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ABSTRACT

Hindcasting is a widely used method to predict the past distribution of plant species. However, its reliability is often constrained
by the scarcity of fossil records, which are fundamental for validating and refining model projections. Without sufficient pal-
aeobotanical evidence, hindcasts may lack accuracy and ecological realism. Here, we incorporate palaeobotanical occurrences
in the modeled distribution for the genus Arbutus L. (Ericaceae family) in the Macaronesian-Mediterranean region to calibrate
the ecological models for seven bioclimatic periods from the Last Glacial Maximum to the Late Holocene and to compare them
with the traditional hindcast method. Species distribution models were developed using the biomod2 R package that applies an
ensemble forecasting approach to produce species-environment relations and to obtain spatiotemporal predictions. We used
two calibration approaches: (i) a model trained with present-day bioclimatic conditions, hindcasted for each past period with
known presence-only data plus random pseudo-absences generated by biomod2, and (ii) models trained for each past period with
fossil data in different formats (presence only, presence-absence, and presence-absence complemented with pseudo-absences).
We evaluated the accuracy of hindcasts for each time period and assessed the spatial coherence among different methods over
time by applying the Jaccard similarity index. Different modeling approaches projected partially overlapping suitable areas for
Arbutus. The balanced accuracy indicator revealed large discrepancies between the hindcasted predictions and the projections
calibrated with fossil data for each past period. The spatial coherence between different training methods shows an overall time-
increasing reliability. Our study suggests the following future directions: (i) incorporating modern and past datasets in modeling
design, (ii) comparing different modeling approaches to predict past environmental suitability, and (iii) interpreting and validat-
ing past spatial distribution patterns using independent lines of evidence (e.g., palaeoclimatic and palaecological proxy data).
This framework fosters collaboration and integration of multiple disciplines (e.g., palaecoecology, climatology, geology, ecological
modeling, and biogeography).

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.
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1 | Introduction

Species distribution models (SDMs) are statistical tools widely
used in macroecology and biogeography, useful for investigating
species-environment relations (Guisan and Zimmermann 2000;
Elith et al. 2009; Guisan et al. 2017) and enabling the explora-
tion of ecological and evolutionary aspects of species’ niches
(Martinez-Meyer and Peterson 2006; Wiens et al. 2009; Maiorano
et al. 2013). They are also valuable for developing conserva-
tion strategies (Aratjo et al. 2005; Guisan et al. 2013; Porfirio
et al. 2014), identifying responses to climate change (Davis and
Shaw 2001; Svenning et al. 2008; Carroll et al. 2015), and re-
constructing range dynamics and history (Pearman et al. 2008;
Vila-Vicosa et al. 2020).

Hindcasting is the most widely used method to predict the
past distribution of species, which consists of training mod-
els for current environmental conditions and projecting
them onto palaeoclimate reconstructions from global data-
sets (Nogués-Bravo 2009; Alba-Sanchez et al. 2010; Varela
et al. 2011; Wethey et al. 2016; Fordham et al. 2020). However,
SDMs and hindcasted projections are seldom integrated with
paleontological and phylogenetic data (Gavin et al. 2014; Hao
et al. 2018; Mestre et al. 2022; Castilla et al. 2024; Naughtin
et al. 2024; Bracho-Estévanez et al. 2024; Blois et al. 2024),
which challenges model validation due to the lack or scarcity
of independent data (Aradjo et al. 2005; Pearman et al. 2008;
Alba-Sanchez et al. 2010; Ordonez and Williams 2013). Thus,
we often have no clue whether the model is undershooting
(or overshooting) species distributions and to what extent.
The development of SDMs involves well-known limitations,
such as sampling bias and positional uncertainties (Moudry
et al. 2024; Raiter and Hawlena 2024), issues in model de-
velopment and interpretation (Soley-Guardia et al. 2024), as
well as model performance and spatial projection assessments
(Arenas-Castro et al. 2022).

On the other hand, it is also crucial to consider the inner com-
plexity and uncertainty of past reconstructions. Such complexi-
ties stem from the absence of direct and repeatable observations.
Collecting, processing, and interpreting palaeoecological data
requires extensive effort, making this approach time-consuming
and resource-demanding. Additionally, fossil records and sed-
iments can introduce distortions in our understanding of past
ecosystems (Birks and Birks 1980). Other sources of uncertainty
include the relationship between vegetation composition and
the percentages of pollen in sediments (Davis 1963), as well as
the divergent or convergent relationships between vegetation
and pollen assemblages arising from various sources, poten-
tially leading to errors in modern analogue analysis (Jackson
and Williams 2004).

Despite efforts to establish standards and guidelines for the
proper application of SDMs (Araujo et al. 2019; Zurell et al. 2020),
palaeoecological reconstructions (Loubere and Qian 1997; Croft
et al. 2018; Trofimova et al. 2019; Lazagabaster et al. 2024), pre-
diction of past species distribution (Nogués-Bravo et al. 2010),
and the application of SDMs in palaeobiogeography (Varela
et al. 2011; Svenning et al. 2011), there still are few examples
exploring the integration of fossil data and ecological modeling
(Moreno-Amat et al. 2017; Rocha et al. 2022). In addition, few

studies have adequately validated hindcasts with independent
data or have compared them with alternative training meth-
ods (Nogués et al. 2008; Pearman et al. 2008; Hodel et al. 2022;
Barnes et al. 2022).

Here, we compare the accuracy and spatial coherence of hind-
casting methods with models calibrated by palaeobotanical
occurrences of Arbutus for seven paleoclimatic time-periods,
spanning from the LGM (24-20ka BP) to the Late Holocene
(LH; starting 4.2ka BP). This integrative approach, based on a
taxon with well-documented modern and fossil records, eco-
logical significance, and distribution dynamics, is intended to
develop and refine methods in ecological and palaeoecological
modeling, to increase the accuracy in predicting past suitable
areas, to validate model hindcast performance, and to infer the
demographic history of woody plant species.

Four species of Arbutus (Ericaceae family) are used here as a
case study: Arbutus unedo L., Arbutus andrachne L., Arbutus
canariensis Veill., and Arbutus pavarii Pamp. These species
currently occur in the Mediterranean Basin, along the Atlantic
coast of Europe and Macaronesia, being an important repre-
sentative of the Mediterranean broadleaved evergreen element.
The “Arbutus complex” is supposed to have colonized western
Eurasia across the North Atlantic Land Bridge as part of the so-
called Madrean-Tethyan Geoflora, a broadleaved sclerophyllous
vegetation that extended across North America and Eurasia
during the Paleogene (Axelrod 1975; Hileman et al. 2001).
According to Palamarev (1989), the Arbutus complex was pres-
ent throughout central Europe starting from the Oligocene. It
was still common during the Miocene and Pliocene, when it was
also present around the Black Sea and in the Canary Islands,
displaying a longitudinal range extension similar to the present
one (Palamarev 1989; Anderson 2009).

The Paleartic fossil record of Arbutus suggests a main core
area of occurrence in the western and northern Iberian
Peninsula during the Last Glacial Maximum (LGM), followed
by an eastward progressive appearance in the central and east-
ern Mediterranean starting from the lateglacial (De Santis
et al. 2024). This longitudinal pattern is still visible in the cur-
rent geographical range of A. unedo, which is progressively less
represented from the western to the eastern Mediterranean,
supporting the role of the Atlantic Iberia as a long-term centre
of gravity in its distribution (De Santis et al. 2023). Instead of
representing an expansion process, this spatiotemporal pattern
reveals a time-progressive increase in the density of existing
local populations to a level detectable in the fossil record. (De
Santis et al. 2024).

2 | Materials and Methods

After the compilation of present and past occurrence data, a set
of environmental variables was selected to model the present
and past distribution. Using an ensemble modeling approach,
we first trained the model for the modern climate period (1970-
2000) and then hindcasted it for past climatic conditions. Then,
we trained models based on fossil occurrences for selected past
periods. We validated both types of projections with fossil oc-
currence data to obtain accuracy metrics for each past period.
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2.1 | Present and Past Occurrence Data

High-resolution present and past occurrence data for the
whole genus Arbutus L. in the Mediterranean-Atlantic domain
were obtained from recent publications (De Santis et al. 2023,
2024). Modern occurrences (n =1264) were retrieved from ex-
tensive literature searches, online database filtering and selec-
tion, and personal observation (see De Santis et al. 2023, for
a detailed description of the selection process for occurrence
data). To reduce distribution biases, we excluded from the
modern occurrence data stands known to have been histori-
cally introduced.

The fossil pollen and macrofossil database, compiled from a de-
tailed bibliographic survey supplemented by pollen databases,
includes 1312 chronologically controlled sites (radiometric dates
and tephra layers) at the continental scale, spanning the last
30ka. The entomogamous pollination of Arbutus (or insect pol-
lination) accounts for the low fidelity and dispersibility values
of its pollen (Attolini et al. 2023), which is seriously underrep-
resented even in communities where the abundance of trees
is high (Stevenson 1985; Diaz Fernandez 1994). However, this
feature makes this pollen type an excellent indicator for local
stands in the fossil record (Servera-Vives et al. 2022) Thus, we
included every sites where pollen grain were found, and to addi-
tionally increase the spatial resolution, we searched for as many
pollen and macrofossil records as possible in those countries
where the genus is nowadays occurring and in the neighbor-
ing countries (e.g., Great Britain; Egypt; Armenia). This might
have been helpful also to detect potential historical range ex-
pansion and/or contraction, and to increase spatial accuracy, by
including more confirmed absence data. Since fossil pollen and
macroremains cannot be identified at the species level, we car-
ried out distribution modeling at the genus level. Despite this
might generate confusion in the interpretation of the origin of
the modern distribution, the speciation of the Old World spe-
cies of Arbutus occurred long before the Quaternary (Hileman
et al. 2001), reducing the uncertainty only to those restricted
areas of co-occurrence of A. unedo and A. andrachne (Balkan
peninsula, Aegean Islands, Cyprus, Near East).

The fossil dataset was partitioned by applying data binning to
conform to the time intervals of bioclimatic and reconstructed
bioclimatic variables available in the Paleoclim Database (Wwww.
paleoclim.org). Even considering only the best-dated records,
the intervals cannot be precisely determined, as any such age-
depth model has large uncertainties at centennial scales. Also,
uncertainties increase with age and with chronological distance
from the radiometric dates. On the other hand, our goal was not
to establish an exact chronology for these time intervals, but
rather to identify spatiotemporal patterns that may emerge de-
spite the uncertainty in the chronology, especially at our wide
geographic and temporal scales. Also, incorporating multiple
time periods in niche models can capture more accurately the
full range of spatiotemporal change (Nogués-Bravo et al. 2016).
Additionaly, the data binning was consistent with the chronolog-
ical uncertainty of each period: to mitigate the influence of un-
certainties of ancient periods like the LGM, we applied a wider
selection, including every data falling in between 24 +0.05 and
20+ 0.05ka BP, while for specific events like the Younger Dryas
(YD; 12.9-11.7ka BP), we applied a more strict selection.

2.2 | Environmental Variables

Current climatic conditions based on 19 bioclimatic variables
were retrieved from the WorldClim database, version 2.1 climate
data for 1970-2000 at 5 arc-minutes resolution (~10 km) (https://
worldclim.org/data/worldclim21.html; Fick and Hijmans 2017).

Reconstructed paleoclimate conditions for the same 19 vari-
ables were provided by the Paleoclim database (http://www.
paleoclim.org/; Brown et al. 2018) at 5 arc-minutes resolution
(~10km), selected for available periods to which we associated
the following chronological intervals of our binned data: Last
Glacial Maximum (LGM; 24-20ka BP); Heinrich Stadial 1 (HS;
17-15ka BP), Bolling-Allerad (BA; 15-13ka BP), Younger Dryas
Stadial (YD; 13-12ka BP), Early-Holocene (EH; 12-8ka BP),
Mid-Holocene (MH; 8-4ka BP), Late-Holocene (LH; 4-Oka
BP). We selected five bioclimatic variables, assessing all combi-
nations of two variables for temperature and two for precipita-
tion, plus a seasonality index, following an exhaustive method
to maximize model performance and parsimony, as well as to
assess and prevent prediction issues related to non-analogous
climatic conditions (Cobos et al. 2019).

Spearman analysis was carried out to select a subset made up
of six environmental variables with moderate/low correla-
tion (Irl <0.70): Isothermality (BIO_03; Mean Diurnal Range
(Mean of monthly (max temp—min temp))/Temperature
Annual Range); Maximum temperature of the warmest month
(BIO_05); Minimum temperature of the coldest month (BIO_06);
Precipitation of the driest quarter (BIO_17); Precipitation of the
coldest quarter (BIO_19).

2.3 | Modeling Approach, Model Fitting,
and Evaluation

SDMs were developed in R (version 4.3.1; R Core Development
Team 2025) using the biomod2 package (version 4.2-5; Guéguen
et al. 2025) that applies a multi-technique ensemble forecasting
approach to produce species-environment relations and obtain
spatiotemporal predictions (Thuiller et al. 2009). Models were
fitted using nine modeling techniques available in biomod2:
Generalized Linear Models (GLM; McCullagh and Nelder 2019),
Generalized Boosted Models (GBM; Ridgeway 2013), Generalized
Additive Models (GAM; Hastie and Tibshirani 1990),
Classification Tree Analysis (CTA; Breiman et al. 1984),
Artificial Neural Networks (ANN; Basheer and Hajmeer 2000;
Wang 2003), Flexible Discriminant Analysis (FDA; Hastie
et al. 1994), Multivariate Adaptive Regression Splines (MARS;
Friedman 1991), Random Forests (RF; Breiman 2001), and
Maximum Entropy Models (MAXENT.Phillips; Phillips
et al. 2006).

We calibrated the models in two main ways. (1) A model trained
with present-day bioclimatic conditions and hindcasted for each
past period (HIND) with known presence-only data plus ran-
dom pseudo-absences generated by biomod2. (2) Models trained
on each past period with fossil occurrences, more precisely mod-
els trained for each past period using presence-only data (PO)
plus pseudo-absences, models trained for each past period using
presence-absence strict data (PA) without pseudo-absences,
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and models trained for each past period using presence com-
plemented with random pseudoabsences (PAps): Past presence-
absence data plus pseudo-absences.

Default hyperparameters were used (given that the biomod2
development team already optimizes these), and each time in-
terval was verified to have sufficient records for training the
models, following the guidelines provided by several studies
(Elith et al. 2006; van Proosdij et al. 2016; Sillero et al. 2021).
Holdout cross-validation was employed to evaluate the mod-
els, with 70% of the input records used for model fitting and
30% for model evaluation at each round. Twenty rounds were
performed for model evaluation (plus one additional ‘full cali-
bration’ round, which uses all input records). To assess model
performance, we calculated the True-Skill Statistic (TSS), and
the Sensitivity and Specificity values (Thuiller et al. 2009).
Given that NT=2100 models were fitted per species (with
NT = Number of techniques), the less performant models were
filtered out before the final ensemble forecasting. Hence, we
selected the 21 high-ranking models (the top 10% percentile).
Based on these high-ranking models, an average ensemble
was implemented, thus reducing inter-model uncertainty. To
assess the importance of each variable in model fitting, we
used the internal method in biomod2 that calculates Pearson's
correlation between reference predictions and predictions
for a ‘randomized’ version of each variable. To transform
the predicted probabilities into binary predictions of suit-
able/unsuitable areas, we used a threshold minimizing the
straight-line distance between the receiver operating curve
and the upper-left corner of the unit square (Freeman and
Moisen 2008). The higher the importance score, the greater
the influence of a variable on model predictions. A value of
zero assumes no influence on a given variable. Variable im-
portance scores were averaged across the top-performing
models. Five sets of pseudo-absences were randomly gener-
ated, each one with 10 times the number of presences to in-
crement the representativeness of the environmental space of
the study area (Barbet-Massin et al. 2012). A prevalence of 0.5
was assumed (default), thus weighting presence and absence
data points equally.

2.4 | Model Validation and Spatiotemporal
Coherence Evaluation

By calculating accuracy metrics using a 2x 2 confusion matrix
(predicted vs. observed), we were able to validate both HIND
and PO, PA, and PAps using the observed presence-absence data
per period.

Predicted presence-absence values were extracted from the TSS
binary projection of the ensemble model using the extract func-
tion of the ‘Raster’ R package.

We calculated Jaccard's index of similarity (function vegdist of
the “Raster” R package) for each pairwise combination of pro-
jections across all past periods (i.e., LGM, HS, BA, YD, EH, MH,
and LH) to further assess model performance and spatial over-
lap. This index allowed us to assess the spatial coherence, en-
abling us to compare the agreement between the four methods
used to train/calibrate models over time (HIND, PO, PA, and

PAps). All model projections were based on the binarized ver-
sion of the TSS performance index.

3 | Results

3.1 | Model Performance and Variable
Contribution

Performance metrics for the average ensemble models show very
high values (Table 1). Model projections show a general increase
in the predicted suitable areas during the postglacial, with
the most pronounced contractions from HS to YD (Figure 1).
Significant differences are visible between hindcasted projec-
tions (HIND) and trained-for-period projections (PO, PA, and
PAps) (Figures 1 and 2). The trained-for-period projections also
allow us to investigate temporal changes in the importance of
each predictor variable, unlike the HIND projections calibrated
for current conditions (Figure 3).

The predicted distribution of Arbutus for LGM, HS, BA, YD, EH,
MH, and LH past periods (Figures 1 and 2) as well as for present-
day conditions (Figure S1) is described as follows.

3.1.1 | Last Glacial Maximum (LGM: 24-20ka BP)

The HIND projection displays a much wider suitable area
compared to the other projections (Figure 1), being influ-
enced by low to moderate values of maximum temperature of
the warmest month and minimum temperature of the coldest
month (Figure 2). The PO projection shows the most restricted
area, shaped by high values for isothermality, minimum tem-
perature of the coldest month, and precipitation of the cold-
est month and moderate values for maximum temperature
of the warmest month and precipitation of the driest quarter
(Figure 3). The PA dataset largely overestimates the suitable
area on the western coast of Africa and Tripolitania, showing
no particular variable contribution. High values of precipita-
tion of the coldest quarter mark the PAps projection, similar
to PO.

3.1.2 | Heinrich-Stadial (HS: 17-15ka BP)

The HIND projection, which is influenced by the maximum
temperature of the warmest month, displays the smallest area in
comparison to other time periods. PO and PA projections, char-
acterized by high precipitation values of the coldest month and
precipitation of the coldest quarter, show a core suitable area in
the western Iberian Peninsula, with disjunct stands throughout
the Mediterranean Basin. The PAps projection shows a similar
geographic pattern, with a high contribution from the maxi-
mum temperature of the warmest month and the minimum
temperature of the coldest month (Figure 3).

3.1.3 | Belling-Allerod (BA:15-13ka BP)

HIND displays an expansion compared to the previous period,
especially in the Iberian Peninsula and in Atlantic France. In
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TABLE 1 | Performance metrics for the average ensemble model, including the True-Skill Statistic (TSS), the cutoff/threshold value used to
convert models from continuous to binary (presence-absence) predictions, the Sensitivity (i.e., true positive rate or recall) and Specificity (true

negative rate or selectivity) values based on those cutoffs.

Period Method True-skill statistic (TSS) Cutoff/Threshold Sensitivity Specificity
LGM PO 0.999 928 100 99.9
PA 0.701 416 95.0 75.03
PAps 0.827 249 98.1 84.4
HS PO 0.999 871 100 99.9
PA 0.971 510 100 97.1
PAps 0.995 631 100 99.5
BA PO 0.981 315 100 98.1
PA 0.964 652 100 96.4
PAps 0.979 296 100 97.9
YD PO 0.974 293 100 97.4
PA 0.933 608 100 93.3
PAps 0.919 235 100 91.8
EH PO 0.827 162 96.2 86.3
PA 0.971 510 100 97.1
PAps 0.934 290 100 93.3
MH PO 0.810 214 97.2 83.6
PA 0.904 222 97.2 84.5
PAps 0.964 652 100 96.4
LH PO 0.854 291 96.7 88.6
PA 0.701 416 95.0 75.0
PAps 0.827 249 98.1 84.4
CURR PO 0.893 384 97.5 91.7

Note: Past periods are: LGM—Last Glacial Maximum, HS—Heinrich-Stadial, BA—Belling-Allerod, YD—Younger Dryas, EH—Early Holocene, MH—Mid-Holocene,
LH—Late Holocene, CURR—current or present-day conditions. Values are described for each model calibration method: PO—presence-only (plus random pseudo-
absences), PA —presence/absence data (strict), and PAps—presence/absence data complemented with pseudo-absences.

contrast, PO, PA, and PAps show a contraction, with a suitable
area mostly limited to the north-western Iberian Peninsula and
isolated stands in North Africa. Isothermality appears to be the
most limiting factor for the trained-for-period projections.

3.1.4 | Younger Dryas (YD: 13-12ka BP)

HIND shows a slight contraction. The trained-for-period pro-
jections display a disjunct distribution along the coast of the
Mediterranean Basin. PA responds to high values of the max-
imum temperature of the warmest month and precipitation of
the coldest quarter.

3.1.5 | Early Holocene (EH:12-8ka BP)

HIND and PA are the most conservative, being especially influ-
enced by moderate values of the maximum temperature of the
warmest month and high values of precipitation in the coldest

quarter, respectively. PO and PAps overestimate the range with
respect to palaeobotanical data (red dots in Figure 1).

3.1.6 | Mid-Holocene (MH: 8-4ka BP)

HIND shows the minimum suitable area, slightly smaller than
PA. As in the previous time interval, PO and PAps overestimate
the geographic range of Arbutus.

3.1.7 | Late Holocene (LH: 4ka BP-0)

HIND and PA show the most conservative projections. PA and
PAps, marked by high values of the minimum temperature of
the coldest month, project suitable areas even in Great Britain,
where no fossil or extant occurrence is reported.

The contribution of some variables in PO, PA, and PAps projec-
tions shows a significant trend across past periods (Figure 3).
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LGM
24-20
ka BP

HS
17-15
ka BP

BA
15-13
ka BP

YD
13-12
ka BP

EH
12-8
ka BP

MH
8-4
ka BP

LH
4-0
ka BP

FIGURE1 | Model projections (based on TSS) of the four modeling approaches over time. Hindcasted projections in blue, trained-for-period pro-
jections in green shade. Red dots indicate the presence of Arbutus in the fossil record. White dots represent absence in the fossil record. Past peri-
ods: LGM—Last Glacial Maximum, HS—Heinrich-Stadial, BA—Belling-Allerod, YD—Younger Dryas, EH—Early Holocene, MH—Mid-Holocene,
LH—Late Holocene. Maps are shown for each model calibration method: PO—presence-only (plus random pseudo-absences), PA—presence/ab-
sence data (strict), PAps—presence/absence data complemented with pseudo-absences, and HIND—Projections based on hindcasted models trained
for present-day conditions.
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FIGURE2 | Barplot showing the predicted area (Mm2 or million square kilometers) for each modeling approach at each time period.

For example, isothermality and the precipitation of the coldest
quarter display high values in the Pleistocene periods and a de-
cline during the Holocene. Surprisingly, the minimum tempera-
ture of the coldest month appears to be overall more limiting in
MH and LH than in LGM.

3.2 | Past Projections Accuracy and Spatial
Coherence Evaluation

The model evaluation showed generally high accuracy values
(Table S1). The comparison of the balanced accuracy among
different methods highlights some temporal trends (Figure 4).
The HIND projections show lower values for the first two peri-
ods (LGM and HS) than for all other periods. On the contrary,
the trained-for-period projections (PO, PA, and PAps) show very
high values for the Pleistocene time-windows, progressively
decrease during the Holocene, and even maintain significance
values. The comparison between the mean values of trained-
for-period projections and the values of the HIND projections
displays a decreasing distance pattern over time (purple line in
Figure 4).

The analysis of Jaccard's Index of similarity also shows a tem-
poral pattern, with increasing mean values for each combina-
tion of different methods over time, highlighting substantially
higher spatial coherence values throughout the Holocene
(Figure 5).

Overall, model performances and coherence metrics support the
added value of including palaeobotanical data in SDMs for pre-
dicting past environmental suitability and reconstructing distri-
bution dynamics (Table 1 and Table S1; Figures 4 and 5). Our
results reveal increasing accuracy of HIND through time, cou-
pled with increasing spatial coherence of all modeling methods,
which results in a low distance between HIND and the trained-
for-period projections (PO, PA, and PAps) in the Holocene
(Figures 4 and 5). These results indicate that HIND projections

do not match the distribution of Pleistocene fossil occurrences,
while they adequately correspond to the Holocene palaeobotan-
ical record (purple line in Figure 5).

4 | Discussion

The trained-for-period projections support the hypothesis of
the western Iberian Peninsula as a long-term persistence area
of bioclimatic suitability for extensive stands of Arbutus since
the pleniglacial and suggest the presence of scattered survival
patches across the Mediterranean region, where winter was not
harsh (Figure 1). The high values of minimum temperatures of
the coldest month throughout the considered periods indicate
that this factor was always limiting for Arbutus, while decreas-
ing values for winter precipitation and isothermality point to
more rainfall and seasonal temperature changes during the
Holocene compared to the last glacial period (Figure 3).

LGM. The HIND projection enlarges the suitable range of
Arbutus to continental areas of the central Iberian Peninsula
and northern Africa. These results differ from a previous hind-
casted projection, using only the MAXENT model with different
data and training sets, which highlighted low to no suitability
for northwest Iberia, probably due to different scale, granularity,
modeling approach, and variable adopted (Almeida et al. 2022).
Our HIND projection even predicts a suitable area along the
paleo-coasts of Biscay Bay, which supports the hypothesis of
local persistence of woodland in submerged areas preserved
from low winter temperatures, in accordance with the archae-
ological evidence for circulation of materials and movements of
people in currently underwater sites (Billard et al. 2020). The
PO projection mirrors the distribution of the fossil record, sug-
gesting the Atlantic Iberian margin as the central area of occur-
rence, mainly due to the positive effect of winter temperature
and precipitation (Figure 3). This evidence is noteworthy, as
the lack of severe winters in the LGM is counterintuitive, but
even at present, this area is known for its humid conditions and
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absence of severe cold, allowing survival of Tertiary subtropical
elements, such as Laurus nobilis, Prunus lusitanica, and Morella
spp. (Svenning 2003; Rodriguez-Sanchez and Arroyo 2011; Vila-
Vigosa et al. 2020). The abundance of Arbutus in western Iberia

during the LGM is in agreement with several paleoclimatic re-
constructions based on different proxies, which report mean an-
nual precipitation >700mm and a warmer and moister climate
in the Atlantic Iberian margin during the LGM compared to
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Marine Isotope Stage 3 (ca. 57-29ka BP) (Roucoux et al. 2005;
Rodriguez-Sanchez et al. 2010; Salgueiro et al. 2014; Ludwig
et al. 2018). The PA projection stretches the suitable Atlantic
area to western and northern Africa, where fossil data are un-
available (Figure 1). This prediction is plausible, considering the
existence of two extant separate species (A. canariensis and A.
pavarii) in those regions. Compared to HIND, the trained-for-
period projections fail to capture the stands of the Mediterranean
Basin, which were so exiguous as to be undetected by fossil data
(De Santis et al. 2024).

HS. All projections predict a contraction of the suitable area
along the northern coasts of the Iberian Peninsula, where
sharp seasonality with cold and dry conditions was recon-
structed by different proxies (Genty et al. 2006; Naughton
et al. 2009, Naughton, Costas, et al. 2016; Naughton, Sanchez
Goii, et al. 2016; Ludwig et al. 2018). In southwestern Iberia,

the relative stability observed in Ericaceae pollen points to high
amounts of precipitation and moderate temperature oscillations
(Naughton et al. 2007, Naughton, Costas, et al. 2016; Naughton,
Sanchez Goiii, et al. 2016, Naughton, Sdnchez-Goii, et al. 2023;
Jalut et al. 2000). The abundance of Ericaceae pollen in the
Alboran Sea (core MD95-2043) supports relatively abundant
rainfall in the region (Fletcher and Sanchez Goiii 2008; Ludwig
et al. 2018), which is confirmed by HIND and not by trained-
for-period projections, influenced by the lack of fossil record
(Figure 1). In the eastern Mediterranean, all projections predict
suitable areas that may have benefitted from wet conditions in-
ferred from pollen records (Valsecchi et al. 2012), supporting the
local persistence of A. andrachne and A. pavarii as well as the
hybrid Arbutus Xandrachnoides during the postglacial.

BA. The trained-for-period projections predict an expansion
of suitable areas in northern Iberia, where the fossil record
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supports the existence of a refuge area for A. unedo. This evi-
dence matches the abrupt increase in sea surface temperature
reconstructed for the Atlantic Ocean during the Bolling-Allered
warming event, which led to a forest expansion in the Iberian
Peninsula and southern France (Hoek 2009; Fletcher et al. 2010).
However, the southern European pollen and speleothem records
show increasing moisture availability rather than increasing
temperature (Naughton, Costas, et al. 2016; Naughton, Sanchez
Goiii, et al. 2016; Naughton, Toucanne, et al. 2023).

YD. This period is known to have had relatively dry conditions
for south-western Iberia and reduced winter precipitation along
the northwestern seaboard compared to the previous inter-
vals and the present-day conditions (Naughton et al. 2009; Rea
et al. 2020). The climate oscillation of the YD has been clearly
caught in HIND, while the other projections only show a thin-
ning in northern Iberia and an expansion in southern Iberia,
suggesting local persistence of Arbutus (Figure 1). The predicted
area of PO along the coasts of Anatolia and the Near East might
have responded to the formation of intense low-pressure sys-
tems over the warm eastern Mediterranean (Rea et al. 2020), as
also suggested by the high contribution of the precipitation of
the coldest quarter (Figure 3).

EH. A general increase in winter moisture is detected across the
Mediterranean region (Rossignol-Strick 1999, Jalut et al. 2010;
Desprat et al. 2013). This factor accounts for the appearance of
Arbutus in the fossil record of the central Mediterranean and
the consequent increase in the suitable area predicted by the
trained-for-period projections. All projections agree in predict-
ing a suitable area for peripheral stands in north Africa when
they appear for the first time in the fossil record. Peripheral
stands are projected in Brittany, Ireland, and Crimea by both
PO and PAps, although Arbutus is still absent in the fossil re-
cord (Mitchell 1988; Cordova 2016). In contrast, HIND and PA
projections predict more conservative suitable areas for these re-
gions. Besides, they highlight low suitability in the inner areas
of the Iberian Peninsula, which is confirmed by the distribution
of fossil records (Figure 1) and supported by arid conditions
likely caused by orbital-induced summer insolation maximum
(Morellén et al. 2018). The central Iberian gap is further sup-
ported by the genetically based evidence of tree persistence in
coastal areas, followed by an increase in inland populations
(Rodriguez-Sanchez et al. 2010).

MH. The fossil appearance and related increased suitability in
the eastern Mediterranean seem not to have suffered the overall
trend from a wetter to a drier climate detected by stable isotope
data from lake and deep-sea sediment cores and from cave spe-
leothems (Roberts et al. 2011). PO and PAps agree in predict-
ing suitable areas for peripheral stands in Ireland and Crimea,
where they appear for the first time in the fossil record (Cordova
2007). HIND and PA show the most conservative predictions of
suitable areas but fail to detect Ireland and Crimea. HIND, PO,
and PAps predict suitable areas in the Amphi-Adriatic region,
where A. unedo and A. andrachne likely already occurred de-
spite the lack of fossil records (De Santis et al. 2024).

LH. General warm and dry conditions alternated with rapid cool
and wet changes across the Mediterranean, respectively con-
trolled by the position of the North Atlantic Oscillation during

winter and the Intertropical Convergence Zone during sum-
mer (Jalut et al. 2009; Goudeau et al. 2015; Di Rita et al. 2018;
Zielhofer et al. 2019). The four projections share high sensitivity
to winter and summer precipitation (Figure 3), as the typical
Mediterranean-Atlantic climate.

The incorporation of modern and past occurrence data for
Arbutus into SDMs, interpreted also in the light of other pa-
leoclimate and palaeoenvironmental proxies, offers new in-
sights for testing biogeographical hypotheses and refining our
understanding of the past distribution of this genus, especially
in time periods when traditional hindcasting does not perform
satisfactorily. The case of Arbutus demonstrates that comparing
multiple modeling approaches not only enables an evaluation of
the effectiveness of different modeling techniques but also en-
hances the interpretation of past species ranges (Table 2). When
fossil data are combined with SDMs, considerable complexity
may be added by the quality and uncertainties of palacoecologi-
cal data, which can vary in space and time, and have taxonomic
and chronological uncertainties, affecting model reliability and
performance, and constraining model development and train-
ing (Varela et al. 2011; Gavin et al. 2014; Meseguer et al. 2015).
However, our results showed that palaeoecological data boost
indispensable validation to the modeling process, confirming
that palaeoecological insights can be gained from SDMs (Blois
et al. 2024). Fossil records may provide a lack of pollen that can
be treated as valuable absence data, especially when concerns
grains readily identifiable that experience the same depositional
biases (Veloz et al. 2012). Our results show that past projections
benefit from the inclusion of absence and/or inferred pseudoab-
sence, as indispensable data to validate hindcasted models and/
or calibrate models for past environmental conditions. Besides,
models built with paleo-occurrence records allow for direct vali-
dation and comparison against other independent palaeoecolog-
ical data. This approach strengthens the credibility of models
and provides empirical support for inferred past species distri-
butions, as also demonstrated by other studies conducted at both
local and regional scales (de Lima et al. 2014; Alba-Sanchez et al.
2019; Ryberg et al. 2025).

By incorporating past recorded occurrences, our models can
capture the ecological niches of species that are more closely
conforming to past environmental conditions. This approach
would allow for detecting niche shifts over time, providing a
more accurate representation of past species-environment re-
lationships and investigating niche conservatism more closely
(Svenning et al. 2011; Gavin et al. 2014; Van der Meersch 2025).
Hindcasted predictions, built exclusively from present-day data,
necessarily fully assume niche conservatism (i.e., the ecologi-
cal preferences of species remain constant over time), so that
they cannot help identifying any environmental drivers and
constraints. Projecting current niches backwards assumes
some degree of similarity and overlap between past and present
conditions. While this approach simplifies modeling, our accu-
racy analysis and spatial coherence analysis (Figures 4 and 5)
show that this assumption may seriously overlook past niche
dynamics, potentially leading to inaccurate historical projec-
tions, especially when crossing longer time spans or concerning
debated periods such as the LGM (Svenning et al. 2008; Blois
et al. 2024). However, different methods and techniques may
suffer differently from non-analogous conditions when applying
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TABLE 2 | Outline of the key strengths and weaknesses of the two main approaches concerning the data type and resolution, model validation,

and niche interpretation.

Hindcasted projections

Trained-for-period projections

Data type and resolution Strengths: More straightforward
to implement due to readily
available occurrence data.
Abundant high-resolution
occurrence data at the species
level and detailed environmental
variables. Climatic datasets
for current conditions
based on interpolations of
actual measurements
Weaknesses: current occurrences
and climate data may limit
the depth of ecological
insights, especially regarding
historical ecosystems

Validation Weaknesses: Assumption
that present-day ecological
relationships held valid in

the past No actual validation.

No clue if the model is
undershooting species

distributions and to what extent

Interpretation Strengths: Assumption of niche
conservatism simplifies modeling
Weaknesses: Assumption
of niche conservatism may
overlook past niche dynamics,
potentially leading to less
accurate historical projections.
Past climatic conditions may

not have present-day analogue

Strengths: Integration of diverse proxy data enriches and
complements ecological inference and provides a closer view
of past environmental conditions and ecosystems. Information
on absence records, usually unavailable in modern databases
Weaknesses: Extensive and time-consuming effort to
collect, process, and interpret palaecoecological data.
Quality and uncertainties of palaeoecological data
vary in space, time and taxonomic resolution

Strengths: Direct validation and comparison
against independent palaeoecological records

Strengths: Species ecological niches close
to past environmental/climatic conditions.
Detection of niche shifts over time
Weaknesses: Past climatic conditions are only reconstructed
for specific events at broad-scale resolution

the same ecological inference to different climatic contexts
(Nogués-Bravo 2009).

5 | Conclusions

Through the analysis of Arbutus, an important genus distrib-
uted across the western Paleartic realm, this study demonstrates
that incorporating palaeobotanical records into SDMs signifi-
cantly improves the accuracy and spatial coherence of hind-
casted projections. By comparing traditional hindcast models
with projections calibrated using fossil occurrence data, we re-
vealed systematic differences in predicted suitability patterns,
especially in glacial periods, when modern analogues are scarce
or misleading.

The hindcasting method is more straightforward than ap-
proaches relying on paleo-datasets, due to readily available spe-
cies occurrence data (e.g., online species occurrences databases,
museum records, and literature surveys), which allows for rapid
assessments and broad-scale studies, after a proper data clean-
ing and filtration (Feeley and Silman 2010; Zizka et al. 2019).
Present-day occurrence data is available at the species level, and

if collected with Global Navigation Satellite System devices, it
holds high geographical precision. Also, climatic datasets for
current conditions are based on interpolations of actual mea-
surements. However, past climatic parameters used to project
past suitability are not based on direct measurements but rely
on reconstructions (often based on pollen data) that introduce a
large source of uncertainties.

Comparing hindcasted projections with fossil-calibrated mod-
els not only increases confidence in spatiotemporal projections
but also highlights major drawbacks. For example, HIND shows
minimal variations in the suitable range of Arbutus over the
last 24,000years, which is not plausible given the considerable
climatic and environmental changes that occurred in Europe
over this time period, while trained-for-period projections show
significant variations in the extent and distribution of the suit-
able area. Spatial overlap analysis reveals where the models
agree or disagree geographically, highlighting specific regions
of concordance or divergence. By performing multiple forms of
model trained with paleo-occurrence data (by generating sets of
pseudo-absences), we can also strengthen comparisons. While
cross-validation provides statistical measures of model perfor-
mance, spatial overlap statistics between modeling approaches/
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frameworks add a geographic dimension, thus strengthening
the assessment of past model projections.

Spatial discrepancies between modeling approaches can reveal
systematic biases in models that may not be evident through
cross-validation alone (e.g., metrics such as AUC and TSS cannot
understand or evaluate these biases or effects). Discrepancies in
certain areas can prompt investigations into local environmen-
tal factors, historical events, or ecological processes influencing
species distributions that were not evident in other ways. For ex-
ample, HIND fails to detect suitable areas for Arbutus in Ireland
and Crimea during the Mid-Holocene. These discrepancies
may prompt the need for collecting further fossil data, or they
may stimulate biogeographic hypotheses leading to the identi-
fication of new potential refugia, such as in peripheral stands
that are especially vulnerable to range fluctuations. In our case,
HIND does not adequately indicate western Iberia as a core ref-
uge area for Arbutus during the glacial period and as a hotspot
through time, which is instead evidenced by the other projec-
tions. Regions acting as persistent centers of gravity are funda-
mental for maintaining evolutionary lineages and are hotspots
of genetic diversity that can be further tested. Identifying and
recognizing the importance of these stable habitats can inform
conservation efforts by identifying regions crucial for future
species’ long-term survival.

Based on our results, we encourage integrating a variety of data
types, such as pollen, macrofossils, and sedDNA, in a multi-
training framework, including presence, confirmed absences,
and pseudo-absences. This method enriches and complements
ecological inferences by providing a clearer view of past envi-
ronmental conditions and ecosystems.

To interpret and validate the models, we recommend using di-
versified lines of evidence/proxy data, including archaeological
finds, molecular analyses, chorological data, and paleoclimatic
reconstructions based on sea surface temperature, solar radia-
tion, atmospheric and oceanic circulation, speleothemes, stable
isotope analyses, paleontological data, and other proxies. Such
an approach is expected to significantly enhance the interpre-
tation of modeled projections while fostering much-needed
interdisciplinary collaboration among model ecologists, bio-
geographers, palaeoecologists, archaeologists, geneticists, and
Quaternary scientists.
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