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Abstract. Ecological niche modeling (ENM) has been used in large
scale to identify locations with suitable environmental conditions for
survival of a species in the geographical space. However, if training
data do not identify the species’ fundamental niche (e.g., in the case
of species distribution is not currently in equilibrium with climate),
ENMs may not reflect all appropriate locations it can survive, limiting
or invalidating its general use in ecology. We predict that adding
fossil data to the current species occurrence records, the called multitemporal calibration approach, may improve the ENMs prediction by
modeling a more complete suite of environmental conditions from
species’ fundamental niche, making them more robust and reliable.
To test our prediction, we modeled the potential distribution of
Panthera onca (Linnaeus, 1758) in New World using occurrence
records from three subspecies (P. o. onca, P. o. mesembrina and
P. o. augusta) and three time periods (Present, mid-Holocene and
Last Glacial Maximum). Five different models were generated, the
first with only current occurrence records, three others adding fossil
data of P. o. mesembrina, P. o. augusta and P. o. onca, respectively,
to the current data, and the last using all fossil and current data sets.
Our findings support our prediction and show that fossil data improve
the predictive ability of the models, informing complementary
environmental conditions of species’ fundamental niche and
expanding its predicted potential distribution.
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Introduction
Understanding
the
species
distribution in geographic space has
currently become an important task in the
fields of ecology, biogeography and
conservation biology. Characterizing the
environmental
conditions
that
are
appropriate for survival of the species and
mapping these environments in geographic
space has been a pronounced strategy to
estimate potential distribution of species in
different time periods, which is called
ecological niche modeling (ENM) (Peterson

et al., 2011; Pearson, 2007). ENM is based
on the theory of ecological niche and
consist in estimate the multidimensional
space (in a Hutchinsonian sense;
Hutchinson, 1957) that allows the presence
of species with positive population growth
(Soberón, 2010). In accordance to
Hutchinson (1957), the fundamental niche
expresses
the
entire
environmental
conditions necessary for the survival and
reproduction of individuals. However, the
species is unable to occupy all that space
due to the barriers to dispersion and biotic
interactions, which constrain the locations
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where the species is in fact found in a given
time period and delimit its realized niche.
Among ENMs, the correlative
models
conceptually
estimate
the
environmental space suitable for the species
survival (i.e., the species fundamental
niche) by associating species occurrence
records
with
environmental
layers
expressed in GIS and identify locations on
the geographic space that, according to
abiotic dimension, are similar to where
species are observed (Pearson, 2007). But,
depending on the method used to link
occurrences
to
the
environmental
conditions, as well as factors such as
barriers to dispersion and biotic interactions
that limit the space of fundamental niche a
species really occupy, these models can
generate contrasting results and identify
different extents of species distribution
(Jiménez-Valverde et al., 2008). These
effects on model predictions are still
stronger when species are not in
equilibrium with climate; i.e., the species
occurrences do not inform its fundamental
niche (Lima-Ribeiro and Diniz-Filho, 2013;
Nogués-Bravo, 2009). To solve this
problem we suggest adding fossil data to
the current species occurrence records, the
called multi-temporal calibration approach
(Nogués-Bravo, 2009), together with
paleoclimatic data. The multi-temporal
calibration approach built models with a
more complete suite of environmental
conditions from species’ fundamental niche
informed from species data in different time
periods (Nogués-Bravo et al., 2008). We
predict then that using fossil and
paleoclimatic data together with current
data (multi-temporal calibration) help us to
improve predictions of ENMs and provide a
more realistic distribution of the species in
geographic space.
To test our prediction, we used the
American
Jaguar
(Panthera
onca
(Linnaeus, 1758)) as a model species.
Panthera onca is found in a large variety of
habitat, like tropical moist forests, xeric
shrub lands, tropical dry forests, grasslands
and savannas (Zeller, 2007). Its historical
occurrence area was from the extreme
southwest USA to the southern Argentina
(Guggisberg,
1975).
Currently
its
geographic range is declining in the whole
America, principally by human activity and

climate change (Zeller, 2007). The
subspecies P. o. onca is the largest extant
feline of the Americas and the only living
representative of the genus Panthera in the
New World (Nowell and Jackson, 1996).
Two other subspecies, P. o. augusta and
P. o. mesembrina, known as the North
American Jaguar and South American
Jaguar, respectively, lived during the
Pleistocene and are currently extinct.
To model the niche of P. onca by
following the multi-model calibration
approach, we used fossil data of the three
subspecies (P. o. onca, P. o. augusta and
P. o. mesembrina)
in
addition
to
paleoclimatic data of the mid-Holocene and
Last Glacial Maximum (LMG), together
with its current occurrence records. The
findings supported our prediction and
showed that fossil data provide better
representation of species niche in all
America, with particularities among
different methods (algorithms).

Methods
Data of species occurrences
Current occurrence records of
P. onca
(including
subspecies
P. o. centralis,
P. o. goldmani,
P. o. hernandesii,
P. o. veraecruscis,
P. o. peruviana,
P. o. palustris,
P. o. arizonensis and P. o. onca) were
obtained from online database “Global
Biodiversity Information Facility - GBIF”
(http://www.gbif.org) and “SpeciesLink”
(http://splink.cria.org.br). Fossil data were
obtained from online databases “The
Paleobiology
Database”
(https://paleobiodb.org),
“Fossilworks”
(http://fossilworks.org)
and
“Florida
Museum
of
Natural
History”
(https://www.flmnh.ufl.edu/), besides the
grey literature (PhD thesis, reports, meeting
annals, etc) and scientific literature (books
and articles). We separated the fossil
records according to each subspecies,
P. o. augusta,
P. o. mesembrina
and
P. o. onca, and then classified them
belonging to LGM or mid-Holocene time
periods (Figure 1).
All occurrence records were revised
for synonymies and mapped on a grid cells
with 0.5o resolution (~ 55 x 55 km at the
equator). Duplicated points were removed
Braz. J. Biol. Sci., 2015, v. 2, n. 4, p. 309-319.
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Figure 1. Current and fossil occurrence records of P. onca used for niche modeling.

into unique cells, generating a matrix of 292
current presences and 71 fossil records: 52
for P. o. onca, 13 for P. o. augusta and 6
for P. o. mesembrina (Figure 1).
Climate data
The climate data used for
construction of ENMs were obtained from
the coupled atmosphere-ocean general
circulation model (AOGCM) MIROC
Braz. J. Biol. Sci., 2015, v. 2, n. 4, p. 309-319.

available at the ecoClimate database
(http://ecoclimate.org).
EcoClimate
provides climate simulations for important
periods, like Last Glacial Maximum (LGM,
21 ka) and mid-Holocene (6 ka), which
were respectively the cooler period (glacial)
and warmest period (interglacial) of the last
glacial cycle (Lima-Ribeiro et al., 2015).
We downloaded the 19 bioclimatic
variables with 0.5° resolution for pre-
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industrial (i.e., present), mid-Holocene and
LGM. However, many of these bioclimatic
variables are correlated, affecting the
preference of the species when your niche
is modeled and overestimating its
distribution in geographic space. To
minimize collinearity problems when
building the ENMs, the 19 bioclimatic
variables were ordered using a factor
analysis with Varimax rotation and selected
the variables with greater commonality
along five factors (see detail in Terribile et
al., 2012). The selected variables were:
maximum temperature of warmest month,
temperature annual range, precipitation of
wettest month, precipitation of driest month
and precipitation of warmest quarter.
Niche modeling
To estimate the niche of P. onca
following the multi-temporal calibration
approach, five models were built by
combining data sets in accordance with
current and fossil occurrence records:
1 - Only current P. onca records
2 - Current P. onca + fossil
P. o. mesembrina
3 - Current P. onca + fossil
P. o. augusta
4 - Current P. onca + fossil
P. o. onca
5 - Current P. onca + all fossils
We used three algorithms based on
presence-only and presence-background
methods: Bioclim, Support Vector Machine
(SVM) and Maximum Entropy (Maxent).
Models were built by linking current and
fossil occurrence records with climate
conditions from their respective ages and
then the potential distribution of P. onca
was projected for present, mid-Holocene
and LGM. All algorithms were run in the
R-package “dismo” (Hijmans et al., 2015)
using specific functions matching each
algorithm, except SVM (run using the
function ksvm from R-package “kernlab”
(Karatzoglou et al., 2004). The Bioclim
from R-package dismo computes the
suitability of a location by comparing the
values of environmental variables at any
location to a percentile distribution of the
values at known locations of occurrence
(“training data”, the closer to the 50th

percentile - the median -, the more suitable
the location is) instead of predicts binary
presences and absences from traditional
rectangular envelopes (see Hijmans et al.,
2015). The machine-learning methods were
fitted using the simplest configurations for
classification tasks, like linear kernel
function and c-SVC type for SVM (with
probabilistic output) and only the linear
features to combine climatic predictors in
Maxent (with logistic output). Because we
are using fossil records to predict potential
distribution,
simple
modeling
configurations are recommended (see
Varela et al., 2011). All other parameters
from SVM (e.g., cost parameter - C) and
Maxent (e.g., beta, gamma, and prevalence;
see Elith et al., 2006) were used as in
default.
Background points were randomly
selected throughout the New World grid
cells (excluding cells with presences)
keeping species prevalence equal to 0.5.
This approach was based on recent studies
suggesting that the extent of the
geographical region in which the
background points are taken have important
influences for prediction and performance
of ENMs (e.g., Thuiller et al, 2004;
VanDerWal et al, 2009). We used the entire
study area to select background points
because there is no reason expected to
prevent species dispersal throughout New
World (i.e., we considered the entire New
World as historically accessible for P. onca,
see Barve et al., 2011). Thus, selecting
background points throughout the New
World essentially represents a compromise
between generating models that do not
generalize well, and do not produce over
predictions of distribution areas that ignore
important spatial structure associated with
finer scale environmental gradients
(VanDerWal et al., 2009). Background
points were used to calibrate the ENMs
based on presence-background observations
(SVM and Maxent) and compute confusion
matrix to evaluate model performance (see
below).
Models were built using 75% of
presence as training data and 25% as test
data to evaluate them. To avoid biases from
data partitioning on model training and
evaluation, this procedure was repeated 20
times for each algorithm and data set. Thus,
Braz. J. Biol. Sci., 2015, v. 2, n. 4, p. 309-319.
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a total of 300 models were generated (5
data sets * 3 algorithms * 20 repetitions)
and evaluated using the True Skilled
Statistic (TSS) and Area Under the rocCurve (AUC) (Allouche et al., 2006). It is
important to use more than one metric to
evaluate the models’ performance, because
the statistical adjustments of each algorithm
are different and each model quantifies a
different aspect of the predictive
performance (Elith and Graham, 2009).
AUC is a threshold-independent metric and
its values vary from 0 to 1; values above of
0.75 we consider that the model has good
predictive ability and values below 0.5
indicate bad performances, equivalent to a
random model. TSS is a thresholddependent metric, but not sensitive to
species prevalence specified in the
modeling process (Allouche et al., 2006),
with values ranging between -1 and +1;
good models should present TSS values
above 0.5 and below this value indicates a
model with low predictive capacity.
The value of threshold was chosen
for maximizing the sum of specificity and
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sensibility and then applied to both evaluate
models and compute binary maps. To
evaluate whether the increment of fossil
data improves the predictive performance
of the models, we computed a factorial
Analysis of Variance (ANOVA) using
AUC or TSS values as dependent variables
and data sets and ENMs as factors. Finally,
consensus maps reflecting the species
potential distribution were generated for
present,
mid-Holocene
and
LGM,
indicating the frequency in which grid cells
were predicted as species presence.

Results
The values of AUC and TSS show
acceptable performances for the models,
better than a random classification for
example (values often higher than 0.8 for
AUC and 0.5 for TSS, except for some
Bioclim models). The factorial ANOVA
showed a significant difference in both
AUC and TSS by adding fossil data to the
ENMs (Table 1).

Table 1. Test of significance for TSS and AUC.
Effect
SS(TSS/AUC)
DF
MS(TSS/AUC)
F(TSS/AUC)
P
Dataset
0.13/0.05
4/4
0.03/0.01
7.82/9.0
< 0.001
Method
2.22/0.57
2/2
1.11/0.29
266.46/213.7
< 0.001
Dataset*Method
0.17/0.04
8/8
0.02/0.005
5.08/3.4
< 0.001
Residual
1.19/0.38
285/285
0.004/0.001
SS: Sum of Squares; DF: Degree of freedom; MS: Mean square. DF and P are equal for TSS and AUC.

The effects of adding fossil records
from the five data sets are similar between
AUC and TSS (Figure 2). Higher values of
both AUC and TSS are presented for the
models built with only current occurrences
of P. onca, with a steady decline when
added the fossil data to the current date.
The lowest values for both AUC and TSS
were observed for models built using all
fossil data.
However, when we analyze the
interaction between the factors method
(algorithms) and data sets we note that
Bioclim is the only one affected by adding
fossil data (Figure 3). The algorithms
Maxent and SVM presented slight
differences, not significant, for both AUC
and TSS among models built using
Braz. J. Biol. Sci., 2015, v. 2, n. 4, p. 309-319.

different data sets, although AUC is most
affected than TSS for Maxent (Figure 3).
Bioclim presented the worst performance
among the three algorithms, with the lowest
values for both AUC and TSS. Maxent and
SVM presented higher values, with similar
performances.
The effects of fossil data on model
prediction were also detected on potential
distributions through time (Figure 4). When
we insert all fossil data, the predicted
distribution of the species expands towards
the northern edge in all periods. The species
was predicted to occur in almost all New
World across present, mid-Holocene and
LGM, with slight reduction of potential
distribution during the cold phase of LGM
(Figure 4).
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Figure 2. AUC (A) and TSS (B) values for ENMs built with the five data sets.
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Figure 3. Effects of adding fossil data on ENM performances for three algorithms. (A) AUC, (B) TSS.

Braz. J. Biol. Sci., 2015, v. 2, n. 4, p. 309-319.

316

Moreno and Lima-Ribeiro

Figure 4. Consensus maps showing the frequency of models predicting species presence in the three time
periods. Above, models built with only current data; and below, models with current data + all fossil data.

Discussion
Our findings support our prediction
and show clear effects of fossil records on
the ENM predictions for P. onca. As fossil
information becomes greater, the predicted
potential distribution expands and reduces
the apparent performance of models as
measured by AUC and TSS. However, the
apparent decrease of model performance is
artificially generated by the training and test
data used for calibrating and evaluating the
models. Because fossil records used as
training data inform different climate
conditions of species fundamental niche
than current occurrences, the models predict
suitable locations where the species is not
observed from test data (which were drawn
only from current data set), increasing the
commission error. In other words, the
models with fossil data predict presence
where the species was not observed,
because the increase of the predicted area.
Because AUC and TSS are based on

success rates (sensitivity and specificity),
their values artificially decrease with
addition of fossil data. Fossil data,
therefore, improve the actual model
predictions by furnishing information
closest to the species fundamental niche,
regardless of the absolute values of AUC
and TSS.
By following this reasoning, we
expect that the effects of different data sets
increase as better it represent the species
fundamental niche, as reported in Figure 5.
From the statistical values of AUC and
TSS, which gradually decrease with the
insertion of data fossil, more the
fundamental
niche
becomes
best
represented, because a larger amount of
fossil data set were able to better predict the
most locations climatically favorable for
survival of the species than a small fossil
data set (Figure 5). When a small amount of
fossil data is inserted, as in the case of the
insertion of fossil P. o. mesembrina and P.
o. augusta, for example, models predict a
Braz. J. Biol. Sci., 2015, v. 2, n. 4, p. 309-319.
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slight different niche than present-only data
set. For these two subspecies, the models
begin to gradually decrease its performance
by predicting new places climatically
suitable for the species, although just few
places. When a large quantity of fossil data
was inserted, as in the case of the insertion
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of P. o. onca, we note that there is a more
significant increase of predicted area and
when we insert all fossil data, the
fundamental niche of the species increases
considerably and expanding even more its
predicted potential distribution.

Figure 5. Schematic representation of species fundamental niche and which dimension the fossil data
inform for niche modeling. When adding fossil data, particularly all fossil, the fundamental niche of the
species became more representative, informing new locations climatically favorable for P. onca survival.

Thus, models built using fossil data
from the three subspecies better represent
the fundamental niche of P. onca than its
occurrence records at the present-day.
Actually, our findings highlight the need for
considering occurrence data from different
periods to better inform models about
species preferences in a multi-temporal
calibration approach. Many species are not
in equilibrium with the climate currently;
i.e., not occupy all the places climatically
suitable for its survival and are absent from
all areas inadequate (Araújo and Pearson,
2005). By being in disequilibrium with the
climate, the niche model using only current
data can underestimate the environmental
conditions (its fundamental niche) under
which species will be able to occur
(Dormann, 2007), and partially identify its
geographical distribution. Using fossil data
and paleoclimatic simulations along with
the current occurrence data of the species,
what we call multi-temporal calibration
(Nogues-Bravo et al., 2008), may avoid
Braz. J. Biol. Sci., 2015, v. 2, n. 4, p. 309-319.

such problems by providing a better
estimate of climatically suitable conditions
for species survival (i.e., better represent
species fundamental niche). On the
contrary, when the species is in equilibrium
with the climate in present-day, using the
multi-temporal calibration approach no
longer has effect on model predictions
because the species already occupies all the
places that are suitable to it, its fundamental
niche would already be represented. Thus,
because P. onca is in disequilibrium with
the climate, the use of multi-temporal
calibration
became
important
and
indispensable to better represent its
fundamental niche and predict its potential
geographical range in which its populations
may survive through time.
Our study shows that using fossil
data as a complement of current data, in a
multi-temporal
calibration
approach,
improve the ENMs, inform new conditions
species can survive, better represent the
fundamental niche of species and
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contributing to better predict the
climatically suitable areas for species
occurrence on geographic space.
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