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Setting appropriate conservation measures to halt the loss of biodiversity
requires a good understanding of species’ habitat requirements and poten-
tial distribution. Recent (past few decades) ecological data are typically
used to estimate and understand species’ ecological niches. However,
historical local extinctions may have truncated species–environment
relationships, resulting in a biased perception of species’ habitat preferences.
This may result in incorrect assessments of the area potentially available for
their conservation. Incorporating long-term (centuries-old) occurrence
records with recent records may provide better information on species–
environment relationships and improve the modelling and understanding
of habitat suitability. We test whether neglecting long-term occurrence
records leads to an underestimation of species’ historical niche and potential
distribution and identify which species are more vulnerable to this effect. We
compare outputs of species distribution models and niche hypervolumes
built using recent records only with those built using both recent and
long-term (post-1500) records, for a set of 34 large mammal species in
South Africa. We find that, while using recent records only is adequate for
some species, adding historical records in the analyses impacts estimates
of the niche and habitat suitability for 12 species (34%) in our dataset, and
that this effect is significantly higher for carnivores. These results show
that neglecting long-term biodiversity records in spatial analyses risks mis-
understanding, and generally underestimating, species’ niches, which
in turn may lead to ill-informed management decisions, with significant
implications for the effectiveness of conservation efforts.

This article is part of a discussion meeting issue ‘The past is a foreign
country: how much can the fossil record actually inform conservation?’
1. Introduction
To avert the ongoing human-induced biodiversity decline, scientists have
recently called for conservation efforts to be intensified, including through
increased habitat protection and restoration [1]. Data on species’ distribution
patterns and species assemblages are key to identify candidate areas for conser-
vation [2]. However, distribution patterns have been drastically modified by
humans, notably through global extinctions and regional to local extirpations
[3,4], and thus contemporary patterns do not necessarily reflect species’ natural
distribution and habitat preferences. Analyses of species distributions that tend
to ignore these modifications will likely result in a biased understanding of
species’ biogeography and ecological requirements and generate misleading
perceptions of the options available for conservation [5,6]. This phenomenon
of spatially shifted baselines poses clear challenges for conservation and
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management. By providing information on species’ historical
rather than current-day relictual distributions, long-term
biodiversity data have the potential to improve our under-
standing of the biogeography of species and participate in
setting appropriate spatial and ecological baselines for
environmental conservation and restoration [7].

Mammals are one of the most studied taxa, and their cur-
rent distribution patterns are well known [8]. Historical and
prehistoric human-driven global and local extinctions have,
however, caused a strong deviation between current and
pre-anthropogenic impact diversity patterns, in particular,
for large terrestrial mammals (greater than 10 kg) [4]. In
South Africa, while relatively few megafaunal extinctions
occurred at the end of the Pleistocene compared to other con-
tinents [9], habitat loss, competition with livestock and direct
exploitation, in particular following European colonization,
have resulted in the global extinction of one mammal species
in the recent past (the blue antelope Hippotragus leucophaeus,
around AD 1800) [10], and the collapse of large mammal
diversity in large parts of the country [11,12]. To halt this
decline and restore populations, conservation efforts have
focused on establishing protected areas and actively mana-
ging large mammal populations through reinforcement to
increase population viability and reintroductions to re-
establish populations within species’ historical ranges [13].
Defining species’ historical distributions and suitable habitat
is thus a critical aspect for conservation planning in South
Africa [14], as it is for most restoration attempts elsewhere
[15]. Setting appropriate baselines is even more critical for
species that are a high priority for conservation, such as
those identified as threatened by the IUCN Red List (25%
of mammal species) [16] and those with an important eco-
logical role that can be the focus of restoration efforts.
Species at higher trophic levels, and large carnivores in par-
ticular, are functionally important to ecosystems and have
undergone considerable historical range contractions [17],
making them a major focus of conservation and trophic
rewilding efforts [18]. It is thus critical to understand the
extent to which historical data are needed to inform wildlife
conservation and management, for threatened species and
large carnivores in particular.

Habitat suitability models (HSMs) [19,20] and
n-dimensional hypervolumes [21] are two widely used tools
that relate species’ occurrences to environmental variables
in order to, respectively, map species’ potential distributions
in geographical space and characterize species’ niches in
environmental space. They have notably been used in conser-
vation and management contexts to improve our knowledge
of species ranges, support management plans for species’
recovery, prioritize areas for biodiversity protection and pre-
dict changes in suitable habitat in response to human impacts
[22–24]. HSMs and hypervolume approaches rely on the
assumption that the observed geographical distribution of a
species reflects its ecological requirements, making them
highly contingent on the quality of occurrence records
[20,24]. Range contractions that have affected the array of
conditions that the species occupy risk truncating species–
habitat relationships [25], thus hindering our ability to esti-
mate species niches and predict the distribution of suitable
habitat [6]. Failing to consider past local extinction events
may thus misguide conservation efforts by overlooking
potentially suitable sites for reintroduction or restrict protec-
tion to suboptimal habitats [5]. Despite providing useful
information on the historical distribution of species, historical
written records and museum specimens have long been over-
looked in habitat suitability modelling approaches, being
perceived as untrustworthy for their intrinsic biases and
limitations [26] (but see [27–29]). The development of
methods to address sampling biases in HSMs [30–33], how-
ever, provides an avenue for more confident incorporation
of these records in spatial modelling analyses, and hence in
conservation interventions.

Here we investigate how long-term biodiversity records
can contribute to setting appropriate baselines for species’
distributions. We test the hypothesis that neglecting historical
data in niche quantification and HSM approaches leads to
biased perceptions of species’ historical niches and suitable
habitat distribution, and the patterns of potential species rich-
ness at the regional level. We focus on large terrestrial
mammals in South Africa, for which we have access to a
unique dataset of long-term occurrence records spanning
the last five centuries, as well as recent (post-1950) occurrence
records, for a community of 34 mammal species.
2. Material and methods
(a) Overview of the approach
We considered two datasets of occurrence: recent records (post-
1950, RECENT) and recent + long-term records (post-1500,
TOTAL) to quantify the effect of neglecting long-term occurrence
data. We compared results obtained from these two datasets in
three different approaches, two that are species based: estimation
of the climatic niche in environmental space using n-dimensional
hypervolumes [24] and prediction of suitable habitat in geo-
graphical space using HSMs; and one at the community level,
namely prediction of the distribution of potential species richness
using stacked HSMs. For the species-level approaches, we used
two indices that summarize the cost of neglecting long-term bio-
diversity data and tested how the combination of these indices
relates to species’ conservation status and diet. For the commu-
nity-level approach, we investigated spatial differences in
predicted potential species richness, notably by comparing pre-
dictions between different South African bioregions. A 500-year
time period being relatively short over an evolutionary timescale,
we assume niche conservatism over the period considered [34].
Because we aim to test how using recent records only might
lead to a shifting baseline in our understanding of species
niche and potential habitat suitability, we did not perform this
set of analyses on a ‘PAST’ (pre-1950) dataset, as we believe it
to be less relevant for the objective of the study. Indeed, it is
uncommon to model habitat suitability with long-term records
only when recent data are available (notably due to the reduced
availability and increased gaps and errors in long-term datasets).

(b) Species data
The general study area, hereafter referred to as South Africa,
covers the countries of South Africa, Lesotho and eSwatini
(former Swaziland), covering a total area of ca 1 270 000 km²
for these three nations. We considered all extant South African
large (greater than 20 kg) terrestrial mammals, except for species
with fewer than 25 long-term observations in the dataset. In total,
we analysed 15 315 recent (post-spatial thinning, range 55–1274)
and 5446 long-term (range 25–501) records for the 34 species
of large terrestrial mammals: 23 from the order Artiodactyla,
6 Carnivora, 4 Perissodactyla and 1 Proboscidea. In this analysis,
Burchell’s zebra and quagga are considered to be the same
species (Equus quagga).
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(i) Theoretically accessible areas
Barve et al. [35] outline the concept of the theoretically accessible
area (the area that is climatically suitable and has been accessible
to the species via dispersal over relevant periods of time) and
show that restricting a model’s training and validation areas to
this theoretically accessible area greatly improves HSM perform-
ance and provides more accurate predictions of species richness
and community composition [35,36]. As an approach to estimat-
ing the theoretically accessible area for each species, we identified
the bioregions in which the species are known to have occurred
historically, based on information on their ecology and interpret-
ation of historical occurrences, and built a polygon using the
boundaries of these bioregions. We defined the accessible area
for each species as a buffer of 20 km around this polygon, to
include ecotone regions where the species could disperse. This
option is suggested by Barve et al. [35] to be the most operational
compared to more intricate alternatives. We acquired spatial
information on bioregions from the 2012 Vegetation Map of
South Africa, Lesotho and Swaziland [37].
 Soc.B
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(ii) Modern and historical occurrence records
The long-term occurrence dataset used in this study covers the
period 1500–1950 and includes records extracted from the histori-
cal literature, museum specimens and subfossil records. For
historical records and museum specimens, we used the database
presented in Boshoff et al. [11], completed with records from the
KwaZulu-Natal, eSwatini and the rest of South Africa, and using
the same approach and criteria defined in Boshoff et al. [11], so
that the dataset covers all of South Africa. The reliability of
these records in terms of identification and locality is discussed
in Boshoff & Kerley [38] and their spatial, environmental and
taxonomic biases in Monsarrat et al. [30] and Monsarrat &
Kerley [39].

Subfossil records were obtained from Avery [40], the most
comprehensive compilation of available taxonomical and distri-
butional information on terrestrial mammalian species recorded
from palaeontological and archaeological sites in mainland
South Africa. We focused on records from the Holocene period
(approx. 11 700 BP–present), for the set of mammal species pre-
sent in the historical dataset. We recovered radiocarbon dates
from primary sources and kept only those records with an
upper date range after AD 1500, to match the period covered
by the historical dataset. Only taxa identified to species in the
archaeological samples were included. In total, the dataset
used in the analyses represents 801 subfossil records from 67
archaeological sites throughout the study area. Additional infor-
mation on the fossil record, type of sites and dating methods can
be found in Avery [40] and references therein. We hereafter refer
to this material as fossils.

The modern (post-1950) occurrence records dataset was con-
solidated as part of the national mammal Red List project
conducted by the South African National Biodiversity Institute
and the Endangered Wildlife Trust, for which over 460 000
geo-referenced unique occurrence records for South African
mammals were centralized (see [41] for a list of data providers).
As part of this process, data were vetted and underwent several
rounds of data cleaning to check accuracy. These data are
spatially biased, with the highest densities of records typically
found in protected areas [41], artificially increasing spatial
auto-correlation of occurrences. This in turn may affect the per-
formance of HSMs built with these data [42]. To reduce the
effect of sampling bias and spatial clustering on model perform-
ance, we subsampled the modern occurrence dataset using
spatial thinning of the data (no occurrence records closer than
0.1°), as recommended by Boria et al. [43].

We considered all occurrence records located outside of a
species’ theoretically accessible area to be extralimital and we
excluded them from the analyses. Modern extralimital records
often correspond to introductions of individuals or populations
outside of their historical range, often in suboptimal habitat,
and are not informative of the habitat preferences of the species
[44]. We, however, acknowledge that, by using bioregions as the
filter for modern records, we may include some records that are
outside the historical range, this being due to the relatively
unique situation in South Africa of game translocations for
commercial purposes [44].

(c) Environmental data
We considered six bioclimatic variables derived from BioClim
[45]: mean annual temperature (BIO1) and annual precipitation
(BIO12), describing the average climatic conditions; temperature
seasonality (BIO4) and precipitation seasonality (BIO15), describ-
ing climatic seasonality; and maximum temperature of the
warmer month (BIO5) and precipitation of the warmest quarter
(BIO18), describing extreme climatic conditions. We also con-
sidered topography (TOPO), using altitude data from the
ASTER Global Digital Elevation Model (ASTGTM) on https://
lpdaac.usgs.gov [46]. These variables were chosen because they
were biologically meaningful to predict large mammal species
richness in South Africa [47] and because they potentially
represent environmental characteristics that limit species’ distri-
butions. All environmental variables were estimated at a 0.1° ×
0.1° resolution, using the raster package [48] in R 3.5.1 [49].

(d) Hypervolume analysis
The n-dimensional hypervolume was originally proposed by
Hutchinson [50] to describe the fundamental niche of a species,
i.e. the environmental space where the species can exist indefi-
nitely. In the modern understanding of the hypervolume
function, a set of n variables that represent biologically important
and independent axes are identified and the hypervolume is
defined by a set of points within this n-dimensional space that
reflects suitable values of the variables for the species’ persist-
ence [24]. Here, we consider five environmental axes: BIO1,
BIO4, BIO12, BIO15 and TOPO, rescaled to a common and com-
parable scale before analysis. We used the Gaussian kernel
density estimation with the Silverman bandwidth estimator
method in the hypervolume package [21] in R 3.5.1 [49]. The band-
width was estimated from the RECENT dataset with the
Silverman estimator and the same value was used for the
TOTAL dataset, to allow direct comparison.

The volume of the hypervolume is approximately linearly
proportional to the number of observations in the dataset [21].
To ensure results are insensitive to sample size, we randomly
subsampled the TOTAL dataset to have the same number of
records as the RECENT dataset. We repeated the process 10
times and used averaged hypervolume measures of these 10
repetitions in the statistical analyses.

(e) Habitat suitability modelling
(i) Background data
Because the species occurrence records are highly biased
spatially [30,41], we addressed the potential effect of sampling
bias in the models. To do so, we produced background data
with similar geographical bias as the RECENT and TOTAL
occurrence datasets, following Phillips et al. [31]. We first created
a sampling effort raster using a two-dimensional kernel density
estimation applied on the occurrence dataset. Background data
were then created by sampling without replacement within this
raster grid, where the probability of a cell being sampled was
proportional to the sampling density values (weighted target
group approach, following Sanín & Anderson [51]). We selected
the same number of background points as the number of

https://lpdaac.usgs.gov
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Table 1. Description of the two indices used in principal component analysis to quantify the effect of neglecting historical records on the estimation of climatic
niche and suitable habitat.

index name estimated from formula description

Ndis dissimilarity of climatic

niche

five-dimensional

hypervolume

1− Jaccard

similarity

index

the Jaccard similarity index measures the overlap between

niche hypervolumes [21]

Ndis is comprised between 0 and 1, with higher values

meaning higher dissimilarity

PREDdis dissimilarity of

predicted suitable

environments

HSM 1− ESP the expected fraction of shared presences (ESP) is a

derivation from the Sørensen index of similarity of

species’ distributions that measure the overlap in

predicted habitat suitability [58,59]

PREDdis is comprised between 0 and 1, with higher values

meaning higher dissimilarity
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occurrence records, so as to achieve a prevalence of 50%, as
advised by Liu et al. [52].

(ii) Ensemble modelling
We created ensemble HSM [53] for each species by assembling
five statistical methods (GAM, MAXENT, MARS, RF and GBM)
to account for inter-model variability, using the ssdm package
[54]. We ran 10 repetitions for each of the algorithms and pro-
duced an average of the models’ outputs, weighting each
model according to its predictive ability. We measured predictive
ability with a cross-validation approach, by using a random 70%
of the data for calibration of the models (keeping the prevalence
constant) and testing their predictive ability on the remainder of
the dataset using the True Skill Statistic (TSS) [55]. We repeated
this approach 10 times for each model and used an average of
the predictive accuracy measure. In total, for each species and
each dataset, we ran 500 models using five different statistical
models, 10 repetitions of each algorithm and 10 repetitions of
the random-splitting strategy. The outputs of these models are
maps of predicted habitat suitability over the study area that pro-
vides hypotheses for the potential distribution of species for both
datasets. We identified areas where the predicted habitat suit-
ability differs between the RECENT and TOTAL datasets by
subtracting the predicted values obtained from the RECENT
model from those obtained with the TOTAL model in each cell
within the study area. Areas with positive (negative) values are
where we underestimate (overestimate) habitat suitability when
considering only recent records.

( f ) Species richness
Stacked species distribution models (SSDMs) combine multiple
individual HSMs to produce a community-level model and pre-
dictive maps of potential species richness [56]. We used the ssdm
package [54] to compute maps of local species richness by sum-
ming the probabilities from continuous habitat suitability maps
provided by the ensemble HSMs, a method that performs
better than stacking methods based on thresholding site-level
occurrence probabilities [57]. To highlight areas where the poten-
tial species diversity is under- or overestimated because of
neglecting long-term occurrence records in the models, we sub-
tracted the map of species richness produced with the
RECENT dataset from the one produced with the TOTAL data-
set. We also compared the mean difference in predicted species
richness for each bioregion of South Africa, both in absolute
(i.e. the difference in species richness predicted with the
TOTAL versus the RECENT dataset) and relative numbers (i.e.
the percentage change relative to the species richness predicted
with the RECENT dataset for each bioregion).

(g) Statistical analyses
For each species, we considered two indices to summarize the
effects of neglecting long-term records on the estimation of
climatic niche and habitat suitability: (1) the niche dissimilarity
in environmental space (Ndis) [21] and (2) the dissimilarity in pre-
dicted habitat suitability in geographical space (PREDdis) [58]
(see table 1 for a definition of these indices). For each index,
higher values indicate a higher disparity between the results
obtained with the RECENT and the TOTAL dataset.

We rescaled all indices by subtracting the mean and dividing
by the standard deviation so that they are comparable and con-
ducted a Principal Component Analysis (PCA) to convert these
indices into a one-dimension variable (the first principal com-
ponent PC1), quantifying the effect of neglecting historical
records. We ran a two-way ANOVA with Type II errors to test
for differences in PC1 between conservation status (threatened
versus non-threatened) and broad diet guilds (herbivores
versus carnivores). Conservation status was defined from the
IUCN Red List categories [16], where species listed as Vulner-
able, Endangered or Critically Endangered were considered
‘threatened’, and ‘non-threatened’ otherwise. We used a linear
model to test how the change in mean predicted habitat suit-
ability (ΔPRED, calculated as the proportional difference in
mean predicted habitat suitability over the study area when it
is estimated from the TOTAL dataset, compared to the
RECENT dataset) varies with PC1 values. We also estimated
the difference in the ability of HSMs to predict all the known
occurrences for the species (ΔB) by measuring the proportional
increase (or decrease) in the continuous Boyce index, a
threshold-independent evaluator of the ability of HSMs to pre-
dict species presences [54], when it is estimated from the
TOTAL dataset compared to the RECENT dataset.
3. Results
The ensemble modelling approach yielded a very good agree-
ment between the different modelling methods, as indicated
by low standard deviation around the predicted habitat suit-
ability values (electronic supplementary material, S3). For 19
out of 34 species, the inclusion of historical records improved
the ability of the model to predict all known occurrences of
the species (ΔB > 0). The highest improvement in predictive
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ability was for the roan Hippotragus equinus, blesbok Damalis-
cus pygargus phillipsi and African wild dog Lycaon pictus
(ΔB equal to 24%, 20% and 11%, respectively). By contrast,
12 species showed a decrease in predictive ability when his-
torical data are included in the model, with the bushpig
Potamochoerus larvatus and bontebok Damaliscus pygargus
pygargus showing the strongest decrease (ΔB equal to −8%
and −5%, respectively). The dissimilarity in climatic niche
Ndis calculated from the five-dimensional hypervolume
ranged from 0.11 to 0.70 (mean = 0.29 ± 0.17 s.d.), with
Ndis > 0.60 for the African elephant Loxodonta africana, lion
Panthera leo and African wild dog Lycaon pictus. The dissimi-
larity in predicted habitat suitability PREDdis ranged from
0.41 to 0.71 (mean = 0.57 ± 0.07 s.d.), with PREDdis > 0.70 for
the African wild dog, lion and spotted hyaena Crocuta crocuta
(electronic supplementary material, table S1).

Overall, by combining Ndis and PREDdis in a PCA, 12
species (34% of our dataset) come out as impacted by neglect-
ing historical records (PC1 < 0, with PC1 explaining 80% of the
variance), with five species identified as the topmost impacted:
the lion, African wild dog, spotted hyaena, African elephant
and hippopotamus Hippopotamus amphibius (figure 1a). Of
these five species, four are listed as threatened on the IUCN
Red List. Three are carnivores and the other two are megaher-
bivores (body mass greater than 1000 kg). PC1 values were
significantly lower for carnivores compared to herbivores
(two-way ANOVA Type II, F1,34 = 7.30, m.s.e. = 8.96, p =
0.011) and marginally lower for threatened compared to
non-threatened species (two-way ANOVA Type II, F F1,34 =
1.23, m.s.e. = 1.50, p = 0.28).

We found a significant inverse linear relationship between
PC1 and the change in mean predicted habitat suitability over
the study area ΔPRED ( p < 0.001, R2 = 0.68; figure 1b), i.e.
species that are most affected by neglecting historical data
have higher mean predicted habitat suitability over their
study area when historical records are included in HSMs.
The lion, African wild dog, African elephant, spotted
hyaena and hippopotamus show the largest increase in
mean predicted habitat suitability when historical records
are included (ΔPRED equal to 81%, 53%, 41%, 34% and
33%, respectively).

This results in differences in predicted potential species
richness at the community level (figure 2a) and in the geo-
graphical distribution of predicted habitat suitability at the
species level (see maps in figure 2b for the five most impacted
species and electronic supplementary material, S3 for maps
of all 34 species). Differences in predicted potential species
richness are higher for the Albany Thicket, Fynbos and
Savanna Lowveld biomes (figure 3). The figure of the relative
difference in species richness shows that these shifts are
particularly important for the Fynbos and Namaqualand
Sandveld biomes, which currently have a low richness of
large mammal species (electronic supplementary material,
figure S1). The Nama-Karoo has on average very similar
predicted species richness with the RECENT or TOTAL
dataset, whereas the potential species richness tends to be
overestimated in arid savannah.

4. Discussion
We show that neglecting long-term records can bias estimates
of species climatic niche and suitable habitat and underesti-
mate potential regional species richness. The implications
are more severe for carnivore species, and marginally more
so for threatened species, for which appropriate conservation
actions and management decisions are the most critical.
These results have implications for conservation planning
and distribution modelling in general, given that globally
most mapping of species’ distributions and habitat use
exclude long-term occurrence records, and for the
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conservation and management of South African mammalian
fauna. These findings highlight the importance of consider-
ing long-term data in modern ecological analyses and may
also provide explanatory insights into the limits of conserva-
tion approaches when they fail to consider appropriate
species distribution baselines. We expand on these points
below.
(a) Species implications
For several species, we observe only a limited effect of includ-
ing historical records in the analyses. This indicates that
modern occurrence records provide a reasonably good cover-
age of the climatic conditions found in their historical
distribution. This possibly reflects that they have been less
impacted by past range contractions, that range contraction
did not affect the range of environmental conditions occupied
by the species or that they have successfully recovered
throughout their historical range, whether by natural recolo-
nization or through active reintroductions. This result
generally highlights the success of conservation efforts in
South Africa, where many species have been successfully
reintroduced throughout their historical range [61]. The
most striking example is probably that of the white rhinoceros
Ceratotherium simum. On the brink of extinction by the end of
the nineteenth century, surviving in just a small population of
approximately 20–50 animals in the area now known as
Hluhluwe-iMfolozi in KwaZulu-Natal, the species has recov-
ered throughout its historical range in South Africa and is
now the most numerous of the rhino taxa, thanks to ambitious
conservation and translocation efforts [62]. Other examples
of striking recovery from near-extinction thanks to early
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twentieth-century conservation programmes are the bonte-
bok, the black wildebeest Connochaetes gnou and the Cape
mountain zebra Equus zebra zebra, all endemic mammals
from South Africa [61]. We can only assume that the picture
would be much grimmer for the South African large
mammal fauna if not for these conservation success stories.

For other species that did not have such successful recov-
ery, considering historical data hugely affects estimates of
their climatic niche and potential distribution. For these, the
geographical distribution of predicted habitat suitability is
wider than expected from recent data only and this effect is
higher for species of high conservation value. Three of the
five most impacted species are carnivores (lion, African
wild dog and spotted hyaena) and the two others are mega-
herbivores (elephant and hippopotamus). These species are
highly charismatic [63], very sensitive to humans [64] and
play important roles in ecosystems [65], thus acting as focal
species for management efforts and trophic rewilding initiat-
ives [66]. They are all listed as threatened by the IUCN Red
List, except the spotted hyaena. This latter species is an inter-
esting example of a shifting baseline where a species that is
considered common has actually undergone a marked
change in distribution over time, which is not captured by
the IUCN Red List criteria [67]. This species has, however,
recently been uplisted to Near Threatened on the Red List
of Mammals of South Africa, Swaziland and Lesotho [68],
pertaining to recent population declines in some protected
areas. For these species of high conservation importance, ana-
lyses based on recent data only will lead to truncated
estimates of bioclimatic relationships and underestimations
of the extent of suitable areas for their protection. Important
suitable areas might be overlooked when selecting appropri-
ate sites for reintroductions and trophic rewilding, and
protection efforts might focus on marginal habitat [5,6].
Forecasts of climate change impacts on biodiversity are also
unlikely to be reliable without acknowledging past anthropo-
genic range contraction [69]. The implications of such
missed opportunities on management outcomes and the
conservation status of species need to be better understood.
(b) Community implications
At the community level, neglecting historical records under-
estimates potential regional species richness, with some areas
being more impacted than others. In South Africa, the south-
western and western parts of the coastline, as well as the
central Free State and Eastern Cape provinces, have higher
potential richness than expected from recent records only.
These areas were highly impacted historically, with the
establishment of the Cape Colony by the Dutch in the mid-
seventeenth century and the subsequent colonization of the
interior, leading to increased pressures from land-use
change and direct hunting [12,70]. In most bioregions,
overlooking historical records underestimates the potential
species richness, with particularly strong effects in the
Fynbos and Albany thicket biomes. These shifted distribution
baselines clearly have implications for our understanding
of broader biogeographic patterns and processes. As an
example, the underestimation of large mammal species rich-
ness in the Fynbos biome illustrated here demonstrates that
the role of mammals in this biome, traditionally considered
to support a low diversity of large mammals [14,71], needs
to be reassessed. In addition to having suffered major biodi-
versity declines in the past [14,72], these areas are also where
conservation efforts are thus most likely to be misguided
(but see [14] for conservation planning in the Fynbos),
which carries major implications for wildlife management
and conservation in South Africa.
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(c) Setting baselines
Shifting baselines [73] emphasize the need for setting appro-
priate references when exploring ecological patterns and how
these may change, especially for detecting long-term pro-
cesses. We have demonstrated here the occurrence of
shifted baselines for the distribution of South African mam-
mals, against which one can assess recent and future shifts
in the geographical patterns of this fauna. Such phenomena
can be expected elsewhere, and there is thus a need to
study this on a global scale. The appropriate baseline
should be adapted to each individual study, based on the
objectives of the study, the system considered and a knowl-
edge of the timeframe of past human activities that may
have impacted the distribution of the focal species.

This study uses a 1500 cut-off date, which is often held up
as a relevant baseline from which to define restoration objec-
tives and quantify success [14,74]. This period is the
approximate start of European expansion and pre-dates
industrialization and massive human population growth. In
South Africa, this baseline corresponds to pre-European settle-
ment conditions, with the Cape colony only officially
established by the Dutch East India Company in 1652. In
the following centuries, the establishment of European settle-
ments in the interior of the country and the concomitant
introduction of horses and firearms will have induced a col-
lapse of populations of large mammals from overhunting
and loss of habitat, with the most documented episode occur-
ring in the Highveld in the nineteenth century [12]. This
baseline is thus relevant to identify the human-related
impact on extant large mammal species in the recent past. It
does not, however, consider earlier human impacts, which
may have occurred before European colonization. Direct
exploitation starting in the Middle Stone Age and the intro-
duction of livestock in the Iron Age (approx. AD 200–
1820s), likely associated with altered fire regimes, may have
influenced the distribution of wildlife during prehistory (e.g.
[75,76]). The extinction of the blue antelope around AD 1800
is an interesting case where direct competition with livestock
herded by Khoen-khoen pastoralists in the Later Stone Age
probably caused a drop in the population about 2000 years
ago [77], before hunting by European colonists provided the
coup de grace that brought the species to extinction [10].
While quantifying these ancient impacts is beyond the scope
of this study, we encourage the use of palaeoecological
approaches to bring additional insights into prehistorical
baselines for the large mammal fauna and ecosystems of
Southern Africa.

(d) Limitations
The time lag between the historical occurrence records (1500–
1950) and the bioclimatic variables (1970–2000) used in the
models could affect the habitat suitability model estimations
if the connection between the occurrence location and the
local climatic values has changed during this period. This
issue is difficult to resolve because continuous series of
high-resolution late-Holocene palaeoclimatic data are still
rare in the Southern Hemisphere, and to our knowledge, no
climatic reconstructions for the period 1500–1950 in South
Africa are available to date. South African climate has been
relatively stable during the past millennia. For the period con-
sidered, a cool, dry 500-year manifestation of the ‘Little Ice
Age’ from AD 1300 to about 1800 can be noted [78], with a
warmer episode occurring between about 1500 and 1675
[79]. The bulk of the historical data used in the analysis are
for the nineteenth century, a period with a relatively similar
climate to today, though with variations in precipitation pat-
terns [80]. By using a long-term climatology over the period
1970–2000, we aimed to mitigate the impact of these inter-
annual variations in temperature and precipitation. We
acknowledge the limitation of this approach but believe this
is an acceptable compromise at the resolution of this analysis.

The order of magnitude difference in the time-bin
between the RECENT and TOTAL dataset could be a con-
founding factor explaining the higher species richness
estimated when considering long-term records. This scale-
dependence phenomenon is also known as the species–time
relationship (STR), in which species number is a function of
the time span of sampling [81]. STR could notably drive
observed changes in species richness if species that were pre-
sent in a given area in recent times were not described in the
RECENT dataset but were detected in the long-term dataset
due to a longer sampling period. However, while false
absences may occur in the RECENT dataset (e.g. failure
to report sensitive information such as the occurrence of
rhinoceros), the current distribution of conspicuous and char-
ismatic large mammals such as those considered in this
analysis is generally well known. On the other hand, histori-
cal occurrence records are the result of opportunistic
sampling and are more prone to false negatives, making the
long-term dataset relatively less effective at detecting species.
The bulk of occurrence records in the historical dataset is also
for the nineteenth century, with a decrease in the number of
records going back in time. This reduces concerns over the
difference in temporal coverage between the two datasets
and how this affects estimates of species richness. The slope
of the STR also decreases as area sampled increases, i.e.
species accumulation rates in time decrease with area
sampled [81]. Here, the sampled area is very large and
sampling over a longer period of time should not signifi-
cantly change the rate of species identification. Sampling
the whole of South Africa also limits the possibility of species
turnover due to dispersion from neighbouring countries. For
these reasons, the increase in predicted species richness as we
consider older data is more likely to result from past anthro-
pogenic impacts than from a sampling artefact driven by
STR.

The set of bioclimatic variables used in this analysis does
not necessarily capture the full range of environmental
characteristics that limit species’ distributions. They are, how-
ever, the most common set of variables used for modelling
species distributions and thus fit our objective of showing
how neglecting historical records in HSMs affects our percep-
tion of species’ climatic niche and potential distribution. As
spatially explicit reconstructions of past environmental con-
ditions are released in the future, including changes in
human population and land cover, these could be incorpor-
ated into the analyses to improve predictions of species’
distribution.

The study area follows the political boundaries of South
Africa due to the unique amount of occurrence records avail-
able for the country. This is, however, an artificial cut-off that
could affect our perception of niches, in particular, for those
species with ranges that extend further north in sub-Saharan
Africa. While this limits the transferability of predictions in
space or time, our results remain valid at the regional level
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because we do not extrapolate outside the environmental
space sampled in the occurrence dataset. South Africa is an
exceptional ecoregion, with unique climatic regimes, high
species richness and endemism [82,83]. Being at the southern
margin of some species’ global distribution, it is a particu-
larly important area for conservation since it may harbour
populations with unique local adaptations that will be critical
for species’ ability to persist in the face of future climate
change [84]. Range contractions that truncate species–climate
relationships in this area are thus even more critical for our
understanding of species’ niches than those occurring at the
centre of the range.
 tb

Phil.Trans.R.Soc.B
374:20190215
5. Conclusion
Our study provides evidence that using recent distribution
records only can underestimate species’ bioclimatic niches,
which in turn can misguide conservation efforts and is
likely to provide biased forecasting of species’ responses to
climate change [69]. The recognition that neglecting long-
term biodiversity might lead to setting inappropriate spatial
baselines is the first step towards a better integration of
these data in decision-making for biodiversity conservation
and management. A better understanding of the potential
distribution of species can notably form the basis of the
identification of areas that would be good candidates for pro-
tection and restoration efforts, in particular, if it is combined
with knowledge on the distribution of anthropogenic press-
ures [85]. With the recent recognition of the value of these
datasets for conservation, there is an encouraging
development towards assembling long-term biodiversity
datasets (e.g. 86–88]), including for underrepresented taxa
(e.g. [89,90]). The release of global databases of historical dis-
tributions [91] is a promising avenue to integrate long-term
perspectives into future ecological studies. We join previous
calls for international, multidisciplinary effort to compile his-
torical data [92], and urge that, whenever possible, these
should be included in conservation and biogeographic
studies. Unless efforts are made to integrate this historical
perspective into biodiversity conservation, shifted distri-
bution baselines risk undermining our efforts to define
appropriate protected areas and halt the ongoing biodiversity
crisis, as well as appropriately manage biodiversity under
global change.
Data accessibility. The species occurrence data that form the basis of this
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