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Abstract

Aim Numerous geographical information system (GIS)-based techniques for estimating
a species’ potential geographical distribution now exist. While a species’ potential dis-
tribution is more extensive than its documented range, the lack of records from some
suitable regions may simply derive from inadequate sampling there. Using occurrence
records of both the study species and the more inclusive overall target group, I propose a
progression of statistical models to evaluate apparent absences in species distributions.

Location Northern Venezuela.

Methods Employing data from the Smithsonian Venezuelan Project (a large set of
standardized mammalian inventories undertaken across Venezuela), I tested distribu-
tional hypotheses for the sigmodontine rodent Oryzomys albigularis (Tomes, 1860).
Those inventories collected O. albigularis in two of the five major montane regions of
northern Venezuela (the Cordillera de Mérida/Macizo de El Tamá and Cordillera de la
Costa Central). I used the Genetic Algorithm for Rule-Set Prediction (GARP) to estimate
the species’ potential distribution in northern Venezuela. Then, based on all collection
localities from the Smithsonian Venezuelan Project, I determined the probability that the
absence of O. albigularis from the three regions of potential presence where it was not
documented (the Serranı́a de Perijá, Lara–Falcón highlands, and Cordillera de la Costa
Oriental) could be the result of inadequate sampling.

Results and main conclusions All statistical models indicated that the sampling efforts
of the Smithsonian Venezuelan Project were insufficient to demonstrate conclusively the
absence of O. albigularis from any of the three regions lacking records. Indeed, a sub-
sequent compilation of specimens from ten natural history museums confirmed its
presence in the Serranı́a de Perijá and the Lara–Falcón highlands. Tests using empirical
sampling effort and taking human modification of the landscape into account most
closely fulfilled the assumptions required for the tests. By providing a framework for
bringing additional quantitative rigour to studies of species distributions, these methods
will probably prove of wide applicability to other systems.
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Resumen
Hoy en dı́a existen varias técnicas asociadas con sistemas de información geográfica
(SIG) para estimar la distribución geográfica potencial de una especie. Aunque la dis-
tribución potencial de una especie es más extensa que su distribución documentada, la
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falta de registros de la especie en algunas regiones de presencia potencial puede sim-
plemente derivar de un inadecuado esfuerzo de muestreo. Con base en localidades tanto
de la especie de estudio como del grupo funcional (taxonómico-ecológico) más inclusivo,
se propone una progresión de modelos estadı́sticos para evaluar las ausencias aparentes
en la distribución de una especie. Usando datos del Smithsonian Venezuelan Project (una
serie grande de inventarios uniformizados para mamı́feros, llevados a cabo en todas las
regiones de Venezuela), se probaron varias hipótesis sobre la distribución del roedor
sigmodontino Oryzomys albigularis (Tomes, 1860). Tales inventarios recolectaron a
O. albigularis en dos de las cinco principales regiones montanas del norte de Venezuela
(la Cordillera de Mérida/Macizo de El Tamá y la Cordillera de la Costa Central). Se
utilizó el Genetic Algorithm for Rule-Set Prediction (GARP) para estimar la distribución
potencial de la especie en el norte de Venezuela. Después, con base en todas las local-
idades de colección del Smithsonian Venezuelan Project, se determinó la probabilidad de
que la ausencia de O. albigularis en cada una de las tres regiones de presencia potencial
en las cuales no fue documentada (la Serranı́a de Perijá, las tierras altas de Lara–Falcón y
la Cordillera de la Costa Oriental) podrı́a haberse derivado de un esfuerzo de muestreo
inadecuado. Los resultados de todos los modelos estadı́sticos indicaron que los esfuerzos
de muestreo del Smithsonian Venezuelan Project fueron insuficientes para demostrar de
manera concluyente la ausencia de O. albigularis en cualquier de las regiones que
carecen de registros de la especie. Efectivamente, una reciente compilación de ejemplares
de referencia pertenecientes a diez museos de historia natural confirmó la presencia de la
especie en la Serranı́a de Perijá y en las tierras altas de Lara–Falcón. Las pruebas en las
cuales se integraron medidas empı́ricas de esfuerzo de muestreo y se tomaron en cuenta
modificaciones del paisaje por el hombre fueron las que más adecuadamente cumplieron
los supuestos requeridos. Los métodos acá propuestos probablemente encontrarán
aplicación amplia en otros sistemas, ya que presentan una estructura lógica para facilitar
mayor rigor cuantitativa en estudios de las distribuciones de las especies.

Palabras claves

algoritmo genético, ausencia, distribución, ejemplares de referencia, localidad, modelaje,
muestreo, presencia, SIG.

INTRODUCTION

The geographical distribution and artefactual absences

Species geographical ranges constitute the fundamental basis
for subsequent biogeographical research, and for many
evolutionary studies and important current applications to
conservation biology, invasive-species management and
public health (e.g. Udvardy, 1969; MacArthur, 1972; Nelson
& Platnick, 1981; Brooks & McLennan, 1991; Ricklefs &
Schluter, 1993; Mace & Stuart, 1994; Funk et al., 1999;
Ron, 2000; Zalba et al., 2000; Peterson & Vieglais, 2001;
Lizcano et al., 2002; Rodrigues-Coura et al., 2002). How-
ever, the distributions of many taxa are extremely poorly
known, particularly in the tropics (Raven & Wilson, 1992;
Voss & Emmons, 1996; Peterson et al., 1998). Observation
or collection of a species at particular geographical localities
documents its geographical distribution. In contrast, it is
more difficult to substantiate a species’ absence from sites
where it has not been documented (MacKenzie et al., 2002).
This asymmetry derives primarily from inadequate sampling
effort, which leads to artefactual absences in species

distributions (Voss & Emmons, 1996, pp. 42–43; Ponder
et al., 2001). Most regions have been only minimally and
unevenly surveyed biologically, even for relatively well-
known groups (Prendergast et al., 1993; Fagan & Kareiva,
1997; Kress et al., 1998). Furthermore, sampling remains
incomplete at the vast majority of sites that have been
sampled at all (Soberón-M. & Llorente-B., 1993; Colwell &
Coddington, 1994; Nichols et al., 1998; Peterson & Slade,
1998; MacKenzie et al., 2002). Two lines of current research
(single-species distributional modelling and multi-species
geographical analyses) have converged on the problem of
artefactual absences in species distributions, and each offers
a key element lacked by the other.

A single-species modelling approach provides a map
showing the species’ potential distribution but does not
incorporate data regarding collection effort for other taxo-
nomically related and ecologically similar species. Recent
geographical information system (GIS)-based techniques that
model a species’ requirements using environmental charac-
teristics of localities of known occurrence represent a great
advance in the production of range maps (e.g. Busby, 1986;
Walker & Cocks, 1991; Carpenter et al., 1993; Skov, 2000;
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Peterson, 2001; Anderson et al., 2002a; for a broader over-
view of geographical modelling tools with more diverse
objectives, see James & McCulloch, 2002). These applica-
tions operationally divide the study region into habitable vs.
uninhabitable areas for the species. However, the species’
predicted potential distribution is consistently more extensive
than its documented range (Skov & Borchsenius, 1997).
Some geographical regions of potential distribution from
which it is not known may be inhabited by closely related
species (which have similar requirements; Peterson et al.,
1999; Anderson et al., 2002b) or represent suitable areas
from which the species has been excluded historically by
barriers or in which it has gone locally extinct (Anderson
et al., 2002a). Alternatively, they may simply reflect regions
where sufficient sampling efforts have not yet been made.
Rejecting the latter possibility is necessary to make strong
inferences regarding the species’ true distribution and allow
consideration of biotic and historical causal factors.

Conversely, multi-species geographical analyses have been
undertaken to estimate the probability of a particular species’
absence from a given geographical region – but without
including information regarding the suitability of environ-
mental conditions there. Biological surveys and inventories
typically employ similar suites of collection techniques for a
given target taxonomic or ecological group (such as various
kinds of traps for small non-volant mammals; Voss &
Emmons, 1996; Wilson et al., 1996). Thus, collection records
of the more inclusive target group as a whole (e.g. non-volant
mammals; see �background group� of Ponder et al., 2001) can
serve as a measure of sampling effort. Data regarding known
localities of the study species (e.g. a particular rodent) can
then be combined with those of the target group to determine
whether the study species’ absence in a given area is probably
real or, rather, may well be artefactual (because of inadequate
sampling; Heyer et al., 1999; see also spatial methodologies
of Ponder et al., 2001). However, this approach depends on
the presence of equally suitable environmental conditions for
the species in both areas considered, an unstated and untested
assumption to date. Predictive modelling of a species’
potential distribution provides precisely the geographically
explicit regions of suitable environmental conditions where a
multi-species sampling-effort approach holds relevancy.

Tests of absence and adequate sampling

Here, I integrate these perspectives, formalizing and imple-
menting a progression of statistical models for determining
whether a species’ absence from one of the two regions of
potential distribution could likely be artefactual (because of
inadequate sampling). The models differ in the data
requirements and assumptions involved, but all employ
simple binomial calculations (Sokal & Rohlf, 1995, pp.
71–74) and depend in part on the occurrence records for the
study species. The second and third models also require data
for the overall target taxonomic or ecological group. The
models represent a progression from simple to more com-
plex; subsequent models integrate additional empirical data
and rely on fewer assumptions. Heyer et al. (1999) provide

distinct logic and calculations with a similar intent, and
Anderson & Jarrı́n-V. (2002, p. 15) present qualitative
antecedents of these particular approaches.

Model 1: area approach
Null hypothesis: The study species occurs in both regions of
potential distribution.

Data requirements: Potential distribution of the study
species; occurrence records of the study species.

Assumptions: (1) Uniform average environmental suitab-
ility for the study species in both regions of potential dis-
tribution, (2) uniform number of localities of the target
group per unit area in both regions of potential distribution,
(3) uniform average sampling intensity at localities of the
target group in both regions of potential distribution and (4)
similar sampling techniques employed at localities of the
target group in both regions of potential distribution.

Model: Under these conditions, occurrence records of the
study species should exist in the two regions in proportion to
their areas. Then, if A1 is the area of region 1 (where the
species has been documented) and A2 is the area of region 2
(from which no records exist), the probability P of all k
occurrence records of the study species falling in region 1 is
simply, P ¼ [A1/(A1 þ A2)]k. A small binomial probability
(P £ 0.05) indicates a highly non-random pattern and leads
to rejection of the null hypothesis. In such a case, we infer
that the lack of records of the study species in region 2 is not
likely artefactual. When the test yields a larger binomial
probability, the null hypothesis cannot be rejected, and we
infer that the absence of records of the species from region 2
could be artefactual.

Model 2: locality approach
Null hypothesis: As in model 1.

Data requirements: As for model 1, and occurrence
records of the target group.

Assumptions: (1), (3) and (4) above.
Model: Here, the assumption of a uniform number of

localities of the target group per unit area in both regions of
potential distribution (assumption 2 of model 1) is replaced
by empirical data (localities of the target group). Under these
conditions, occurrence records of the study species should
exist in the two regions in proportion to the number of
localities of the target group present in each. Then, if L1 is
the number of occurrence localities of the target group in
region 1 and L2 is the number of occurrence localities of the
target group in region 2, the probability P of all k occurrence
records of the study species falling in region 1 is, P ¼ [L1/(L1

þ L2)]k.

Model 3: weighted locality approach
Null hypothesis: As in models 1 and 2.

Data requirements: As for model 2, and information for
calculating a weighting index (e.g. number of specimens of
the target group known from each locality).

Assumptions: (1) and (4) above, and the assumption
that the weighting index adequately reflects sampling
intensity.
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Model: Here, the assumption of uniform average sampling
intensity at localities of the target group in both regions of
potential distribution (assumption 3 of models 1 and 2) is
replaced by an empirical index of sampling intensity. Under
these conditions, occurrence records of the study species
should exist in the two regions in proportion to the number
of localities of the target group present in each, with local-
ities weighted by the index of sampling intensity. Then, if
WL1 is the number of occurrence localities of the target
group in region 1, each weighted by the index of sampling
intensity, and WL2 is the number of occurrence localities of
the target group in region 2, each weighted by the index of
sampling intensity, the probability P of all k occurrence
records of the study species falling into region 1 is,
P ¼ [WL1/(WL1 þ WL2)]k. When the number of specimens
collected at each locality (a simple measure suggested by
Heyer et al., 1999; see also Voss & Emmons, 1996, pp.
62–63) is used as the index of sampling intensity (as here), let
S1 be the number of specimens of the target group collected
in region 1 and S2, the number of specimens of the target
group collected in region 2. Calculation of P then mathe-
matically reduces to, P ¼ [S1/(S1 þ S2)]k. Many alternative
indices of sampling intensity (or inventory completeness) are
possible as well (e.g. see Soberón-M. & Llorente-B., 1993;
Colwell & Coddington, 1994; Peterson & Slade, 1998).

METHODS

As a pilot implementation of these methods for assessing the
strength of evidence for a species’ absence from a biogeo-
graphical region, I here use a large published data set
representing the results of the Smithsonian Venezuelan
Project, a comprehensive set of mammalian inventories in
Venezuela conducted from 1965 to 1968 (Handley, 1976;
c. 38,000 total capture records). These seventy-nine unique
primary collection localities are spread across the country
and were sampled under similar protocols (Handley, 1976;
see also Voss & Emmons, 1996, p. 63 for additional per-
sonal communication from Handley). This data set provides
the information necessary for all three proposed models and
is likely to fulfil many of the required assumptions. In
addition to the benefits of such an unusually intensive and
uniform collection regime, this also represents an excellent
study system because of the presence of several disjunct
mountain chains in the northern part of the country, each
separated by lowland depressions (Huber, 1997; Fig. 1A).
Many species show documented distributions restricted to
one or a few of the ranges (Handley, 1976; Linares, 1998).
Here, I model the potential distribution of one montane
species, Oryzomys albigularis (Tomes, 1860), and use
information from all collection localities to determine the

A

B
Figure 1 Map showing (A) major highland

regions in northern Venezuela, as defined in

the text, and (B) collection localities for
Oryzomys albigularis (Tomes, 1860). In (A),

areas above 500 m are shown in grey sha-

ding, and regions above 1000 m appear in

black. In (B), triangles denote collection
localities of O. albigularis from the Smith-

sonian Venezuelan Project (Handley, 1976),

and squares mark other records of the species
from Márquez et al. (2000) and the American

Museum of Natural History (see Appen-

dix 1). A highland connection between the

Perijá and Mérida–Tamá montane forma-
tions exits in Colombia. Highland regions in

Venezuela south of the Rı́o Orinoco are not

shown.
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probability of its absence from areas of potential distribution
in which it was not encountered. I then compare these dis-
tributional conclusions reached based on data from Handley
(1976) with occurrence records from ten museums subse-
quently compiled by Linares (1998).

Genetic Algorithm for Rule-Set Prediction

and distributional modelling

Several approaches to predictive modelling of species geo-
graphical distributions in a GIS environment now exist. Such
tools have been applied to problems in biogeography, con-
servation, evolutionary ecology, invasive-species manage-
ment and public health (e.g. Nicholls, 1989; Walker &
Cocks, 1991; Sindel & Michael, 1992; Wilson et al., 1992;
Box et al., 1993; Carpenter et al., 1993; Huntley et al.,
1995; Austin & Meyers, 1996; Kadmon & Heller, 1998;
Yom-Tov & Kadmon, 1998; Corsi et al., 1999; Jarvis &
Robertson, 1999; Peterson et al., 1999, 2002c; Samways
et al., 1999; Skov, 2000; Zalba et al., 2000; Fleishman
et al., 2001; James & McCulloch, 2002). Among the tech-
niques that produce estimates of a species’ potential dis-
tribution, the Genetic Algorithm for Rule-Set Prediction
(GARP) (http://biodi.sdsc.edu/; see http://beta.lifemap-
per.org/desktopgarp/ for software download) is a machine-
learning approach that has shown particular utility and
promise under a wide variety of conditions and is especially
suited to use with presence-only occurrence data (Stockwell
& Noble, 1992; Peterson & Cohoon, 1999; Peterson et al.,
1999, 2001, 2002a,b,c,d; Stockwell & Peters, 1999; Chen &
Peterson, 2000; Elith, 2000; Godown & Peterson, 2000;
Sánchez-Cordero & Martı́nez-Meyer, 2000; Peterson, 2001;
Peterson & Vieglais, 2001; Anderson et al., 2002a, 2003;
Elith & Burgman, 2002; Feria-A. & Peterson, 2002; Joseph
& Stockwell, 2002; Stockwell & Peterson, 2002a,b; but see
Lim et al., 2002).

To form a model of the species’ requirements, GARP
searches for non-random associations between environ-
mental characteristics of localities of known occurrence vs.
those of the overall study region. Although encompassing
only a few of the numerous possible niche dimensions (sensu
Hutchinson, 1957; see also MacArthur, 1968; Morrison &
Hall, 2002; Peterson et al., 2002d; Anderson et al., 2003),
the currently available GIS coverages (digital maps) provide
environmental data for many major physical variables that
commonly influence species macrodistributions (Grinnell,
1917a,b; Root, 1988; Brown & Lomolino, 1998, p. 72).
Under clear assumptions and given the varying community
contexts present across a species’ range, a GARP model
indicates areas potentially habitable for it – at least as indi-
cated by the examined environmental variables and occur-
rence records (Peterson et al., 1999).

The GARP program works in an iterative process of rule
selection, evaluation, testing and incorporation or rejection
to produce a heterogeneous rule-set characterizing the spe-
cies’ requirements (Stockwell & Noble, 1992). First, a
method is chosen from a set of possibilities (e.g. logistic
regression and bioclimatic-envelope rules; Busby, 1986;

Sindel & Michael, 1992; Box et al., 1993; Skidmore et al.,
1996) and is applied to the data. Then, a rule is developed
and predictive accuracy (sensu Stockwell & Peters, 1999) is
evaluated via map pixels intrinsically resampled from the
known distribution and from the study region as a whole.
The change in predictive accuracy from one iteration to the
next is used to evaluate whether a particular rule should be
incorporated into the rule-set. As implemented here, the
algorithm runs either 1000 iterations or until the addition of
new rules has no appreciable effect on the intrinsic accuracy
measure (convergence). As GARP is a superset of several
approaches, it has the potential of achieving greater pre-
dictive accuracy than single approaches to distributional
modelling (Stockwell & Peters, 1999).

The final rule-set, or ecological niche model, is a complex
series of if–then statements used to determine whether the
species’ is predicted present or absent in each map pixel. Map
pixels fulfilling the conditions of the model represent the
species’ potential geographical distribution in the study
region. In some circumstances, the rule-set does not provide a
presence/absence decision for the environmental combination
found in a particular pixel. Such cells should be considered as
predicted absence (Anderson et al., 2003). As a result of
strong stochastic elements characteristic of genetic algo-
rithms (Holland, 1975), no unique solution is produced.
Hence, production of multiple models is necessary to account
for variability among independent runs of model building (see
below; Anderson et al., 2002a, 2003; Lim et al., 2002).

Model building

Preliminary models
The quality of predictive models of species distributions is
commonly assessed by making models with a training data
set of occurrence records and then evaluating them using an
independent test data set (Fielding & Bell, 1997; Peterson
et al., 1999; Guisan & Zimmermann, 2000; Fielding, 2002).
A one-tailed v2 statistic (or binomial probability, if sample
sizes are small) can then be employed to determine whether
test sites fall into regions of predicted presence more often
than expected by chance, given the proportion of map pixels
predicted present by the model (Anderson et al., 2002a). The
test data set thus provides an extrinsic (independent) meas-
ure of model significance (better than random prediction). In
addition to significance, good models also should show low
extrinsic omission of localities in the test data set (Anderson
et al., 2003, can be equated to �accuracy� of Anderson et al.,
2002a).

Hence, to evaluate the ability of GARP to predict the
distribution of O. albigularis (Rodentia: Muridae: Sigmo-
dontinae) in Venezuela, I made a set of preliminary models.
Karyological and morphometric differences exist among
some sets of Venezuelan populations of the group (Aguilera
et al., 1995; Rivas & Péfaur, 1999; Márquez et al., 2000),
leading some authorities to consider them as distinct species
(e.g. Soriano & Ochoa-G., 1997). However, they are clearly
closely related, and I here model them as a single entity.
Occurrence records from Handley (1976; eleven unique
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latitude–longitude combinations; Fig. 1B; Appendix 1) con-
stituted the training data set. I then evaluated the resulting
models with additional localities from Márquez et al. (2000)
and from specimens that I examined in the mammal collec-
tion of the American Museum of Natural History (seven
additional unique latitude–longitude combinations; other
records from the two latter sources that duplicated localities
of O. albigularis from the Smithsonian Venezuelan Project
were not considered; Fig. 1B; Appendix 1). Four geograph-
ical coverages comprised the base environmental data. Ele-
vation was derived from USGS (2001). Climatic data came
from ArcAtlas (ESRI, 1996) and consisted of long-term
annual values for temperature, precipitation and solar radi-
ation. These environmental data correspond temporally to
the locality records, which derive from inventories conduc-
ted throughout the 1900s (see also Peterson et al., 1999,
2001, 2002b). All environmental coverages were resampled
to a coincident grid consisting of pixels c. 1.1 km on a side.
The grid included all of Venezuela and surrounding areas of
neighbouring countries (0.5–13� N, 59.5–73.5� W).

I made 100 preliminary models and selected optimal
models by a best-subsets selection procedure. After elimin-
ating any model showing non-zero intrinsic omission error,
the ten models closest to the mean intrinsic commission
value were identified (minimizing both overfitting and true
commission error; following Anderson et al., 2003). I then
summed those ten optimal models to create a composite
prediction in which the value for each map pixel indicated
the number of models that predicted the species’ potential
presence in that cell. For extrinsic testing with the inde-
pendent data set, this composite prediction was then cut to
include only pixels in Venezuela.

Final models
After demonstrating effective predictive ability in the pre-
liminary models, I made 100 final models using the same
environmental coverages and all available locality records of
O. albigularis (i.e. from Handley, 1976; Márquez et al.,
2000; and the American Museum of Natural History).
Although they were not used in subsequent tests of distribu-
tional hypotheses and adequate sampling (which were based
only on data from Handley, 1976; see below), the addition of
localities from Márquez et al. (2000) and the American
Museum of Natural History in the GARP modelling process
provided a larger data set more adequate for modelling the
species’ requirements (Stockwell & Peterson, 2002b). Ten
optimal models were then identified and summed as above to
create a final composite prediction. Regions outside northern
Venezuela (defined as north of the Rı́o Orinoco) were
removed from the prediction, and the remaining pixels pre-
dicted by all ten models then represented the species’ poten-
tial distribution in the study region for all further analyses.

Tests of distributional hypotheses and adequate

sampling

Five principal montane biogeographical regions have been
recognized in northern Venezuela (Huber & Alarcón, 1988;

Huber, 1997; Linares, 1998). In addition, numerous upland
areas exist in the country south of the Rı́o Orinoco (Guianan
formations), separated from the northern ranges by exten-
sive lowland tropical savannas (llanos). As defined here
primarily by topographical depressions, the northern
mountain chains may be divided into the following regions:
Perijá, Mérida–Tamá, Lara–Falcón, Cordillera de Costa
Central, and Cordillera de la Costa Oriental (Fig. 1A). The
Serranı́a de Perijá, a northern spur of the Andes, lies along
the Colombian border in extreme northwestern Venezuela.
The Cordillera de Mérida and Macizo de El Tamá together
represent a high diagonal Andean complex southeast of the
Lago de Maracaibo (Soriano et al., 1999). Northeast of the
Lago de Maracaibo and north of the Depresión de Barqui-
simeto (sensu Huber, 1997), a series of low hills and ranges
exists in Lara and Falcón states. Finally, two major coastal
ranges are present east of the Depresión de Yaracuy (sensu
Anderson, 2003; see also SAGCN, 1995). The low, wide
Depresión de Unare divides them into the Cordillera de la
Costa Central and the Cordillera de la Costa Oriental. The
definitions employed here differ from the scheme of Huber
(1997) primarily by including the Sierra de Aroa in the Lara–
Falcón region (west of the Depresión de Yaracuy), instead of
as part of the Cordillera de la Costa Central.

The inventories of the Smithsonian Venezuelan Project
reported in Handley (1976) captured O. albigularis in the
Mérida–Tamá complex and in the Cordillera de la Costa
Central. Additional records from Márquez et al. (2000) and
the American Museum of Natural History are likewise
restricted to these two regions (Fig. 1B). The current analy-
ses address the question of whether areas of potential dis-
tribution for the species exist in the other montane systems
in northern Venezuela (Perijá, Lara–Falcón, and Cordillera
de la Costa Oriental), and if so, whether the inventories of
Handley (1976) were sufficient to substantiate the species’
absence from those regions with reasonable statistical sup-
port.

To that end, I assigned each disjunct patch of predicted
potential distribution for the species in northern Venezuela
to one of the five regions defined above. I then calculated the
area (km2) of estimated potential distribution found in each
region and overlaid collection localities from Handley
(1976) to determine how many fell in pixels of potential
distribution in each region. Mammals as a whole represented
the target group in these analyses. Only primary collection
localities were considered. When a range of geographical
coordinates was provided by Handley (1976) for a com-
posite primary locality, I used the coordinates given first.
Localities represented by only purchased specimens, animals
found dead on a road, or non-mammalian vertebrates were
excluded. I then calculated binomial probabilities of the
species’, absence following the area approach, the locality
approach and the weighted locality approach (models 1–3)
for each of the three regions lacking occurrence records
(Perijá, Lara–Falcón, Cordillera de la Costa Oriental).

Then, following Chen & Peterson (2000) and Lizcano
et al. (2002), I cut the predictions by removing areas con-
verted to agricultural and urban uses and repeated the tests.
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The Mapa de vegetación de Venezuela provides an estimate
of vegetation types and land-use as of c. 1980–81 (Huber &
Alarcón, 1988, digital version supplied by D. Lew). As O.
albigularis is generally restricted to forests (Handley, 1976;
Linares, 1998) and the overall geographical pattern of areas
converted to agricultural and urban areas in Venezuela then
was quite similar to that of 12–16 years earlier, this modified
prediction functions as a rough estimate of conditions on the
ground when the inventories were conducted (1965–68; see
Handley, 1976). Indeed, all but one locality of O. albigularis
reported by Handley (1976) correspond to a landscape
considered intact by Huber & Alarcón (1988), and the last
falls within 4 km of an intact landscape. Thus, although less
than ideal temporal correspondence exists between the land-
use data provided by Huber & Alarcón (1988) and the
inventories of Handley (1976), the trimmed prediction
probably provides a more reasonable approximation of
areas suitable for the species at the time of sampling
(necessary for all tests) than does the raw prediction.

RESULTS

Preliminary models adequately predicted the test localities.
Six of the seven test sites fell into pixels predicted by all ten
optimal preliminary models (P < 0.000001, one-tailed
binomial). The last test site corresponded to a pixel predicted

by eight of the ten models (and falling only 2 km from a
pixel predicted by all ten), constituting negligible extrinsic
omission error. In addition to indicating suitable conditions
in the Mérida–Tamá complex and the Cordillera de la Costa
Central, patches of potential presence were present in the
Perijá, Lara–Falcón, and Cordillera de la Costa Oriental
regions (not shown).

The final models yielded a similar prediction showing
potential distribution in all five regions (Fig. 2A; Table 1).
Based on the area approach (model 1) and occurrence
records of the species from the Smithsonian Venezuelan
Project (Handley, 1976), the possible artefactual nature of
the absence of O. albigularis from the three regions lacking
records could not be rejected (Perijá, P ¼ 0.5096; Lara–
Falcón, P ¼ 0.1394; Cordillera de la Costa Oriental,
P ¼ 0.4303; one-tailed binomials; Table 1). The locality
approach (model 2) yielded even less support for the species’
absence in those respective areas (Perijá, P ¼ 1.0; Lara–
Falcón, P ¼ 0.3138; Cordillera de la Costa Oriental,
P ¼ 0.5517; Table 1). Likewise, its absence in those regions
could not be demonstrated by the weighted locality
approach either (model 3; Perijá, P ¼ 1.0; Lara–Falcón,
P ¼ 0.1669; Cordillera de la Costa Oriental, P ¼ 0.2249;
Table 1). After removing areas of agricultural and urban use
from the predictions, all three models yielded results similar
to those above (Fig. 2B; Table 1; area approach: Perijá,

A

B

Figure 2 Modelled potential geographical

distribution for Oryzomys albigularis in
northern Venezuela: (A) raw model and (B)

trimmed model, after removal of areas con-

verted to agricultural and urban uses (Huber
& Alarcón, 1988). Areas predicted by all ten

final optimal models are shown in grey

(see text). Triangles denote sites where

O. albigularis was collected, and circles
represent other primary collection localities;

data from the Smithsonian Venezuelan Pro-

ject (Handley, 1976).
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P ¼ 0.5723; Lara–Falcón, P ¼ 0.1493; Cordillera de la
Costa Oriental, P ¼ 0.3700; locality approach: Perijá,
P ¼ 1.0; Lara–Falcón, P ¼ 0.2631; Cordillera de la Costa
Oriental, P ¼ 0.5016; weighted locality approach: Perijá,
P ¼ 1.0; Lara–Falcón, P ¼ 0.1712; Cordillera de la Costa
Oriental, P ¼ 0.2294).

Some assumptions were better fulfilled than others.
Clearly, the overall sampling effort (as judged by number of
collection localities) varied among regions of potential dis-
tribution for the species after correction for area, the highest
being in the Cordillera de la Costa Central and the lowest in
Perijá (Table 2). However, the collection intensity of sam-
pled localities, as approximated by the number of individu-
als captured at each locality (see Voss & Emmons, 1996, pp.
62–63; Heyer et al., 1999), did not vary among regions
(P ¼ 0.527 with raw potential distribution; P ¼ 0.632 after
trimming agricultural and urban areas from the prediction;
one-way ANOVAs). Similarly, the mean number of individuals
captured at localities falling in regions where O. albigularis
was encountered (Mérida–Tamá and Cordillera de la Costa

Central) did not differ from that at localities corresponding
to regions in which it was not collected (Perijá, Lara–Falcón
and Cordillera de la Costa Oriental; P ¼ 0.410 raw pre-
diction, P ¼ 0.500 after trimming; two-tailed t-tests).
However, the proportion of the species’ potential distribu-
tion converted to agricultural or urban use did differ sub-
stantially among regions (Table 2).

DISCUSSION

Assumptions

Limited error probably exists in the predicted potential
distribution (see assumption 1 of all three models). First of
all, only moderate numbers of localities were available for
building the GARP models (see Stockwell & Peterson,
2002b), and the addition of other environmental predictor
variables (e.g. potential vegetation and seasonal climatic
data) would probably change the final prediction to an
extent. Furthermore, if populations in other parts of the
species range (i.e. beyond Venezuela) occupy environ-
mental conditions outside those typified by the present
sample, the exclusion of records from those distributional
areas may have lead to an underestimation of the species’
fundamental niche in the examined environmental dimen-
sions (Anderson et al., 2002a). Finally, the level of preci-
sion for the geographical coordinates of the collection
localities used in making the GARP models, moderately
coarse resolution of the climatic variables, and variability
present in the modelling system itself require that the final
prediction (and thus subsequent analyses based upon it)
must be considered approximate (see Anderson et al.,
2003).

Despite these caveats and possible sources of error, the
preliminary GARP models effectively predicted test localit-
ies, and final models yielded a realistic prediction of the
species’ potential distribution. As population abundance
(density) and the relative suitability of environmental con-
ditions for a species can vary geographically within its dis-
tribution (Hengeveld & Haeck, 1982; Brown, 1984;

Region
Localities of
O. albigularis

Area
(km2)

Localities

of target
group

Individuals
of target group

Raw estimates

Perijá 0 1918 0 0

Mérida–Tamá 5 21,177 6 886
Lara–Falcón 0 5952 2 769

Cordillera de la Costa Central 6 9163 12 3465

Cordillera de la Costa Oriental 0 2418 1 632

Trimmed estimates

Perijá 0 1327 0 0

Mérida–Tamá 4 15,291 5 834
Lara–Falcón 0 4844 2 769

Cordillera de la Costa Central 6 7836 9 3150

Cordillera de la Costa Oriental 0 2418 1 632

Table 1 Data necessary for binomial tests

(models 1–3) of distributional hypotheses for
Oryzomys albigularis (Tomes, 1860) in nor-

thern Venezuela before and after trimming of

areas converted to agricultural and urban use
(Huber & Alarcón, 1988). Data regarding

collection localities from the Smithsonian

Venezuelan Project (Handley, 1976) for O.
albigularis and for the target group (all
mammals) in areas of potential distribution

(see Fig. 2) are given for each of five major

montane biogeographical regions (see Fig.

1A). Estimates of the areal extent of potential
distribution are provided for map pixels

predicted by all ten final optimal models (see

text)

Table 2 Number of primary collection localities of the Smithso-
nian Venezuelan Project (Handley, 1976) per unit area of potential

distribution for Oryzomys albigularis in the five major montane

biogeographical regions in northern Venezuela and proportion of

potential distribution converted to agricultural or urban use in each

Region

Localities per
1000 km2

Proportion

agriculture

and urban (%)

Raw

estimate

Trimmed

estimate

Perijá 0.00 0.00 30.8

Mérida–Tamá 0.28 0.33 27.8

Lara–Falcón 0.34 0.41 18.6

Cordillera de la
Costa Central

1.31 1.15 14.5

Cordillera de la

Costa Oriental

0.41 0.41 0.00
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Lomolino & Channell, 1995), future applications of these
techniques could consider weighting pixels of potential dis-
tribution by the strength of the prediction (such as the
number of models predicting presence in each cell). Never-
theless, the single-threshold approach (all ten optimal mod-
els predicting potential presence) applied here to the final
models made based on all available occurrence records
yielded a credible hypothesis of the potential distribution of
O. albigularis in the study region (Fig. 2A; although perhaps
slightly permissive in the Lara–Falcón region). However,
vegetational conditions in the country clearly were not
pristine at the time of the inventories of Handley (1976), and
the assumption of uniform average environmental suitability
for the study species in all regions of potential distribution
(assumption 1) was thus violated in the first suite of analyses
(using the raw predictions) by unequal deforestation and
conversion of original vegetation types to agricultural and
urban landscapes among regions (Table 2; Huber &
Alarcón, 1988). Thus, with regard to assumption 1 (neces-
sary for all approaches), the trimmed potential-distribution
model provided a more reasonable prediction than did the
raw model.

The remaining assumptions were more closely fulfilled for
the locality and weighted locality approaches than for the
area approach. Clearly, the assumption of a uniform number
of localities of the target group per unit area in all regions of
potential distribution for O. albigularis (assumption 2;
necessary for the area approach, model 1) was not valid
here, with the Cordillera de la Costa Central the most
heavily sampled (Table 2). In contrast, no heterogeneity in
the sampling intensity of collection localities (assumption 3)
was detected among regions. Thus, use of both the locality
and weighted locality approaches is justified (models 2 and
3). Model 3 requires the additional assumption that the
weighting index adequately reflects sampling intensity. Here,
the number of specimens collected at each locality formed
the index of sampling intensity. This simple measure can be
easily calculated for many data sets (Voss & Emmons, 1996,
pp. 62–63; Heyer et al., 1999). Various other possible in-
dices also exist (e.g. Soberón-M. & Llorente-B., 1993;
Colwell & Coddington, 1994; Peterson & Slade, 1998), but
most of them rely on more data and standardized sampling
methodologies that would seldom be found with hetero-
geneous data sets such as those derived from museum
records. Although additional research is called for to address
the use of appropriate weighting indices (particularly with
heterogeneous data sets), the number of specimens collected
probably represented a reasonable index of sampling
intensity here (see protocols in Handley, 1976). Similarly,
because the inventories of Handley (1976) employed a
standardized methodology, assumption 4 (similar sampling
techniques employed at localities of the target group in both
regions of potential distribution; necessary for all models)
was satisfied. In addition, various environmental factors –
such as moonlight, extreme rainfall or ant activity – at the
time of sampling can also affect inventory success (Voss &
Emmons, 1996). Thus, implicit in assumption 4 is the sup-
position that the conditions under which the sampling

techniques were employed did not vary among the examined
regions. No such systematic bias is likely here (Handley,
1976). In sum, the tests that considered habitat modification
and empirical measures of sampling effort (i.e. models 2 and
3, with agricultural and urban areas removed from the
predictions) most closely met the relevant assumptions and
hence represented the most realistic tests.

An important corollary of assumptions 3 and 4 concerns
the probability of encountering the study species at parti-
cular localities. Species are not detected randomly in
inventories (Boulinier et al., 1998). Rather, some are typic-
ally among the last to be documented. In addition to other
possible causal factors, this phenomenon commonly derives
from differences in abundance among species, restricted
microhabitat requirements of some species, and differential
effectiveness of the employed sampling techniques for var-
ious subsets of the fauna (Voss & Emmons, 1996). Hence,
the documentation of many common, easily collected species
of the target group (such as generalist terrestrial forest-
dwelling rodents) at a particular locality does not necessarily
indicate that a rarer species with specific requirements (such
as an arboreal or aquatic mouse) would have been captured
there if present. However, such species are generally difficult
to collect or observe throughout their distributions (Voss &
Emmons, 1996, p. 57). The tests used here only require that
the chance of detecting the study species at the sampled sites
(if present; see Cam et al., 2002, p. 1119) be uniform in the
two regions examined, a condition that will often be rea-
sonable when the target group is chosen with an under-
standing of the sampling techniques employed in the data set
at hand (see below).

Distribution of O. albigularis and compilations

of museum records

Although the inventories of the Smithsonian Venezuelan
Project (Handley, 1976) only collected O. albigularis in two
of the five montane regions of northern Venezuela, none of
the three statistical approaches (area, locality and weighted
locality; models 1–3) led to rejection of the possible arte-
factual nature of the species’ absence from areas of potential
distribution in the other three regions (Perijá, Lara–Falcón
and Cordillera de la Costa Oriental). Indeed, a recent com-
pilation of specimen records from ten major museums
showed that the species does inhabit at least some localities
in the Perijá and Lara–Falcón regions (Linares, 1998). Thus,
the Cordillera de la Costa Oriental represents the only major
montane region in northern Venezuela lacking records of
O. albigularis.

The apparent absence of O. albigularis from the
Cordillera de la Costa Oriental serves to illustrate several
problems that may be encountered using heterogeneous
data sets compiled from museum records. As a data set
comprising all records of Venezuelan mammals in those ten
museums is not currently available, the locality and
weighted locality approaches (models 2 and 3) cannot be
employed using the occurrence records of O. albigularis in
Venezuela plotted by Linares (1998). However, under the
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area approach (model 1), the possible artefactual nature of
the lack of records for the species in the Cordillera de
la Costa Oriental cannot be rejected given even those
thirty-two occurrence records in the other four regions
(Linares, 1998; P ¼ 0.1404 with raw prediction). Unfor-
tunately, the same additional data regarding the target
group that would be required to implement models 2 and 3
are also necessary to evaluate the validity of two of the
assumptions of the area approach (uniform number of lo-
calities of the target group per unit area in both regions of
potential distribution and uniform average sampling inten-
sity at localities of the target group in both regions of
potential distribution; assumptions 2 and 3). Fortunately,
such information will commonly be available (e.g. from
databases of all museum holdings of the target group),
allowing use of models 2 and 3 and testing of the validity
of those two assumptions. However, evaluation of the
assumption that similar sampling techniques were employed
at localities of the target group in both regions of potential
distribution (assumption 4; required for all three models) is
problematic with data sets comprised of museum records
representing the sum total of myriad non-standardized
inventories (see Voss & Emmons, 1996; Wilson et al., 1996
for sampling techniques). Careful selection of the appro-
priate target group (see below) is critical in order to min-
imize strong departure from that assumption. Similarly, it is
extremely difficult to integrate the effects of human-induced
habit disturbance into tests that use such data, which were
typically collected over many decades (during which land-
use patterns have often changed markedly; see assumption
1 of all three models). More information is necessary to
reach a solid conclusion regarding the species’ status in the
Cordillera de la Costa Oriental.

Another striking pattern regarding the distribution of
O. albigularis in northern Venezuela merits attention. The
Cordillera de la Costa Central is comprised of two principal
subranges: the Serranı́a del Litoral along the coast and the
Serranı́a del Interior parallel to it and c. 50 km inland
(Fig. 1A). The final models indicated disjunct areas of
potential distribution for the species in these two ranges, but
O. albigularis has only been collected in the Serranı́a del
Litoral (Handley, 1976; Linares, 1998; Márquez et al.,
2000; American Museum of Natural History collection;
Fig. 2). Under the area approach (model 1), the ten localities
plotted in the Serranı́a del Litoral by Linares (1998) would
indicate that the species’ absence from the Serranı́a del
Interior is not likely artefactual (P ¼ 0.016). Again, how-
ever, none of the four assumptions required for this test can
be assessed given the data at hand (see above), and some of
them may not be reasonable.

Comparisons with previous approaches

The statistical models proposed here afford several
advantages over previous approaches that held similar
intents. First, they incorporate geographically explicit pre-
dictions of potential distribution into the test (lacking in
Heyer et al., 1999 and not integrated by Ponder et al.,

2001). In addition, the present calculations represent a
much simpler methodology than that proposed by Ponder
et al. (2001), which was based on patterns of the spatial
distribution of localities of the study species (their �taxon
of interest�) vs. those of the target group (their �background
group�). More importantly, however, the analyses of Pon-
der et al. (2001) were descriptive in nature and did not test
statistical hypotheses. Similarly, although Anderson &
Jarrı́n-V. (2002, p. 15) presented an incipient logical per-
spective upon which the current models were developed
and formalized, they did not conduct any quantitative
analyses.

Thus, the models proposed here are most similar to the
test suggested by Heyer et al. (1999), which could be easily
modified for implementation in the context of a potential-
distribution model. Nevertheless, that test differs greatly in
calculations and logic and lacks many of the advantages of
the techniques used here. The current approach employs
occurrence records of the study species as the k cases of the
binomial test, with data (or assumptions, in model 1)
regarding localities of the target group used to calculate the
expected probability of the outcome of each individual case.
[In each of the three models, the quantity that is raised to the
power of k (in brackets in the presentation of the models
above) represents the expected chance of each particular case
falling into the region where the species has been docu-
mented; raising to the power of k then yields the probability
P of all k cases falling into that region.]

In contrast, the tactic of Heyer et al. (1999) uses some
localities of the target group as cases for the binomial test
and combines others with localities of the study species to
establish the expected probability of the outcome of each
case. More precisely, localities of the target group in areas
lacking records of the study species comprise the cases of
their binomial test. To determine the expected probability
of a negative result for each of those cases, Heyer et al.
(1999) calculated a probability of non-detection. By divi-
ding the number of localities of the study species by the
number of localities of the target group present within the
known distribution of the study species, they estimated an
average detection probability for the study species. One
minus that detection probability then represents the prob-
ability of not detecting it at a given locality. Under this
logic, raising the probability of non-detection at a single site
to the power of the number of localities of the target group
in the region lacking records of the study species (the cases
of the binomial test) then yields the probability of none of
the inventories in the second region detecting the study
species. This procedure most closely intersects in data and
intent with the present locality approach (model 2). How-
ever, it is not as straightforward, intuitive or flexible as the
tests used and advocated here. Most importantly, it does
not lend itself to a progression of models, each employing
increasing empirical data as available. In addition to the
highly desirable flexibility allowed by a series of models,
the current framework provides explicit assumptions, null
hypotheses and appropriate inferences given the results of
the statistical tests.
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Selection of target group and application to other

systems

Selection of the appropriate target group should be aimed at
identifying the taxonomic or ecological group most likely to
fulfil the relevant assumptions. The calculations of models 2
and 3 require explicit identification of the target group, and
the existence of a target group is implicit in three of the
assumptions necessary for model 1. Here – using data from
standardized inventories that employed similar sampling
techniques at each locality – all mammals were used as the
target group. However, for museum collections as a whole,
the source inventories vary widely in the emphasis placed on
sampling for various groups of mammals. Thus, because
they all are captured with similar techniques, small non-
volant mammals (e.g. small rodents, marsupials and shrews)
would probably represent a more appropriate target group
for O. albigularis when using a heterogeneous data set
comprised of museum records that derive from inventories
that varied greatly in techniques and intent. Although such a
target group is not evolutionarily monophyletic, the docu-
mented presence of such species at a locality likely indicates
the use of inventory techniques with the potential to capture
O. albigularis (if present there; see also Ponder et al., 2001,
p. 650). The models proposed here do not require all col-
lection localities to be sampled equivalently, but rather that
no systematic biases in sampling (in numbers of localities
sampled per unit area or in the intensity and makeup of
sampling techniques employed) exist between the regions
of potential distribution being compared. Careful selection
of the target group given knowledge of relevant sampling
methodologies can minimize that possibility (e.g. for Neo-
tropical mammals, see Voss & Emmons, 1996; Wilson et al.,
1996; Simmons & Voss, 1998; Voss et al., 2001).

Used in concert with models of species potential distri-
butions (produced with GARP or other algorithms) and
occurrence records from museum and herbarium collections
or other data sets (Baker et al., 1998; Boulinier et al., 1998;
Funk et al., 1999; Soberón, 1999; Ponder et al., 2001), these
analytical approaches will likely prove of wide applicability
to problems in biogeography, conservation and other areas
of research that employ species distributions. Clearly, this
framework provides a potential solution for revisionary and
biogeographical studies previously hindered in their distri-
butional conclusions by the lack of a quantitative method for
assessing collection effort in various regions apparently
suitable for a species but lacking records of it (e.g. Anderson
& Jarrı́n-V., 2002, p. 15; Anderson et al., 2002a, p. 138;
Voss et al., 2002, pp. 34–35). With either single- or multi-
species perspectives, the present techniques can also be used
to identify and justify necessary new inventories – crucial
because time and resources for such endeavours are con-
spicuously limited (Raven & Wilson, 1992; Voss &
Emmons, 1996). Conversely, if analyses indicate the absence
of a given species of conservation concern from a particular
biogeographical region, such areas should be removed from
its range map for conservation assessment and planning (cf.
Mace & Stuart, 1994). Additionally, the use of predictive

models to elucidate contiguous areas of potential distribu-
tion will allow the testing of distributional hypotheses
formed based on barriers currently relevant for the species
itself, rather than on regions previously defined on topo-
graphical, phytogeographical, or zoogeographical means
(as here; Eisenberg & Redford, 1979; Linares, 1998). Fur-
thermore, implementation of this integrated methodology in
a multi-species context should improve techniques for
recognizing areas of endemism, which are important to
many evolutionary studies and applications to conservation
biology (Cracraft, 1985; Haffer, 1985; Voss et al., 2001;
Carleton et al., 2002, p. 518). Foremost, however, I hope
that the present work will stimulate research by other
investigators scrutinizing the logic and mechanics of the
approaches proposed here, leading to modification and
refinement as found appropriate and bringing renewed
attention and increased quantitative rigor to studies of
species distributions.
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APPENDIX 1

Collection localities of O. albigularis (Tomes, 1860) in
Venezuela used in this study (see Figs 1 & 2). Principal
collection localities from the Smithsonian Venezuelan

Project derive from Handley (1976) and were comple-
mented by additional localities from Márquez et al.
(2000) and the American Museum of Natural History
(catalogue numbers provided below). Geographical
coordinates of latitude and longitude are given in
parentheses; those for localities corresponding to speci-
mens in the American Museum of Natural History were
taken from Paynter (1982).

Handley (1976): VENEZUELA: Aragua: Estación Biol-
ógica Rancho Grande, 13 km NW Maracay (10�21¢ N,
67�40¢ W); Distrito Federal: Los Venados, 4 km NW
Caracas (10�32¢ N, 66�54¢ W); Distrito Federal/Mi-
randa: Alto Ñeo León, 31–36 km WSW Caracas
(10�26¢ N, 67�10¢ W); Pico Ávila, near Hotel Hum-
boldt, 5 km NNE Caracas (10�33¢ N, 66�52¢ W);
Mérida: La Carbonera, 12 km SE La Azulita (8�38¢ N,
71�21¢ W); Santa Rosa, 2 km N Mérida (8�37¢ N,
71�09¢ W); 6–7 km ESE and SE Tabay (8�36¢ N, 71�01¢
W); Miranda: 3 km NE Caracas (10�30¢ N, 66�53¢ W);
Curupao, 5 km NNW Guarenas (10�31¢ N, 66�38¢ W);
Táchira: Buena Vista, near Páramo de Tamá, 41 km
SW San Cristóbal (7�27¢ N, 72�26¢ W); Trujillo:
Hacienda Misisı́, 14–15 km E Trujillo (9�21¢ N,
70�18¢ W).

Márquez et al. (2000): VENEZUELA: Lara: Yacambú
National Park (9�40¢ N, 69�37¢ W); Miranda/Aragua:
Macarao National Park (10�25¢ N, 67�17¢ W); Táchira:
La Trampita, Siberia, sector Uribante (7�50¢ N, 71�57¢
W).

American Museum of Natural History: VENEZUELA:
Carabobo: La Cumbre de Valencia (AMNH 31541–
31543; 10�20¢ N, 68�00¢ W); Mérida: El Tambor (AMNH
96160–96163; 8�36¢ N, 71�24¢ W); Monte de los Nevados
(AMNH 33163; 8�28¢ N, 71�04¢ W); Miranda: Curupao
(AMNH 135170; 10�30¢ N, 66�38¢ W).
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