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A B S T R A C T

Species range maps and georeferenced records of species occurrences supply complementary information about 
where species occur. I applied range maps and georeferenced records to examine intersection between range 
maps and the most certain and less certain locations of georeferenced records (i.e., coordinates can have an 
associated field of coordinate uncertainty in meters), intersection between an alternative range map product and 
georeferenced records, and areas of range maps relative to areas predicted by species distribution models from 
georeferenced records or range maps, with varying sample sizes. For all combined 3853 vertebrate and plant 
species, 25 % of species had at least 96.8 % intersection between georeferenced records of distance uncertainties 
<1 km and range maps, 50 % of species had at least 91.7 % intersection, and 75 % of species had at least 81.0 % 
intersection. The 25 % of species range maps with less than 80 % intersection may need reevaluation for mis- 
location, with omission and commission error. Similar results occurred for intersection with ranges of geore
ferenced records for distance uncertainties greater than 1 km or unknown, relative to uncertainties <1 km, and 
the Mammal Diversity Database (MDD) range maps, relative to International Union for Conservation of Nature 
(IUCN) range maps. Species distribution models based on small sample sizes overpredicted total area of occur
rence, with about half of the predicted area outside of range maps. Range maps and georeferenced records 
triangulated, regardless of distance uncertainties. Range maps can help validate species distribution models or 
indicate issues of area overprediction and poor representation due to small samples, whereas georeferenced 
records detected potential anomalies in range maps.

1. Introduction

Ranges delineate the geographic distributions of species. The Inter
national Union for Conservation of Nature (IUCN, 2024) has produced 
the most comprehensive set of accessible range maps for taxa including 
vertebrates and plants. Various groups have produced competing ver
sions of range maps, including the Mammal Diversity Database (e.g., 
Marsh et al., 2022). Regardless of specific accuracy, range maps are 
generally accepted coarse realizations of species distributions (Mathias 
et al., 2004; Hurlbert and White, 2005; McPherson and Jetz, 2007; Jetz 
et al., 2008; Ficetola et al., 2014). Objective reality is captured through 
approximate representation (Denzin, 2012).

Given relative temporal correspondence (e.g., extant ranges and 
recent species observations), range maps and georeferenced records of 
species occurrences offer complementary information about species 
distributions, with range maps containing commission error, due to 
monolithic delineation, whereas georeferenced records contain omis
sion error (Hurlbert and Jetz, 2007; Ficetola et al., 2014). Range maps 

typically are more comprehensive than sampling coverage by observed 
species occurrences, but range maps may include locations where spe
cies do not occur or rarely occur (Gaston and Fuller, 2009; Graham and 
Hijmans, 2006; McPherson and Jetz, 2007; Hawkins et al., 2008; Fice
tola et al., 2014). Georeferenced records represent precise yet uneven 
sampling of species because continents are undersampled, with 
unsampled areas (Graham and Hijmans, 2006; McPherson and Jetz, 
2007; Hughes et al., 2024; Daru and Rodriguez, 2023; Garcia-Rosello 
et al., 2023). Some research has supported that both data types appear 
equally suitable for use, without relying on both, albeit with recognition 
that complete coverage may require both types for wide-ranging and 
poorly sampled species (Alhajeri and Fourcade, 2019; Arenas-Castro 
et al., 2022).

Georeferenced records are likely to be correctly located, due to fine 
resolution of point coordinates (Graham and Hijmans, 2006; McPherson 
and Jetz, 2007). Nonetheless, georeferenced records are considered to 
have locational errors, to the extent a standard practice is to remove 
samples that potentially may have errors (Zizka et al., 2020). 
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Undeniably, museum records georeferenced years after collection based 
on imprecise locations are not expected to be accurate (Feeley and Sil
man, 2010), and records need to be filtered to the time frame of interest, 
given species extirpations and range changes over time (Faurby and 
Araújo, 2018; WWF et al., 2018). However, no other mapped product 
overall has greater locational accuracy relative to georeferenced co
ordinates, particularly georeferenced coordinates with an associated 
distance uncertainty. That is, 1:110 million land layers are less accurate 
(Chapman and Wieczorek, 2020), whereas range maps may have dis
tance uncertainties of 200 km (Hurlbert and Jetz, 2007). A distance 
uncertainty <1 km means that coordinates for the records are offset by 
no more than 1 km. While a maximum offset distance of 1 km may 
appear to be distant, mammals and birds are mobile and may move away 
from human observers, which also may be in motion. Furthermore, 
distance uncertainties are the maximum and may be increased to match 
the standards of the reporting institution.

Species distribution models use georeferenced records, predictor 
variables, and a modeling algorithm to fill in geographical space with 
environmental conditions similar to occurrence points, albeit limited by 
available samples of conditions (Barry and Elith, 2006; Thuiller and 
Münkemüller, 2010). Certainly, most species distribution models have 
not made use of range maps, and associated expert input, as references 
to confirm representativeness of species models (Merow et al., 2017). 
Indeed, Herkt et al. (2017) concluded that IUCN range maps under
estimated the complete geographical ranges of bat species in Africa 
relative to species distribution models, for which they used small sample 
sizes (mean of 60, median of 21). They recommended that IUCN range 
maps should not be used where species are not sampled or under
sampled. However, due to small sample sizes, species distribution 
models can be unrepresentative of species ranges, particularly by 
overpredicting areas of occurrence (Mitchell et al., 2017; Gábor et al., 
2020). Likewise, other modeling decisions such as truncated samples 
and choices in threshold between area classified as presence and absence 
can affect predicted areas in species distribution models. That is, it may 
be more probable that poorly sampled areas will result in small samples 
and species distribution models that contain commission (and omission) 
error rather than that range maps contain omission error (Mitchell et al., 
2017; Gábor et al., 2020).

Given that currently available range maps and georeferenced records 
seemingly are derived from different data streams and processes, at least 
with divergence over time, co-occurrences in location can help confirm 
where species occur, while also validating the accuracies of range maps 
and georeferenced records by research triangulation of different data 
sources (Ficetola et al., 2014; Merow et al., 2017; Rotenberry and 
Balasubramaniam, 2020; Bans-Akutey and Tiimub, 2021). Alhajeri and 
Fourcade (2019) determined that more than half of 1315 rodent species 
had more than 75 % of their georeferenced records within their 
respective IUCN range maps. Ficetola et al. (2014) verified that 89 % of 
georeferenced records intersected amphibian range maps, and 95 % of 
georeferenced coordinates were within 31 km of range boundaries, but 
with reduced intersection in South America and Asia. Georeferenced 
records that occur within range maps corroborate the accuracy of range 
maps and georeferenced records that occur within range maps are not 
errors, in that species occurrences correctly are within designated ranges 
(Ficetola et al., 2014; Alhajeri and Fourcade, 2019). Alignment of 
different data sources is known as research triangulation, to confirm 
credibility and reliability of data, while also applying the strengths of 
one dataset to identify conflicting data in another dataset (Bans-Akutey 
and Tiimub, 2021).

Range maps and georeferenced records offer many different appli
cations, including by extension, species distribution models. Expanding 
on previous work to validate the value of range maps and also locational 
certainty of georeferenced records, my first objective was to evaluate the 
percentages of georeferenced records with location distance uncertainty 
<1 km that intersected IUCN range maps for 732 mammal species, 367 
anuran species, 528 reptile species, 829 plant species, and 1397 bird 

species (Supplementary Table 1). To help substantiate the relative ac
curacy of georeferenced records with greater distance uncertainties or 
unknown distance uncertainty, my second objective was to determine 
the percentages of range intersection for georeferenced records with 
different distance uncertainties (i.e., a field that may be recorded along 
with coordinates in georeferenced records; Chapman and Wieczorek, 
2020; Marcer et al., 2022; iNaturalist, 2025), varying by taxa. My third 
objective was to compare range maps from a different source, for record 
intersection with range maps from IUCN relative to the Mammal Di
versity Database (MDD; Marsh et al., 2022). Rather than using small 
sample sizes, which may be unrepresentative of species distributions 
plus contribute a limited range of percentage values for intersection if 
sample sizes are less than 100, species were filtered to have at least 400 
unique records for all combined distance uncertainties. Relatedly, my 
last objective was to demonstrate that small sample sizes are one of 
many modeling choices that may generate species distributions models 
that predict greater areas than range maps, and also have wide variation 
in accuracy, reducing robustness of accuracy metrics. Georeferenced 
records typically do not sample conditions of entire ranges, but to ac
count for artifacts of modeling, the appropriate comparison for areas of 
species distribution models from georeferenced records is areas of spe
cies distribution models from ranges, with application of consistent 
modeling methods.

2. Methods

2.1. Species range maps and georeferenced records

Range maps provided the candidate list of species. Because small 
ranges likely are well-described, I selected extant ranges with areas 
≥10,000 square kilometers. Terrestrial mammal, anuran, squamate 
reptile, and plant species ranges were from IUCN (2024), for available 
species. Range maps for bird species, resident-only and terrestrial, were 
from BirdLife International and Handbook of the Birds of the World 
(2023), which coordinated formats with IUCN. Ranges were filtered to 
extant ranges. As an additional comparison to IUCN maps, range maps 
for mammal species from the most abundant orders (Artiodactyla, 
Carnivora, Chiroptera, Diprotodontia, Eulipotyphla or Soricomorpha, 
Lagomorpha, and Rodentia) were obtained from Mammal Diversity 
Database (MDD; Marsh et al., 2022), and I compared species with the 
same scientific names in both databases to help ensure that species were 
considered the same entities.

To have robust comparisons of intersections for a range of distance 
uncertainties, only species with at least 400 georeferenced records were 
retained. Observations occurred during 1990–2024 with unique co
ordinates not in oceans (Global Biodiversity Information Facility [GBIF] 
2024; https://doi.org/10.15468/dl.ewt6xj; https://doi.org/10.15468/ 
dl.9kafm2; https://doi.org/10.15468/dl.u8exef; https://doi.org/ 
10.15468/dl.w2krf2; https://doi.org/10.15468/dl.nzcwed; https 
://doi.org/10.15468/dl.k6k2cg; https://doi.org/10.15468/dl.cqsusc; 
https://doi.org/10.15468/dl.neehbu; https://doi.org/10.15468/dl. 
nr9yek; https://doi.org/10.15468/dl.6bkr63; https://doi.org/ 
10.15468/dl.92s77y; https://doi.org/10.15468/dl.jhu36x; https://doi. 
org/10.15468/dl.6fehdk). Associated with coordinates of georefer
enced records, location distance uncertainties were unknown distance 
uncertainties (i.e., not entered) combined with distance uncertainties 
<1 km for birds, <10 km for plants, and <36 km for mammals, anurans, 
and reptiles. For bird species, I did exclude from analysis more than 100 
bird species that had at least 20,000 records with distance uncertainties 
of < 1 km, or totaling over 4.5 million records, given that records with 
unknown distance certainties could be an order of magnitude greater. 
This resulted in 732 mammal species, 367 anuran species, 528 reptile 
species, 829 plant species, and 1397 bird species. For less than 5 % of 
species, GBIF identified one species, providing both an accepted species 
name and synonym, for two or (three) species in IUCN. I merged ranges 
of the species, according to IUCN, to combine subspecies into species, 
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according to GBIF. If GBIF and IUCN both identified species as separate 
species, despite only one source separating the species geographically, 
then I did not try to correct these more complex issues (e.g., Cebus 
capucinus and Cebus imitator). Reconciling taxonomies from different 
classification systems is a challenge, given different accepted species, 
synonyms, and changes over time (Franz and Sterner, 2018).

2.2. Objectives 1 to 3: intersection comparisons

To determine accuracy of range maps, I calculated percentage 
intersection of georeferenced records of <1 km distance uncertainty, by 
species, with range maps (intersections calculated in terra package; 
Hijmans, 2024; R Core Team, 2024). I also compared percentage inter
section with ranges of georeferenced records of <1 km distance uncer
tainty to percentage range intersection with georeferenced 1 km–6 km, 
6 km–36 km, and unknown distance uncertainties. For mammal species, 
I explored intersection of range maps for 464 shared mammal species (i. 
e., same scientific names) from IUCN and MDD (Marsh et al., 2022).

2.3. Objective 4: species distribution areas and accuracies for small and 
sufficient sample sizes

To generate species distribution models, and then calculate total 
areas and areas within ranges, I used both small samples and large 
samples from georeferenced records and randomly generated points 
from IUCN range maps of African bat species (see modeling methods 
below). For georeferenced records, only four species limited to Africa in 
range met very minimum sufficient sample sizes of around 300 (Gábor 
et al., 2020), ranging from 297 to 484 records: Epomophorus gambianus, 
Epomophorus wahlbergi, Lavia frons, and Taphozous mauritianus. I 
modeled these species with the minimum sufficient sample sizes and 
then modeled small samples, both for 10 sets of 25 random samples from 
the georeferenced records and for 10 sets of samples by year, with 
annual samples ranging from 11 to 69 (mean = 23) during years 
2014–2023. If sample sizes were less than 11 or greater than 100, I 
excluded those years and added years 2013 or 2012. Annual slices 
represent real ways that small samples may be less representative than 
the whole; likewise, random small samples can be more biased than 
larger samples (Barry and Elith, 2006). For IUCN ranges of these four 
species, species distribution models were from 400 spatially random 
samples of the IUCN range, and 10 sets of 25 random samples from the 
400 samples. To increase the number of species, I compared the IUCN 
range areas of 156 bat species in Africa with areas predicted by species 
distribution models from 400 spatially random samples of the IUCN 
ranges and 25 samples from the 400 random samples.

Random forests is one of the most commonly applied algorithms for 
species distribution models that is highly accurate (Fernández-Delgado 
et al., 2014; Santini et al., 2021). For modeling of each species, I applied 
the random forests classifier, an ensemble (i.e., 500 classification trees 
as a robust number) nonlinear model, with the model configuration 
hyperparameter (mtry, the number of randomly selected predictors 
considered at each split in a tree) determined through 10-fold 
cross-validation, repeated three times (automated in the caret pack
age; Kuhn, 2008; R Core Team, 2024).

Model classification was based on an equal number of presence and 
absence samples (i.e., modeling prevalence of 0.5). An equal number of 
pseudoabsence samples as presence samples were generated randomly 
from Africa as the background range of values. Modeling prevalence was 
the statistical basis to set the threshold between classification as present 
or absent at 0.5, and as another benefit allows comparability among 
models. That is, the modeling prevalence already has been applied by 
the modeling algorithm to determine the binary classification of pres
ence and absence. One standard practice is to match the modeling 
prevalence, or ratio of presence samples to absence samples, to the 
classification threshold because when sample classes are balanced, the 
modeling algorithm is forced to also balance predictions between 

classes, rather than favoring predictions of one class over another 
(Hanberry and He, 2013).

The model ran one time (with 500 trees) using all the samples to map 
predictions for area calculations and another time (with 500 trees) with 
25 % withheld samples for accuracy metric calculations of accuracy, 
sensitivity, and specificity. Accuracy metrics measure how well the 
modeling algorithm classified the provided samples, not how repre
sentative models are of species distributions. Accuracy metrics are 
similar, because they are based on variations of the confusion matrix 
(true positives or sensitivity, true negatives or specificity, false positives, 
and false negatives), although some accuracy metrics have been pro
moted as better than others or critiqued as worse than others (e.g., Lobo 
et al., 2008).

Climate predictors are proximal variables that directly describe 
environmental conditions of species occurrences and have direct effects 
on species (Elith and Leathwick, 2009; Mod et al., 2016). Climate overall 
is the most influential variable for modeling species distributions, and 
due to resultant model accuracy, climate variables are the most 
commonly applied predictors for species distribution models, and may 
be the only types of predictors selected for modeling (Mod et al., 2016; 
Titeux et al., 2016; Fourcade et al., 2018). Modeling algorithms favor 
the relatively predictable grids of climate variables, or other continu
ously distributed variables, over variable predictor variables (Hanberry, 
2023a). Model predictors were 13 climate variables during 1981–2010: 
mean annual temperature, maximum temperature of the hottest month, 
minimum temperature of the coldest month, mean temperature of the 
coldest and hottest three months, mean temperature of the driest and 
wettest three months, annual precipitation, precipitation during the 
driest month and driest three months, precipitation during the wettest 
month, and precipitation during the coldest and warmest three months 
(resolution 30 arc seconds; CHELSA climate; Karger et al., 2017, 2018). 
Correlated climate variables are not an issue for predictions but a 
problem for standard error of estimates in data models (Hanberry, 
2024). All methods and variables were held constant except for the 
source and number of samples.

3. Results

3.1. Objective 1: percentage intersection with ranges of georeferenced 
records for <1 km distance uncertainty

Regarding percentage intersection with ranges of georeferenced re
cords for <1 km distance uncertainty, for 732 mammal species the 75th 
percentile was 96.4 % intersection (i.e., 25 % of species had at least 96.4 
% of georeferenced records within the respective IUCN range maps), the 
50th percentile was 92.0 % intersection, and the 25th percentile was 
82.0 % intersection (Table 1). For anuran and reptile species, percent
ages were slightly greater than for mammals (anurans 25th percentile 
was 84.2, 50th percentile was 94.0, 75th percentile was 97.7; reptiles 
25th percentile was 83.7, 50th percentile was 92.5, 75th percentile was 
97.0). For bird species, percentages were slightly less than for mammals 
(25th percentile was 81.1, 50th percentile was 90.9, 75th percentile was 
96.0). For plant species, the 75th percentile (97.3) and the 50th 
percentile (91.3) were similar to other taxa, but the 25th percentile was 
the least value, at 74.8 %. For all 3853 species combined, the 75th 
percentile was 96.8 % intersection, the 50th percentile was 91.7 % 
intersection, and the 25th percentile was 81.0 % intersection (Fig. 1).

3.2. Objective 2: percentage intersection with ranges of georeferenced 
records for ≥1 km or unknown distance uncertainty

For all combined species, percentage intersection with ranges of 
georeferenced records for ≥1 km or unknown distance uncertainty was 
only slightly less than percentage intersection with ranges of georefer
enced records for <1 km distance uncertainty (see Table 1 for results by 
taxa). The 75th percentile was 96.1 % intersection with ranges of 
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georeferenced records of unknown distance uncertainty (relative to 
96.8 % range intersection for georeferenced records of <1 km), the 50th 
percentile was 90.7 % intersection (relative to 91.7 % intersection), and 
the 25th percentile was 79.5 % (relative to 81.0 % intersection). For all 
distances combined, the 75th percentile was 96.1 % intersection with 

ranges, the 50th percentile was 91.1 % intersection, and the 25th 
percentile was 80.5 %.

3.3. Objective 3: percentage intersection of IUCN and Mammal Diversity 
Database (MDD) ranges with georeferenced records

For 464 mammal species, intersection percentage of georeferenced 
records with range maps from IUCN relative to MDD were similar 
(Fig. 2). However, the percentage intersection for the first quartile was 
less for MDD range maps than IUCN range maps. For MDD range maps, 
the 75th percentile was 97.4 % intersection for georeferenced records of 
<1 km distance uncertainty relative to 96.3 % intersection with IUCN 
range maps, the 50th percentile was 91.8 % intersection for georefer
enced records of <1 km distance uncertainty relative to 92.0 % inter
section with IUCN range maps, and the 25th percentile was 78.0 % 
intersection for georeferenced records of <1 km distance uncertainty 
relative to 82.1 % intersection with IUCN range maps. Either as a benefit 
or detriment, the percentage intersection for the first quartile of species 
was about 74 % for the other distance uncertainty categories with MDD 
range maps. Examples of North American species below the first quartile 
of georeferenced record and range intersections for both IUCN and MDD 
range maps include Sciurus carolinensis, a wide-ranging and expanding 
species, Urocitellus elegans, which has a specifically shaped distribution, 
and Bison bison, which is contained within fences and precisely located, 
by and large (although Bison bison was excluded from the intersection 
comparison due to the scientific name of Bos bison in MDD; Fig. 3).

3.4. Objective 4: species distribution areas and accuracies for small and 
sufficient sample sizes

Species distribution models of four bat species from 25 random 
samples generated greater areas of predicted presence than species 
distribution models from larger samples (Fig. 4). Specifically, the mean 
predicted area for four species of 10 species distribution models (i.e., 40 
models) based on 25 random samples from georeferenced records (mean 
accuracy = 0.83, sensitivity = 0.85, specificity = 0.81) was greater by a 

Table 1 
Taxa, distance uncertainties (NA = unknown, not entered with georeferenced 
records) and percentiles of species (75th percentile = 75 % of species below the 
value) with percentage intersection of georeferenced records with ranges (NA =
not calculated due to the magnitude of records that had no distance uncertainty 
entry).

Taxa Distance 25th 
percentile

50th 
percentile

75th 
percentile

Anurans Distance 0–1 km 84.2 94.0 97.7
Distance 1–6 km 82.5 93.2 97.6
Distance 6–36 km 81.0 92.2 97.0
Distance NA 81.2 92.5 97.5
Distance total 81.0 93.1 97.3

birds Distance 0–1 km 81.1 90.9 96.0
Distance 1–6 km NA NA NA
Distance 6–36 km NA NA NA
Distance NA 81.0 89.8 94.9
Distance total 81.1 90.0 95.0

mammals Distance 0–1 km 82.0 92.0 96.4
Distance 1–6 km 80.7 92.2 97.0
Distance 6–36 km 79.2 91.0 96.1
Distance NA 80.2 91.9 96.9
Distance total 81.2 91.8 96.1

plants Distance 0–1 km 74.8 91.3 97.3
Distance 1–6 km 72.7 91.0 96.8
Distance 6–36 km 
(10 km)

68.7 89.6 96.3

Distance NA 68.5 89.4 96.4
Distance total 74.6 90.7 96.9

reptiles Distance 0–1 km 83.7 92.5 97.0
Distance 1–6 km 81.5 91.5 96.5
Distance 6–36 km 83.4 91.6 96.1
Distance NA 83.2 91.9 96.7
Distance total 83.5 92.4 96.4

Fig. 1. Percentage intersection with International Union for Conservation of Nature (IUCN) range maps of georeferenced records at distance uncertainties of <1 km, 
1 – < 6 km, 6 – < 36 km, unknown (NA) distance uncertainties, and all (total) distance uncertainties for all combined species.
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factor of 2.6 than the mean area for four species distribution from all 
records (mean accuracy = 0.91, sensitivity = 0.92, specificity = 0.91). 
The mean predicted area for four species of 10 species distribution 
models (i.e., 40 models) based on about 23 annual samples from 
georeferenced records (mean accuracy = 0.81, sensitivity = 0.87, 
specificity = 0.74) was greater by a factor of 2 than the mean area for 
four species distribution models from all records. Because the 25 sam
ples of 400 random samples were perfectly sampled from range maps, 
the mean area for four species of 10 species distribution models (i.e., 40 
models; mean accuracy = 0.85, sensitivity = 0.88, specificity = 0.82) 

based on 25 samples of range maps was only 113 % of the mean area for 
four species distribution models from 400 random samples of range 
maps (mean accuracy = 0.91, sensitivity = 0.93, specificity = 0.88).

Overall, areas of IUCN ranges and predicted areas of species distri
bution models from ranges were greater than predicted areas of species 
distribution models from georeferenced records (Figs. 4 and 5). For the 
four bat species, species distribution models from minimum sufficient 
sample sizes of at least 300 georeferenced records were 39 % of the 
range areas, with 67 % of predicted presence areas within the ranges. 
Species distribution models from 25 random samples of georeferenced 

Fig. 2. Percentage intersection with International Union for Conservation of Nature (IUCN) range maps and Mammal Diversity Database (MDD) range maps of 
georeferenced records at distance uncertainties of <1 km, 1 – < 6 km, 6 – < 36 km, unknown (NA) distance uncertainties, and all (total) distance uncertainties for 
464 mammal species.

Fig. 3. Three examples of intersection of georeferenced records (light purple circles of Sciurus carolinensis and dark red circles of Urocitellus elegans in panel A; green 
circles of Bison bison in panel B) and ranges (black outline of IUCN ranges and thick gray outline of MMD ranges) in North America, centered on the United States. 
Intersection of about 50 % of georeferenced records with IUCN and MDD range maps of wide-ranging and expanding Sciurus carolinensis; intersection of about 48 % of 
georeferenced records with IUCN range maps and intersection of 12 % of georeferenced records with MDD range maps of the specifically-shaped range of Urocitellus 
elegans; and intersection of about 44 % of georeferenced records with IUCN range maps and intersection of 3.4 % of georeferenced records with MDD range maps of 
the precisely located range of Bison bison.
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records were of equal sizes to ranges on average, with 49 % of predicted 
presence areas within the ranges. Of the 40 species distribution models 
from 25 random samples of georeferenced records, 18 of 40 (45 %) 
models predicted areas that exceeded range maps. Similarly, species 
distribution models from 400 random samples of range maps over
predicted range areas by 137 %, with 68 % of predicted presence areas 
within the ranges, whereas the models based on 25 range samples 
overpredicted range by 156 %, with 57 % of predicted presence areas 
within the ranges. For 156 bat species in Africa with areas predicted by 
species distribution models from 400 spatially random samples of the 
IUCN ranges (mean accuracy = 0.95, sensitivity = 0.97, specificity =
0.93) and 25 samples of the 400 samples (mean accuracy = 0.90, 
sensitivity = 0.93, specificity = 0.87), areas from species distribution 
models were greater than range areas (162 % greater than range areas 
and 242 % greater than range areas, respectively; Fig. 5). In addition to 
overprediction of areas, species distribution models from small sample 
sizes may not be representative of species ranges, due to the amount of 
area predicted outside of species ranges (Fig. 6).

Small samples also can result in variation in accuracy, from poor to 
perfect classification, for similar representations of species (Fig. 7). For 
one species, accuracy ranged from 0.33 to 1.0 for approximately 25 
annual samples from georeferenced records and from 0.58 to 1.0 for 25 
random samples from georeferenced records. As a comparison of accu
racy for sample sizes of 25 and 400 for a similar number of species (i.e., 
156), albeit with perfectly random sampling unlike georeferenced re
cords, accuracy for sample sizes of 25 was 0.90, with a range of 0.58 and 
standard deviation of 0.11 and accuracy for sample sizes of 400 was 
0.95, with a range of 0.15 and standard deviation of 0.04 (Fig. 8).

4. Discussion

4.1. Georeferenced records and range maps

Georeferenced records and range maps are complementary and 
congruent sources of information about species ranges (Alhajeri and 
Fourcade, 2019). Georeferenced records supply confirmed points of 
occupancy and range maps contribute expert knowledge about potential 
extents of occurrence that may not yet be confirmed by readily available, 
compiled georeferenced records of species occurrences (Alhajeri and 
Fourcade, 2019). Key findings for this study were that georeferenced 
records, with great certainty of location, validated accuracy and location 
of most (≥75 %) range maps, with limited to mildly moderate omission 
error, for 3853 mammal, anuran, reptile, bird, and plant species. Greater 
omission error occurred for about 25 % of species ranges that had less 
than 81 % intersection with georeferenced records. In general, com
mission error of range maps cannot be determined with georeferenced 
records, because the absence of georeferenced records may simply 
reflect lack of sampling, and hence the valuable contribution of range 
maps (Hughes et al., 2024; Daru and Rodriguez, 2023; Garcia-Rosello 
et al., 2023). Nonetheless, low intersection with georeferenced records 
for specific range shapes, with positional offset, indicate potential 
mislocation and commission error in range maps (Fig. 3). Range maps 
verified that georeferenced records with uncertainty in location still are 
representative of species ranges. Despite different sources, range maps 
and georeferenced records on the whole aligned, corroborating the 
credibility and validity of each source through research triangulation 
(Bans-Akutey and Tiimub, 2021). The strengths of one data source can 
isolate the weaknesses of the other data source, by indicating range 

Fig. 4. For four bat species in Africa, species distribution models from 25 random samples of IUCN range maps generated greater areas of predicted presence than 
species distribution models from larger samples, 400 random samples of IUCN range maps, which were greater in area than IUCN range maps. Species distribution 
models from about 25 random samples of georeferenced records generated similar predicted presence areas to IUCN range maps whereas very minimum sufficient 
sample sizes of 300–500 georeferenced records generated smaller predicted presence areas than IUCN range maps.
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maps that likely have omission error and species distribution models 
with commission error (Bans-Akutey and Tiimub, 2021). Rather than a 
call for caution (Herkt et al., 2017), these results demonstrated the value 

of range maps to support incompletely sampled georeferenced records 
and associated species distribution models with omission error.

Intersection between georeferenced records with very accurate and 

Fig. 5. For 156 bat species in Africa, species distribution models from 25 random samples of IUCN range maps predicted greater area of presence than species 
distribution models from 400 random samples and areas of IUCN range maps.

Fig. 6. Species distribution models from almost 500 samples of georeferenced records (green and purple colors represent predicted probabilities of presence; A) and 
25 samples of georeferenced records (green and purple colors; B) of Epomophorus gambianus, with IUCN range map for comparison (black outline). Species distri
bution models from small samples are more probable to overpredict areas due to commission errors than species distribution models from minimum sufficient sample 
sizes of about 300–500 samples, which are required to achieve a higher probability of representative models.
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Fig. 7. Species distribution models from about 25 samples of georeferenced records during 2019 (green and purple colors represent predicted probabilities of 
presence; A) and about 25 samples of georeferenced records during 2014 (green and purple colors; B) of Epomophorus wahlbergi, with IUCN range map for comparison 
(black outline). These small samples did not overpredict presence, but with similar representations of the species, had widely varying balanced accuracies of 0.67 (A) 
and 1.0 (B).

Fig. 8. For 156 bat species in Africa, species distribution models from 25 random samples of IUCN range maps had a wide range of accuracy relative to species 
distribution models from 400 random samples of IUCN range maps.
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certain location (distance uncertainties <1 km) and range maps indi
cated most (≥75 %) range maps of species are located accurately, with 
some omission error. According to this study, 75 % of 3853 mammal, 
anuran, reptile, bird, and plant species had at least 81.0 % intersection 
between georeferenced records of great locational certainty, or fine 
resolution, and general, coarse range maps. Moreover, 50 % of species 
had at least 91.7 % intersection between records and range maps, which 
is an improvement upon results reported by Alhajeri and Fourcade 
(2019) of more than half of 1315 rodent species with more than 75 % 
intersection between georeferenced records and range maps. Differences 
in results are due most likely to thresholds for inclusion in analysis (e.g., 
I filtered species to ones with robust sample sizes of at least 400 records), 
although taxa and species (rodents relative to mammal, anuran, reptile, 
bird, and plant species) may play a role. Ficetola et al. (2014) used 
georeferenced records from the GBIF database when half of records were 
from museums, with uncertain georeferenced coordinates. They found 
73.8 % of records intersected with species ranges, and when coordinates 
were filtered to records during or after year 1990, with distance un
certainty of less than 1 km, 89 % of records intersected with species’ 
ranges. Rather than locational errors based on distance uncertainty, 
filtering by year to remove museum records may be the source of 
improvement, based on findings from this study. Observations recorded 
before accessible global positioning systems may be georeferenced 
incorrectly based on vague site descriptions (Chapman and Wieczorek, 
2020; Marcer et al., 2022).

Errors may occur in georeferenced records, but intersections sug
gested that georeferenced records with greater uncertainty in location 
(distance uncertainties >1 km or unknown) are not likely to be sub
stantially more erroneous in location than georeferenced records with 
less uncertainty in location. While ranges are at coarse resolutions, 
percentage intersection with ranges of georeferenced records for dis
tance uncertainties that were greater than 1 km or unknown was 
essentially equivalent to percentage intersection with ranges of geore
ferenced records for distance uncertainties <1 km. Therefore, at least for 
some applications, georeferenced records with distance uncertainties 
>1 km or unknown may provide additional samples. For bird species, 
this may allow use of the preponderance of records from eBird (2024; 
Cornell Lab of Ornithology), which do not contain a tag about distance 
uncertainty. To be clear, one option to select for locations in eBird 
(2024) is nearby public hotspots, which may be less accurate than actual 
locations. For another data sharing platform, iNaturalist (2020), loca
tions can be obscured to a random point within a 0.2 by 0.2-degree area, 
for protection of the species or landowner. Nonetheless, establishment of 
species occupancies is about probabilities. That is, the more records, and 
the more records that occur in proximity, the more probable that species 
ranges are being demarcated and that species occur in the vicinity. 
Georeferenced records with unknown distance uncertainties and dis
tance uncertainties greater than 1 km may supply valuable information 
about species ranges.

The approximately 80 %–90 % intersection of georeferenced records 
with ranges for about 25 % of species, above the first quartile, did reveal 
mildly moderate omission error, by not capturing 10 %–20 % of species 
occurrences. To increase necessary coverage for minor omissions may 
simply entail widening the range, up to 100–200 km suggested by Jetz 
et al. (2008), or 31 km by Ficetola et al. (2014), while attempting to be 
conservative in terms of commission error. However, adding wider 
buffers to ranges will not correct disjunct species ranges and will expand 
commission error all the way around if the omitted areas are specifically 
located.

Range maps for the 25 % of species below the first quartile of in
tersections, or less than 80 % intersection with georeferenced records, 
may need reevaluation (Supplementary Table 1; Fig. 3). For example, 
most of the populations of large mammal species may be contained 
within wildlands refugia, such as mountainous terrain or designated 
wildlife reserves. American bison (i.e., plains bison or Bison bison bison 
largely distributed in the central grasslands of North America and wood 

bison or Bison bison athabascae in Canada and Alaska) are fenced pri
marily within protected areas (over 90 % of records), although histori
cally American bison were a wide-ranging species (Hanberry, 2023b). 
The IUCN extant range captured 44 % of georeferenced records, whereas 
the Mammalian Diversity Database range (for Bos bison) captured less 
than 4 % of records. Range maps failed to delineate a charismatic 
megafauna with locations on public lands, which are well-documented 
with greater than 10,000 georeferenced records (GBIF, 2024). Range 
maps for bison had omission and likely commission error, due to 
mislocation, evident with basic knowledge of the species. Intersection of 
range maps with georeferenced records supplies an efficient method to 
detect potential anomalies in range maps.

For the variation encompassed by thousands of species ranges, 
omission and commission error may fit a variety of patterns. Indeed, 
IUCN guidelines for range map development specify a precautionary 
approach to err on the side of omission error to prevent commission 
error (IUCN Standards and Petitions Committee, 2024). Ranges may be 
mislocated, with some refinement in shape necessary to fit better to 
landscapes, such as patchy distributions that follow mountainous terrain 
or nature preserves (Fig. 3). Alternatively, rather than considering 
ranges to encompass maximum areas of suitability, instead ranges may 
contain areas of greatest density and areas outside may comprise less 
suitable conditions and dispersed individuals, perhaps even sink or 
transient populations following metapopulation dynamics (Ficetola 
et al., 2014). Ranges also may represent an earlier interval and lack 
representation of recent expansions (Fig. 3). Of course, the objective for 
range mapping may be to represent native ranges before recent expan
sion, but after historical extirpation.

The Mammalian Diversity Database source of mammal species range 
maps (Marsh et al., 2022) overall had similar intersection percentages 
with the georeferenced records as IUCN range maps, indicating equiv
alent performance, albeit varying by species. The percentage intersec
tion of the first quartile was less for MDD range maps than IUCN range 
maps. Larger range maps will increase the chance of intersections, but 
the IUCN range maps were approximately the same in mean area (i.e., 
102 %) as MDD range maps. Unreconciled taxonomy was another factor 
that may influence intersections, although not affecting most species. In 
any event, alternative sources of range maps may not be superior to 
IUCN range maps.

4.2. Species distribution models and range maps

Rather than considering IUCN ranges to be too small relative to 
predicted presence areas of species distribution models (Herkt et al., 
2017), overpredicted areas of presence are artifacts of species distribu
tion models. Most species distribution models use small samples (<50 
for 62 % of 250 randomly selected publications; Santini et al., 2021), 
despite reduced probability of creating fully representative ranges and 
equally representative species distribution models with a modest sample 
size, a long-standing issue (Barry and Elith, 2006). Small samples indi
cate lack of sampled conditions, resulting in a greater probability of 
being biased. The probability of samples being representative of species 
ranges decreases with sample size, and below 100 samples is particularly 
unreliable (Hanberry et al., 2012; Mitchell et al., 2017; Gábor et al., 
2020). Species distribution models from small samples (25) of range 
maps had greater mean area than species distribution models from 
minimum sufficient samples (400) of range maps, which had greater 
mean area than range maps. It is not reasonable to expect 25 samples to 
describe conditions of entire species distributions, and accuracy metrics 
from species distribution models may not be robust, due to wide vari
ation in small samples. High accuracy metrics need to be tempered with 
input data limitations (Moudrý, 2015). Modeling with small samples is 
an unreliable approach due to commission error resulting from sample 
sizes that are too small for the modeling algorithm to differentiate 
conditions between presence and absence samples (Fig. 5; Mitchell et al., 
2017; Gábor et al., 2020).
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Given sufficient samples, typically at minimum 300 to 400 (Gábor 
et al., 2020), georeferenced records are probable to be relatively char
acteristic of species ranges, with some omission error because field 
sampling does not cover all conditions. While species distribution 
models from small samples of georeferenced records predicted the same 
mean area as range maps, species distribution models from minimum 
sufficient samples of georeferenced records predicted smaller areas than 
range maps because sampled conditions are narrower than conditions 
outlined by range maps. Greater sample sizes of 300–500 georeferenced 
records did not overpredict presence relative to range maps, unlike 
about half of species distribution models from small samples of geore
ferenced records. With minimum sufficient samples for species distri
bution models, the smaller areas of predicted presence for species 
distribution models relative to range maps represent omission error due 
to incompletely sampled ranges and also that species are not likely to 
occur completely throughout ranges (Jetz et al., 2008). As number of 
samples increases from the minimum sufficient size, incorporating a 
greater range of sampled conditions, the predicted area of presence in
creases, but more consistently representing ranges than when informa
tion about conditions from samples is deficient.

Instead of species distribution models indicating issues with range 
maps, the range maps indicate underlying issues with species distribu
tion models. Species distribution models based on small samples, of 
limited conditions, generally overpredicted species distributions relative 
to range maps. In addition to the greater areas, about 50 % of predicted 
presence area in species distribution models based on small samples was 
outside of species ranges, indicating commission error that was not as 
present for predicted area in species distribution models from minimum 
sufficient sample sizes of at least 300 georeferenced records, which 
predicted 33 % of presence area outside of species ranges, and for 
smaller areas. Even 400 samples, if not representative of underlying 
species distributions, can produce unrepresentative models that over
predict areas of presence (Mitchell et al., 2017; Gábor et al., 2020). 
While it is not impossible for small samples to be completely represen
tative of ranges, the smaller the samples, the less probable that species 
distribution models will be representative and more probable that 
omission and commission errors have occurred (Barry and Elith, 2006; 
Mitchell et al., 2017; Gábor et al., 2020).

5. Conclusions

There is much information to be gained from range maps, georefer
enced records, and triangulation between the two data sources. Geore
ferenced records validated range maps, while indicating range maps that 
likely need reevaluation for at minimum omission error. Range maps 
validated the overall accuracy of georeferenced records, even records 
with unknown distance uncertainty. Range maps likewise can corrobo
rate species distribution models, and identify erroneous models. In the 
future, range maps likely will be updated more frequently with readily 
available georeferenced records, creating greater correspondence be
tween the two sources of data about species ranges.
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