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different techniques have been used to model the effect
of intrinsic and external variables, including phylogenetic
comparative methods [12], machine learning models [7] and
taxonomically informed generalized linear mixed models [13].

Various extinction risk analyses on mammals have focused
on teasing out the relative importance of biological (i.e. intrin-
sic) factors in predicting extinction risk [9,11]. Others have
shown that anthropogenic threats are important predictors of
extinction risk too, albeit their relative role in a predictive
model is generally lower relative to biological traits [14,15];
this is perhaps related to the complexity of measuring threat
impact on species compared to measuring species biological
traits [16,17]. The applicability of extinction risk analysis for
practical conservation outcomes can be enhanced by providing
conservation recommendations that are clearly interpretable by
conservation practitioners [18]. Large-scale extinction risk ana-
lyses require comprehensive datasets of different types of data.
These include species biological characteristics, distribution
ranges and habitat associations, environmental characteristics
and threats operating within the ranges. Biological character-
istics, including reproductive parameters (such as litter size)
and physical traits (such as body mass), are readily available
for groups such as mammals [19,20], but often the datasets
are incomplete (see §2a(iv)).

Assessments of habitat can be hard to gather at a contin-
ental scale, and even when they are available there may be
considerable inconsistencies in assessments between sites
[21]. Instead, remote sensing instruments continuously
record large amounts of data concerning land and vegetation
cover, topography and climate, many of them with global
coverage. The data and derived products are increasingly
freely available, providing cost-effective means to collect stan-
dardized information relevant to conservation purposes [22].

The usefulness of satellite-derived products in conservation
studies has already been demonstrated. For example, the Nor-
malized Difference Vegetation Index (NDVI) has been used to
test hypotheses on the recent trends in net primary productivity
[23], to relate elephant density and food availability [24], and to
predict habitat suitability for the reintroduction of species
extinct in the wild [25]. The Moderate Resolution Imaging Spec-
troradiometer (MODIS) and Landsat imagery have been used
in regional and global land cover studies to identify hotspots
of land cover change [26,27], to monitor forest [28,29] and
savannah [30] habitats, to infer their resilience [31] and to
assess the impact of habitat loss on birds [32]. Remote sensing
data have not yet been extensively used in extinction risk mod-
elling, but their improved use has the potential of overcoming
the historical problem of measuring the effect of threats (par-
ticularly habitat loss and alteration) on species” extinction risk
[17]. Most satellite-derived data are available at regular inter-
vals, and can be used to produce assessments of change at
large scales. Satellite imagery can therefore be used to track
changes in environmental conditions owing to anthropogenic
impact, allowing their effect on extinction risk to be modelled.

The African mammalian fauna has been the subject of long-
standing scientific attention [33] and comprises some of the
most attractive species for tourists: lion (Pathera leo), leopard,
(P. pardus), African elephant (Loxodonta africana), Cape buffalo
(Syncerus caffer), rhinoceroses (Ceratotherium simum and Diceros
bicornis) and great apes (chimpanzees, Pan troglodytes; bonobos,
P. paniscus; and gorillas, Gorilla gorilla and G. beringei). None-
theless, it has been estimated that African large mammals
have lost 59% of their populations in the past 40 years even

within protected areas (PAs) [34], and African carnivores and
ungulates have faced a continental-scale deterioration in con-
servation status in the same period [6].

Legislative protection of sites by means of PA networks is
proving effective at reducing forest cover loss [35] and loss of
all natural land cover in African PAs [36]. Net deforestation
rates in Africa have been estimated at 0.14% per year in 2000—
2010 [37], and the rate of vegetation change was generally
faster outside than inside PAs, with some exceptions [38]. A
recent study [39] has demonstrated that long-term presence of
conservation efforts had a significant positive influence on the
persistence of African great apes in 109 PAs. However, conserva-
tion resources are limited and need to be substantially increased
[40]. A key step to increase the effectiveness of conservation
action is the identification of clear priorities through robust
analytical methods [41,42]. African mammals represent a prom-
ising model group to test a set of interacting correlates of
extinction risk.

We perform an extinction risk analysis to assess the contri-
bution of four classes of potential predictors of extinction risk
in African terrestrial mammals, we measured: (i) species distri-
bution state (e.g. suitable habitat availability and geographical
range size) as the current condition characterizing a species’
distribution; (ii) human pressures (e.g. habitat alteration
within a species’ range) through the use of various satellite
imagery products; (iii) conservation responses (e.g. PA cover-
age and levels of management in PAs) and (iv) biological
traits (e.g. body mass and weaning age), already known to cor-
relate with mammal extinction risk [11]. We assess the key role
that satellite imagery can play in measuring environmental
condition and change, allowing an improved prediction of
the extinction risk of species.

We use a set of multi-resolution satellite imagery, updated
conservation-relevant information and comprehensive bio-
logical characteristics to build our models. We assessed the
relative importance of these drivers and identified multiple
paths of interaction that determine a species’ extinction risk.
We calculate the accuracy of our prediction model in terms of
the proportion of species whose observed extinction risk was
correctly classified, and propose conservation-relevant inter-
pretations for those species with a mismatching classification
in our model.

2. Material and methods
(a) Variables and data sources

We focused our analyses on African terrestrial mammals (figure 1;
electronic supplementary material, figure S1). We assigned
species’ threat status categories (i.e. a proxy of extinction risk)
according to the Red List of the International Union for Conserva-
tion of Nature (TIUCN) [43]. Following previous approaches [9,13],
we classified all species as being threatened (critically endangered,
endangered, vulnerable) or non-threatened (least concern, near
threatened) depending on their IUCN Red List categories [44],
after removing species classified as data deficient, extinct or extinct
in the wild; a total of 1044 species were included in the analyses.
Twenty three per cent of African mammals are currently threat-
ened with extinction according to the IUCN Red List, a condition
that is comparable with the global figure, where 25% of all
mammal species are threatened [45]. Only species having at least
50% of their global distribution range in Africa were included in
our analyses (all threatened species in the analyses are endemic
to Africa).
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