameters 
were set to the default. 

 To assess the accuracy of the models, we calculated 
the area under the curve (AUC), a commonly reported 
threshold- independent measure of model accuracy (Hanley 
and McNeil 1982). AUC represents the area under the 
ROC curve. A perfect model would have an AUC of 1, 
and a model no diff erent from random would have a score 
of 0.5. First, we calculated AUC using data comparable in 
sample size to the model-training data. For example, AUC 

  Table 1. The eight distinct approaches used to select threshold val-
ues in species distribution models considered in this study. These 
approaches have been recommended for a variety of taxa, data 
types, and model approaches.  

Method Approach Reference

Method 1 Sensitivity  �  specifi city Cantor et al. 1999
Method 2 Maximize (sensitivity  �  

specifi city)
Cantor et al. 1999, 

Manel et al. 2001
Method 3 Maximize kappa Huntley et al. 1995
Method 4 Maximize PCC Guisan et al. 1998
Method 5 Mean probability of 

model building 
points

Cramer 2003

Method 6 Closest point to (0,1) 
on ROC curve

Cantor et al. 1999

Method 7 Lowest presence point 
probability

Pearson et al. 2007

Method 8 Set to achieve desired 
sensitivity
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 Accuracy assessment 

 For each model and threshold, we calculated four mea-
sures of accuracy: percent of points correctly classifi ed, 
sensitivity, specifi city and Kappa (Cohen 1960). Each 
accuracy measure was calculated in three ways. First, as 
with the threshold calculations, we measured accuracy 
using a sample matched in size to the model-building 
data (e.g. 100 presence and 100 absence points for an 
original sample size of 100). We also calculated accuracy 
using the multi-year distribution. Th e fi rst measure of 
accuracy demonstrated how accurate the model appeared 
to be, given limited knowledge of a species ’  distribution. 
Th e second showed how accurate the model actually was, 
given near-complete knowledge of its potential distribu-
tion in Carrizo. Finally, we calculated the accuracy of the 
model using the optimal threshold calculated from the 
multi-year distribution. Th is measure of accuracy repre-
sented how accurate the model could be given an optimal 
threshold calculated from near-complete knowledge of a 
species ’  distribution. Accuracy was measured using the 
PresenceAbsence package (Freeman and Moisen 2008b).    

 Results  

 Population distribution mapping 
and model creation 

 Th e years 2001 and 2006 represented quite diff erent dis-
tributions for GKR (Fig. 2). In 2001 there was a smaller 
population, limited in distribution, whereas in 2006 the 
population covered nearly all of the Carrizo Plain. In 2008, 
due to sampling bias, there was a limited distribution and, 
consequently, a limited distribution model. Maxent results 
for each sample size and year are provided in Supplementary 
material Appendix 1.   

 Threshold selection 

 Th resholds calculated from limited data tended to be 
higher than the optimal threshold, particularly in spatially 
biased samples and with larger sample sizes (Fig. 3 and 
Supplementary material Appendix 1, Fig. A2). Th ere were 
few diff erences among the six methods recommended by 
past studies (Liu et al. 2005, Jimenez-Valverde and Lobo 
2007). Th e LPT approach created much lower thresholds 
across all samples and model years. Th resholds calculated 
for a required level of sensitivity were uniformly higher 
when calculated from limited data than from the multi-
year distribution. For models created from 2008 distribu-
tion data, thresholds were presented for sensitivities that 
were, in reality, impossible to achieve. Due to the limited 
distribution model, setting the threshold only to 0 (e.g. 
all pixels classifi ed as present) would have resulted in the 
desired sensitivity (e.g. 99% points correctly classifi ed as 
present). In 2001 and 2006, and in the multi-year distri-
bution, thresholds calculated from the limited data were 
closer to the optimal threshold for the model, especially 
at larger sample sizes (Fig. 3).   

 Accuracy assessment 

 Across all four measures of accuracy and all seven methods 
of threshold selection, accuracy calculated using the limited 
data was higher than the accuracy calculated from the multi-
year distribution (Fig. 4, Supplementary material Appendix 
1, Fig. A3–A7). In other words, limiting the data used to test 
accuracy created the false conclusion that those models were 
accurate. However, in most cases, model accuracy was lower 
than it could have been if the  ‘ optimal ’  threshold calculated 
from the multi-year distribution had been used. Th is pat-
tern was most prominent in 2008, the spatially biased sam-
ple, but consistent in 2001 and 2006. Th e LPT method of 
threshold selection created models essentially no better than 
random, with most models classifying only 50% of points 
correctly. Interestingly, on average, models from 2008 with 
small sample size appeared to be more accurate than models 
with a large sample size. 

 AUC scores for all models calculated from limited data 
were universally good (Fig. 4). However, AUC calculated 
from the multi-year distribution revealed some models to 
be poor performers. At low sample sizes, there were no sig-
nifi cant diff erences in AUC across the diff erent models. On 
average, the multi-year model did as well as any of the sin-
gle-year models, including 2008. However, AUC values cal-
culated from limited data made the accuracy of the models 
appear much higher than it would have been if it had been 
calculated from more complete knowledge of the potential 
distribution. In 2008, for example, AUC scores were consis-
tently 15% higher when calculated from limited data than 
the multi-year distribution. As sample size increased in 2001 
and 2006, AUC appeared to stay constant when calculated 
from the limited data, however, the  ‘ true ’  AUC increased. 
Not surprisingly, models with larger sample sizes were more 
accurate than those with small samples. Th e diff erences 
between AUC calculated from limited and multi-year data 
decreased as sample size increased. 

 Reported and true accuracy for the models from the 2006 
data and the multi-year distribution converged at 100 points. 
Th at is, with reasonably unbiased data, thresholds can be 
optimally selected and accuracy appropriately assessed with 
approximately 100 separate model and evaluation points 
(Fig. 4).    

 Discussion 

 Species distribution modeling is a large and growing fi eld in 
ecology, but data used to develop models frequently suff er 
from small sample size and/or spatially or temporally biased 
data collection. Some studies have shown that models cre-
ated from small samples can be accurate, but many tests of 
small samples assume knowledge of a species ’  full distribu-
tion to calculate accuracy estimates (Hernandez et al. 2006). 
Th is study demonstrates that probability thresholds and 
accuracy assessments calculated from limited knowledge of 
a species ’  distribution compound the problems of small sam-
ple size and bias and, perhaps more importantly, may create 
unfounded confi dence in model results. 

 Problems of small sample size and sample bias were 
also apparent in selecting an appropriate threshold for 
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Figure 3.     Th reshold calculated for each model with a variety of metrics. Th resholds were selected by setting the sensitivity equal to specifi c-
ity (method 1), setting the threshold to the lowest probability measured in the species occurrence data (method 7), and setting a threshold 
to a required level of sensitivity (method 8, sensitivities of 50, 90, 95, 99%). Additional threshold selection criteria results are shown in 
Supplementary material Appendix 1. Triangles represent threshold selected based on limited data. Circles represent thresholds selected from 
the multi-year distribution. In biased data (2001, 2006, 2008), thresholds required for a level of sensitivity were always lower than thresh-
olds estimated based on limited data. In 2008, even achieving 50% sensitivity was impossible, but thresholds calculated based on limited 
data suggested relatively high thresholds. Error bars are  �  /– two standard errors across the 10 iterations for each sample size and year.  

the distribution models. Liu et al. (2005), using complete 
knowledge of the distribution of two European species of 
plants, showed that setting the threshold to the ratio of pres-
ence points to total points in the original model performed 
best across multiple accuracy metrics and prevalence. Th ey 
endorsed the specifi city-sensitivity methods used in this 
study as well. Jimenez-Valverde and Lobo (2007) assessed 
model response to diff erent threshold selection techniques 
across a range of sample sizes. Th ey, too, recommended set-
ting the threshold to the modeled data prevalence. Th is study 
confi rmed that these are the best approaches for threshold 
selection. With most Maxent models  –  where prevalence 

tends to be quite low  –  the various sensitivity-specifi city 
methods perform comparably to each other, as do those that 
maximize accuracy, and all of these perform better than the 
LPT method. 

 Hernandez et al. (2006) used the maximum of the sum 
of specifi city and sensitivity to select a threshold and evalu-
ate model performance under a range of sample sizes. Th ey 
showed that Maxent could be eff ective with as few as 25 
data points. In all three studies, thresholds were selected and 
accuracy assessed using the best data available. Our study 
shows that, while these approaches to threshold selection 
are better than others available, and each performs similarly 
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 Figure 4.     Accuracy calculated for each model. Th reshold in each case was calculated by setting sensitivity equal to specifi city (for threshold 
calculated from other methods, see Supplementary material Appendix 1). Triangles show accuracy calculated from limited data  –  how 
accurate the model appeared to be. Circles represent true accuracy, calculated from multi-year data  –  how accurate the model actually was. 
Lines represent accuracy if threshold had been calculated from multi-year data  –  how accurate the model could be. AUC lacks the line 
because it is a threshold-independent measure of accuracy. 2008 shows the greatest diff erence between reported and actual accuracy, 
whereas the multi-year data (i.e. unbiased) set shows little diff erence between the two. Error bars are  �  /– two standard errors for 10 itera-
tions of each sample size and year.  

well, an optimal threshold is more diffi  cult to discern with 
limited data. Further, accuracy reported from limited data 
is frequently infl ated above the true accuracy of the model. 
Th is was true both for the threshold-dependent accuracy 
metrics, and for AUC. Such problems are consistent with 
recent work showing that AUC, while independent of a 
threshold, suff ers from problems similar to other accuracy 
metrics (Lobo et al. 2008). 

 While sample size has been explored thoroughly for most 
modeling approaches, spatial or temporal sample bias in 
sampling is a less-studied problem in species distribution 

models. Sampling bias is often caused by researcher access, 
and may have diff erent implications for modeling outcome 
than temporal bias in a species not at equilibrium. Th at is, a 
species undergoing range contraction, or at a relative popula-
tion minimum, may be found only in areas of high habitat 
quality. In such a case, a distribution model may be unneces-
sarily restrictive, although it may adequately represent the 
relative values of habitat. Sample bias also creates restricted 
distribution models (Hortal et al. 2008). In the case of sam-
ple bias, the restricted distribution will not necessarily cor-
respond with high quality habitat for the species. 
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