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Abstract

Plant species providing Non-Timber Forest Products (NTFP) are economically impor-
tant across Africa. How this heterogeneous and understudied resource will respond to
ongoing climate change remains understudied. Here, we modelled the impact of end-
of-the-century climate change on the distribution of 40 NTFP plant species distributed
across tropical Africa. Occurrence data were extracted from a taxonomically verified
database and three different ecological niche modelling algorithms were used. Species
distributions were modelled under two end-of-century (2085) climate change models
(RCP4.5 and RCP8.5) and two dispersal scenarios (limited and expanded). We show
that for the 40 NTFP plant species studied here, different responses are modelled
with some species gaining in suitable habitats (47.5%-65% under RCP4.5), whereas
others will lose in suitable habitats (35%-52.5% under RCP4.5). Nevertheless, we also
show that our results vary between the different methods used, such as modelling
algorithms, dispersal scenarios and general circulation models. Overall, our results
suggest that the response of NTFP species to climate change depends on their distri-

bution, ecology and dispersal ability.

KEYWORDS
dispersal, NTFP, representative concentration pathways, species distribution modelling

Résumé

Les espéces végétales fournissant des produits forestiers non ligneux (PFNL)
représentent une importante ressource économique dans I'ensemble de I'Afrique.
La maniére dont cette ressource hétérogene et peu étudiée réagira au changement
climatique en cours a fait jusqu’a présent l'objet d’'un nombre limité d’études. Dans
cette étude, nous avons modélisé I'impact du changement climatique de la fin du
siecle sur la répartition de 40 especes végétales de PFNL réparties dans I'’ensemble
de I'Afrique tropicale. Les données sur les événements ont été extraites d'une base
de données basée sur la taxinomie et trois différents algorithmes de modélisation
de niche écologique ont également été utilisés. La distribution des espéces a été

modélisée selon deux modéles de projection de changement climatique (RCP4.5 et
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1 | INTRODUCTION

Global change will lead to important biodiversity loss (Bellard
et al.,, 2012; Thomas et al., 2004; Urban, 2015) which is consid-
ered a major threat to the safe operating space needed for hu-
manity (Rockstrém et al., 2009). This is particularly true for Africa
(Ittersum et al., 2016; Serdeczny et al., 2017) as the continent will
face negative consequences of climate change on food security and
malnutrition (IPCC, 2007) coupled with significant continued pop-
ulation growth (Gerland et al., 2014). Studies have demonstrated
that climate change across Africa will impact the distribution
and abundance of species (Heubes et al., 2012; Ramirez-Villegas
et al., 2014; Zhang et al., 2016) and forest ecosystems (Réjou-
Méchain et al., 2021). McClean et al. (2005) estimated that be-
tween 81% and 97% of sub-Saharan African plant species could
face a displacement or a decrease in their suitable habitat by 2085.
In addition, between 20% and 35% of the tropical African flora
are already estimated to be potentially threatened by extinction
(Brummitt et al., 2015; Stévart et al., 2019). Other studies have
also underlined the vulnerability to future climate change of spe-
cific plant clades in Africa (Blach-Overgaard et al., 2015; Davis
etal.,, 2012; Sanchez et al., 2011).

The consequences of these changes will be considered, espe-
cially in Africa (Millenium Ecosystem Assessment, 2005), where
60%-70% of the population live in rural areas (Glneralp et al., 2017)
and are directly dependent on plant resources for their subsistence
(Cavendish, 2000). Thus, one important question is how will tropi-
cal African plant species providing important resources be affected
by climate change? To date, most studies have focused on the faith
of a few macroeconomically important crops such as maize or pearl
millet (Adhikari et al., 2015; Burke et al., 2009; Pironon et al., 2019).
In forested regions, the economic value associated with plant species
has generally been based on a financial appraisal of its timber stock
(Mahapatra & Tewari, 2005). There is, however, little consideration
for species that do not produce timber, even though they are a consid-
erable part of the population economic and well-being environment.

Non-Timber Forest Products (NTFP) are defined as natural re-
sources other than wood extracted from wild species (animal or
plant) derived from natural, modified or managed forested land-
scapes and other wooded lands (Ingram, 2014; Ros-Tonen, 2000).
Their products are used for food, forage, medicines, aromatic prod-
ucts, fuelwood, construction materials and other cultural uses. NTFP

RCP8.5) a la fin du siécle (2085) et deux scénarios de dispersion (limité et étendu).
Diverses réactions sont ici modélisées pour les 40 espéces végétales de PFNL.
Certaines espéces obtiendront des habitats adaptés supplémentaires (47,5 % a 65 %
dans le cadre du modéle RCP4.5), tandis que d'autres en perdront (35 % a 52,5 %
dans le cadre du modéle RCP4.5). Toutefois, nos résultats varient selon les différentes
méthodes utilisées, telles que les algorithmes de modélisation, les scénarios de
dispersion et les modeles de circulation générale. Dans l'ensemble, nos résultats
suggerent que la réaction des espéces de PFNL au changement climatique dépend de

leur répartition, de leur écologie et de leur capacité de dispersion.

are important resources central to fighting hunger and in reducing
poverty (Angelsen & Wunder, 2003). Globally, the reported value of
NTFP withdrawals amounted to nearly USD 8 billion in 2015 (FAO
and UNEP, 2020). Even though plant species providing NTFP (here-
after NTFP plant species) play a fundamental role in the survival and
the well-being of people across tropical Africa, their access is not
officially controlled and data on their socioeconomic importance are
lacking (Ingram et al., 2010). A recent study suggested that 29 major
crop species occurring in sub-Saharan Africa could be resilient to cli-
mate changes. This comes from their relationships with crop wild
relatives which could be used for their improvement or adaptation
(Pironon et al., 2019). In contrast, NTFP plant species do not seem
to have this human-assisted advantage. A study focusing on palms, a
major NTFP plant family across the tropics and a key plant resource
in Africa, showed that over 70% of palm diversity will experience
a decline in climatic suitability by the end of the century (Blach-
Overgaard et al., 2015). In addition, they showed that this result
was independent of the species' habitat, namely rain forest or open
ecosystems. This suggests that important wild plant resources might
be vulnerable to range contraction and extirpation over the next
80vyears. In contrast, useful plants, including NTFP species, tend to
have wider geographical distributions (van Zonneveld et al., 2018)
which could lead to wider ecological breadth allowing them to cope
with future climatic conditions. In this case, we would expect most
NTFP species to be able to cope favourably with future climate
change. Finally, climate change might have a species-specific impact
on the future distribution of NTFP plant species linked to different
ecologies such as forest (wetter adapted species) or savannah (drier-
adapted species) dwelling NTFP species (van Proosdij et al., 2017).
For example, in mountain ecosystems, it was shown that warm-
adapted species increased geographic ranges, whereas cold-adapted
species decreased in distribution (Gottfried et al., 2012).

Here, we assess the impact of end-of-century climate change
models on the potential distribution of 40 top priority NTFP
plant species in tropical Africa. How will selected NTFP plant
species react to the end of the century climate change in terms
of their geographical ranges? Which species are expected to
gain or lose climatically suitable areas under different climate
change scenarios? Does the response of NTFP species depend on
the extent of their distribution or their presence in forested re-
gions versus more open woodlands? To this end, we use Species
Distribution Modelling (SDM) to project the present and future



AMOUSSOU ET AL.

potential distribution of species under two climate change sce-
narios (RCP4.5 and RCP8.5) for the period 2070-2090 using 10

general circulation models.

2 | MATERIAL AND METHODS

2.1 | Studyarea

Our study focused on sub-Saharan Africa known as the Afrotropical
region (Dauby et al., 2016). The area is broadly delimited by the
ecoregions south of Sahel and north of South Africa (-15° and 47°of
East longitude and -15° and 30°North latitude). It covers the tropical
forest regions; the Guineo-Congolian centre of endemism is divided
into three sub-centres: Upper Guinea, Lower Guinea and Congolian
(White, 1983). Three climatic regions encompass the studied region
the equatorial, tropical humid and tropical dry climates.

2.2 | Non-timber forest products plant species
distribution data

A total of 40 NTFP species considered as ‘priority’ were selected re-
lying on the classification of Ingram (2014) based on a database of
around 500 species from Cameroon. This database provides a rank-
ing of the species importance, or ‘priority’, based on five criteria: spe-
cies (1) with products that have a high economic trade value or are
important for autoconsumption; (2) with products that are overex-
ploited (this is a function of in situ conservation priority status and
domestication); (3) with products that have multiple uses (including
conflicting); (4) with uses; (5) that are classified as threatened (e.g., on
the IUCN Red List, CITES listed and/or protected by national laws).
In this study, we selected the top priority NTFP species for which
we could retrieve sufficient data about their distribution (see below).
Occurrence data for each species were extracted from the RAINBIO
database (Dauby et al., 2016). RAINBIO is a synthesis of several data-
bases from GBIF and several major herbaria of vascular plant occur-
rence data. It has the advantage of being curated and taxonomically
and geographically verified. For each species, we estimated the per-
centage of their occurrence within (referred to as Forest Fraction) or
outside forested regions using polygons representing the map of dif-
ferent ecoregions found in Africa based on (Olson et al., 2001).

2.3 | Climatic data

Climatic data were extracted from AFRICLIM ver. 3 (www.africlim.
org), a data set of high-resolution ensemble climate projections
for Africa (Platts et al., 2015). This database comprises monthly
data on temperature and rainfall together with derived bioclimatic
summary variables such as moisture indices and dry season length.
Ten variables related to temperature and 11 related to precipita-
tion were downloaded (see Platts et al., 2015 for more details)
which are mainly derived from the WorldClim-Global Climate
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Database. Finally, all climatic layers were downloaded at 10’ of

spatial resolution.

2.4 | Climatic variable selection

Following Blach-Overgaard et al. (2015), six climatic predictors
suggested to be relevant for building performant distribution
models in Tropical Africa were selected. Three variables were as-
sociated with temperature: mean annual temperature, tempera-
ture seasonality and minimum temperature of the coolest month;
three variables were associated with humidity: annual water
balance, water-balance seasonality and rainfall deficit. Water-
balance variables were built by using monthly precipitation and
temperature (Blach-Overgaard et al., 2015). Water-balance sea-
sonality represents the standard deviation of the monthly water
balance, whereas annual water balance is the sum of the monthly
water balance. Monthly water balance is defined as the difference
between monthly precipitation and monthly potential evapo-
transpiration (PET). PET was computed following the method of
Hargreaves and Samani (1985) derived from monthly minimum
and maximum temperature. We computed the rainfall deficit rd

as follows:

rd= 3" max (OPET, - PRi) (1)

where PR is the monthly precipitation, and i is the month. This is the
sum of the positive difference between monthly potential evapotrans-
piration and precipitation. When the precipitation is higher than the
evapotranspiration, the difference is set to 0. High rd thus indicates a
high rainfall deficit.

2.5 | Species distribution modelling

For each selected NTFP plant species, distribution modelling was
undertaken using three different algorithms: Maximum Entropy
(MaxEnt; Phillips et al., 2006), Generalised Boosting Model (GBM,;
Ridgeway, 1999) and Generalised Linear Models (GLM; Hastie &
Tibshirani, 1990) which were shown to be amongst the best per-
forming SDM algorithms (Elith et al., 2006; Elith & Graham, 2009).
Models were run using the package Biomod2 ver 3.5.1 (Thuiller
et al., 2020) in the R environment (R Core Team, 2021).

For each species, models were built following four steps:

1. We defined a calibration area by defining the Minimum Convex
Polygon or convex hull (Kremen et al., 2008) around the oc-
currence points of each species. A buffer zone of 5° degrees
was created around the convex hull defining the calibration
area;

2. We generated pseudo-absence data using the ‘Target group
sampling’ method (Ponder et al., 2011). The number of pseudo-
absence cells (or background cells for MaxEnt) was variable
amongst species depending on the species-specific calibration
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area. The sampling of a species was weighted by the density of
all occurrences contained in the RAINBIO database and used as a
proxy for botanical sampling effort across the region.

3. Model evaluation was achieved through a cross-validation proce-
dure by partitioning the presence and pseudo-absence data into
calibration and validation data. We used a checkerboard approach
for partitioning which has the advantage of maintaining the spatial
structure of the data (Muscarella et al., 2014). The performance of
models was estimated using two statistics calculated for each pair
of presence and pseudo-absence data: the area under the receiver
operating characteristics curve (AUC, Fielding & Bell, 1997) and
the true skill statistic (TSS, Allouche et al., 2006). The AUC and
TSS were averaged for all validation-calibration data sets to have
a unique AUC and TSS for each algorithm and for each species.
We excluded the models with an AUC value <0.7; models with an
AUC value 20.7 were considered reliable (Elith, 2000). TSS values
range from -1 to +1, where +1 is an indication of a perfect model
fit and values <0 are an indication of models which are no better
than random (Allouche et al., 2006).

4. We constructed the potential present-day distribution of each
species by projecting in the calibration area and the niche mod-
els built were evaluated as robust. Binary maps were produced
to predict the presence or absence of each species. This conver-
sion was done using the optimised ROC threshold of Biomod2
(Thuiller et al., 2020), which minimises the absolute difference be-
tween sensitivity and specificity and is ranked amongst the most
reliable thresholds (Liu et al., 2005).

2.6 | Future climate data and distribution modelling
Future climate variables were also derived from the AFRICLIM data set
for the period 2070-2100 (averaged at 2085). The models were built
using coupled Atmosphere-Ocean global circulation models (GCM)
produced by Swedish Meteorological and Hydrological Institute
(SMHI). However, there is a variability in global circulation models
(IPCC, 2007) linked to a different set of parameters to represent land-
use scenarios and key ecosystem processes (Doherty et al., 2010).
Thus, 10 different GCMs were used. In addition, for each GCM, we
used two greenhouse gas emission scenarios named representative
concentration pathways (RCP 4.5 and RCP 8.5). RCP 4.5 is a gas emis-
sion scenario that limits the increase in mean temperature to 1.8°C
for 2085s, whereas RCP 8.5 limits this increase to 3.7°C (IPCC, 2014).
RCP 4.5 is considered an intermediate emission scenario and RCP 8.5
is a scenario with high greenhouse gas emissions (IPCC, 2014).

For the potential future distribution of NTFP plant species, we
projected ecological niche models built from the three algorithms
into 2085 (see above). The projections provided for the 40 species
were a continuous suitability prediction per algorithm, GCM and
RCP. This continuous prediction was converted into binary pres-
ence/absence pixels using the same threshold as detailed above
(ROC threshold) to determine the suitable habitat in the future for
each species.

2.7 | Potential distribution of the species under
dispersal limitations

By projecting future projections of model outputs into the whole cali-
bration area, we assume the species will be able to disperse across
that area (Bateman et al., 2013). However, as for most species, there
is little information on the dispersal capacity of NTFP plant species
in Africa. Here, we take an intermediate approach between the com-
monly applied ‘no dispersal’ (i.e. dispersal only allowed within the
present distribution) and ‘full dispersal’ (dispersal non-constrained)
scenarios (Bateman et al., 2013) as to more realistically infer how spe-
cies could respond to climate change in a short time frame. As most
of NTFP plant species are harvested generally in the wild and are not
managed or assisted by humans, a full dispersal scenario, where the
entire area is projected as suitable by the model, appears unrealistic.
Thus, none of the above dispersal scenarios (i.e. ‘no dispersal’ and ‘full
dispersal’) appears to be suitable for our study. Here, we use two dif-
ferent scenarios that can be considered as two extremes within our
context: (1) ‘limited’ dispersal scenario where suitability dynamics is
within 100km around the convex hull of the present distribution: (2)
and ‘expanded’ dispersal scenario where suitability dynamics is es-
timated within 500km around the convex hull of each species. The
choice of 500km as a maximum upper dispersal limit is realistic for
African plants based on the study of past (last 8500years) plant shifts
within our study area (Watrin et al., 2009).

2.8 | Impact of climate change on the
distribution of the species

The processing of projections was based on the suitability score
of each pixel within the study area for present and future climate
projections. For the 40 species, we considered all projection com-
binations (120 projections per species: 3 SDMsx 10 GCMsx 2
RCPsx 2 dispersal scenarios). Since the suitability score for each
pixel is continuous, we used a binomial draw (rbinom function in
R) to determine whether a pixel is suitable with the probability
being the output of each model. This procedure gives the number
of suitable pixels for each species for each combination in its study
area.

The impact of future climate change for each species was as-
sessed by calculating the change in climatic suitability, calculated as
the difference between the number of pixels identified as suitable in
the study area between the present and the future projections. This
was calculated using Change Suitable Habitat (CSH) Thuiller et al.
(2011) of the total area, as follows:

(Areag, o — Area

CSH = present) x100 )

Areapresent

The CSH represents the percentage of the climatically suitable area
lost or gained in the future by each species. Using this metric, we
first classified all modelling combinations of the 40 species into two
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different categories as follows: ‘climate winners’ defined as species
which have a positive change in climatic suitability between the pres-
ent and future models; ‘climate losers’ defined as species with a nega-
tive change. Then, for each combination, we estimated the proportion
of ‘climate winners’ and ‘climate losers’ species in our data set as pre-
viously reported, following previous (Blach-Overgaard et al., 2015;
Zhang et al., 2016).

Furthermore, we evaluated the relationship between the pattern
(narrow ranged or widespread) and the change in suitable areas of
all the 40 species. For that, we estimated the EOO (extent of oc-
currence; that is the area contained within the shortest continu-
ous imaginary boundary of occurrences) for each species using the
function EOO.computing of the R package ConR (Dauby et al., 2017).
Waterbodies were excluded from the EOO calculation. We plotted
EOO values against the relative change in habitat suitability (CSH)
and calculated the Pearson correlation value. We also estimated
the relationship between species belonging or not to forested re-
gions (Forest fractions) and the response of species to future climate
change defined as CSH. We plotted the forest fraction for each spe-
cies in the function of relative change in habitat suitability (CSH) as
for the EOO explained above. Forest fraction was estimated by cal-
culating the percentage of occurrences for each species in forested
areas in our study area following the tropical rain forest region as
described by Dauby et al. (2016) which was derived from Mayaux
et al. (2004).

3 | RESULTS

3.1 | Dataset

A total of 4380 unique occurrences (occupied cells in the climatic
raster used) contained in 7052 herbarium specimens were recorded
for the 40 species (Table S1). The mean number of occupied cells per
species was 110. Rauvolfia vomitoria had the largest number of occur-
rences (360), whereas Aframomum citratum had the smallest number
of occurrences (14). Amongst our species, Senegalia senegal is the
most widespread species (EOO = 17,691,058km?) and Guibourtia
tessmannii is the least widespread species (EOO of 260,392 km?). On
average, the EOO of all 40 species was of 3,638,315 km?.

The species Morinda lucida, Raphia hookeri, Raphia vinifera and
Xylopia aethiopica had their occurrences falling in forested areas,
whereas S. senegal and A. citratum have 6% and 11% of their occur-
rence, respectively, belonging to forest areas, thus mainly being sa-

vannah species (Table S1).

3.2 | Contribution of variables and model
performance

The contribution of the six selected bioclimatic variables to the mod-
els differs amongst species (Table S2). The rainfall deficit had the
greatest contribution to the prediction models for most of NTFP spe-
cies and the mean annual temperature has the smallest contribution.

African Journal of Ecology caaVaVA| LEYJ—S

Model evaluations of all species revealed an AUC value well
above 0.7 indicating an overall good performance of the models
(Table 1). Models developed using MaxEnt showed the highest value
of AUC for all species. The values of the TSS index obtained after
evaluation of the models vary between 0.29 and 0.61 with an aver-
age value of 0.46 (+0.07). Species with an AUC score below 0.7 also
received a TSS score below 0.5 confirming the poor performance of
these models (Table 1).

3.3 | Present-day and future distribution models
For more than 50% of species (Figure 1, Table 2), we projected on
average an increase by 2085 of climate suitability compared to their
present predicted range, referred to as ‘climate winners’ (Table 2).
The proportion of species classified as ‘climate winners’ or ‘climate
losers’ varied depending on the algorithms or the dispersion scenario
used (Table 2). The most important proportion of ‘climate losers’
(19/40) was observed when using MaxEnt (Table 2), under a limited
dispersal scenario and the RCP 8.5 scenario. In contrast, the smallest
proportion of ‘climate losers’ (10/40) is observed when using a full
dispersion scenario with a low emission RCP (4.5).

For the algorithm MaxEnt and the climatic scenario RCP 4.5, the
highest positive change was predicted for the following ‘climate win-
ners’: Garcinia kola, Raphia hookeri and Carpolobia lutea. The highest
negative changes (‘climate losers’) were predicted for Prunus afri-
cana, Lophira alata and Aframomum danielli (Figure 1).

Our results showed that ‘climate losers’ will lose on average
37% of their present potential distribution by 2085 under scenario
RCP4.5 (i.e. the most conservative in terms of radiating forcing),
whereas they lose 56% under scenario RCP 8.5. These percentages
vary according to the GCM, the emission scenario RCP and the dis-
persion scenario (Figures 52-54).

For almost all species, the magnitude of change in habitat suit-
ability increased for predictions under RCP 4.5 when compared to
RCP 8.5 (Figure 1). This difference was observed for all the model
algorithms (Figures S2-S4). For example, for the species Lophira
alata, a ‘climate loser’, the suitable habitat is reduced by 30% when
compared between scenarios RCP 4.5 and RCP 8.5. Similarly, for
Carpolobia alba, a ‘climate winner’, its suitable habitat is increased by
30% between scenarios RCP 4.5 and RCP 8.5.

3.4 | Relationship between forest fractions and
climate change

There is no correlation between the extent of occurrence of the
species (estimated using EOO) and the predicted response to cli-
mate change (Pearson's R? = -0.07, Figure 2). For example, species
with small (e.g.: Poga oleosa) or wide (e.g. Raphia hookeri) distribu-
tion ranges can be positively impacted by climate change (Table 1;
Figure S1). In the same way, there is no correlation between species
occurring mainly in forested regions and their future response to cli-
mate change (Pearson's R? = -0.1, Figure 2).
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TABLE 1 Summary statistics of predictive performance (AUC and TSS) given for each algorithm and for 40 NTFPs' species

Species MAXENT-AUC GM AUC GBM-AUC MAXENT-TSS GLM-TSS GBM-TSS
Aframomum citratum 0.51 0.54 0.52 0.45 0.47 0.29
(Zingiberaceae)
Aframomum daniellii (Zingiberaceae)  0.82 0.81 0.74 0.53 0.53 0.50
Aframomum melegueta 0.71 0.64 0.64 0.38 0.30 0.31
(Zingiberaceae)
Baillonella toxisperma (Sapotaceae) 0.81 0.80 0.82 0.56 0.54 0.57
Carpolobia alba (Polygalaceae) 0.82 0.81 0.83 0.54 0.54 0.54
Carpolobia lutea (Polygalaceae) 0.78 0.77 0.79 0.46 0.45 0.48
Cola acuminate (Malvaceae) 0.78 0.77 0.76 0.47 0.45 0.44
Cola nitida (Malvaceae) 0.70 0.69 0.75 0.38 0.38 0.47
Coula edulis (Malvaceae) 0.84 0.83 0.84 0.59 0.57 0.57
Dacryodes edulis (Burseraceae) 0.83 0.82 0.82 0.52 0.50 0.52
Garcinia kola (Clusiaceae) 0.75 0.71 0.73 0.45 0.39 0.43
Garecinia lucida (Clusiaceae) 0.78 0.72 0.77 0.52 0.45 0.52
Garcinia mannii (Clusiaceae) 0.78 0.78 0.77 0.47 0.47 0.47
Gnetum africanum (Gnetaceae) 0.76 0.74 0.74 0.45 0.42 0.40
Gnetum buchholzianum (Gnetaceae)  0.70 0.72 0.67 0.40 0.40 0.36
Guibourtia tessmannii (Fabaceae) 0.68 0.66 0.67 0.34 0.35 0.34
Irvingia gabonentsis (Irvingiaceae) 0.76 0.77 0.75 0.45 0.45 0.44
Irvingia wombolu (Irvingiaceae) 0.80 0.77 0.66 0.56 0.54 0.40
Khaya ivorensis (Meliaceae) 0.71 0.69 0.67 0.43 0.39 0.34
Laccosperma robustum (Arecaceae) 0.75 0.74 0.72 0.42 0.42 0.38
Lophira alata (Ochnaceae) 0.76 0.77 0.77 0.42 0.43 0.46
Milicia excelsa (Moraceae) 0.78 0.77 0.78 0.44 0.43 0.46
Monodora myristica (Annonaceae) 0.75 0.75 0.71 0.42 0.42 0.38
Morinda lucida (Rubiaceae) 0.73 0.72 0.73 0.38 0.40 0.39
Pausinystalia johimbe® (Rubiaceae) 0.78 0.78 0.76 0.48 0.47 0.46
Piper guineense (Piperaceae) 0.79 0.79 0.78 0.48 0.49 0.47
Poga oleosa (Anisophylleaceae) 0.75 0.73 0.75 0.49 0.49 0.49
Prunus africana (Rosaceae) 0.87 0.86 0.85 0.61 0.62 0.61
Raphia hookeri (Arecaceae) 0.75 0.74 0.72 0.44 0.42 0.40
Raphia mambillensis® (Arecaceae) 0.62 0.72 0.64 0.57 0.61 0.57
Raphia regalis (Arecaceae) 0.73 0.69 0.68 0.47 0.39 0.39
Raphia vinifera (Arecaceae) 0.76 0.65 0.72 0.50 0.38 0.45
Rauvolfia vomitoria(Apocynaceae) 0.78 0.79 0.80 0.43 0.45 0.48
Ricinodendron heudelotii 0.75 0.74 0.74 0.44 0.43 0.43
(Euphorbiaceae)
Scorodophloeus zenkeri (Fabaceae) 0.78 0.77 0.76 0.46 0.44 0.40
Senegalia senegal (Fabaceae) 0.84 0.84 0.84 0.57 0.57 0.57
Terminalia superba (Combretaceae) 0.69 0.66 0.70 0.36 0.30 0.36
Trichoscypha arborea 0.82 0.75 0.72 0.57 0.50 0.49
(Anacardiaceae)
Voacanga africana (Apocynaceae) 0.77 0.76 0.75 0.43 0.43 0.42
Xylopia aethiopica (Annonaceae) 0.85 0.84 0.85 0.58 0.56 0.59

2Corynanthe johimbe K.Schum.
bSee Mogue et al. (2019) for an updated taxonomy of this species.
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plant taxa (from Sosef et al., 2017, Figure S5), these species are at

DISCUSSION
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the high end of the spread, being amongst the most widespread

species. This is consistent with the idea that useful plant species

Effect of climate change on NTFP plant

41 |
species

generally have large geographic areas across the region they are

used in and under the influence of human-induced factors (van
Zonneveld et al., 2018). In addition, 27 species had most of their

Our study focused on 40 NTFP plant species described as ‘prior-

occurrence records (more than half) within a forested region un-

ity’ resources in Cameroon by Ingram (2014). These 40 species

derlining the importance of forests to supply NTFP products in

tropical Africa (Table S1).

cover, on average, a geographic range of 3.6 million km? (Table S1).

When compared to the geographic ranges of all tropical African
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TABLE 2 Number and proportion of NTFPs providing species projected to be ‘climate winners' (W) or ‘climate losers’ (L) for three algorithms (MaxEnt, general linear models (GLM) and

generalised boosting models (GBM), two RCPs (4.5 and 8.5) and two dispersal scenarios (limited and expanded)

Generalised boosting models (GBM)

General linear models (GLM)

MaxEnt

Expanded

Limited

Expanded

Limited

Expanded

Limited

18 (45%) 26 (65%) 14 (35%)
23(57.5)

25 (62.5)

(55%°)
15 (37.5%)

22

14 (35%)
22 (55%)

26 (65%)
18 (45%)

21 (52.5%)
5(62.5%)

18 (45%) 25 (62.5%) 15 (37.5) 19 (47.5%)
20 (50%) 20 (50%)

22 (55%)

RCP 4.5
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17 (42.5%)

2

(87.5%)

15

(57.5%)

23

17 (42.5%)

RCP 8.5

We used a curated and verified tropical African occurrence da-
tabase (Dauby et al., 2016) combined with three SDM algorithms,
and 10 different Global Climate Models (GCMs) under two differ-
ent future predictions (RCP 4.5 and 8.5) to estimate how these
valuable plant species will be impacted by end of the century
(2085) climate change (Figure 1). Based on these models, species
were categorised into two different groups: ‘climate winners’ and
‘climate losers’ (Table 2). Our results suggest that, independent of
the models or dispersal scenarios used, NTFP species across trop-
ical Africa will not respond in a similar manner to end-of-century
climate change (Figure 1; Table 2; Figures S1-S4). Interestingly,
under the RCP 4.5 scenario, there is a higher percentage of climate
winners than losers for NTFP species (Figure 1, Table 2). Indeed,
between 55% and 65% of NTFP species will be climate winners
within their present range distribution, whereas between 35% and
45% of species will be climate losers (Table 2). Thus, more NTFP
species will gain or remain stable in the future than lose suitable
habitat. However, the trend is inverted when considering the RCP
8.5 scenario where more species will lose climate suitability in the
future than win (between 42.5% and 62.5%, Table 2; Figure 1). The
RCP 8.5 scenario depicts a future on intensive fossil-fuel usage,
excludes any kind of climate mitigation policy and is generally not
considered a realistic scenario (Hausfather & Peters, 2020; Moss
et al., 2010). Considering the two dispersal scenarios used in this
study, we found that for some species (12/40), the location of fu-
ture suitable habitat is not within their present range distribution
but rather inside the buffer zone of 500-km area around the pres-
ent distribution. Thus, we decided to mainly interpret the results
from the RCP 4.5 scenario from here on, unless otherwise explic-
itly stated.

Overall, our results contrast with several studies generally
showing a decrease in future climate suitability for single useful
species (e.g. Senegalia senegal (Lyam et al., 2018); Adansonia digi-
tata L. (Sanchez et al., 2011), Hyphaene petersiana Klotzsch ex Mart.
(Blach-Overgaard et al., 2009) or for a keystone plant family in gen-
eral like palms (Blach-Overgaard et al., 2015). Our results suggest
that a common global climate change response of a heterogeneous
group of plant species is probably not valid as suggested for some
floras of Africa (van Proosdij et al., 2017). This is certainly linked to
the fact that different environmental variables selected here ex-
plain the distribution of different species (Figure Sé). Interestingly,
individual species-dependent responses to past climate change (e.g.
Last Glacial Maximum, ca. 20k years ago) have also been demon-
strated in Africa based on pollen (Watrin et al., 2009) or genomic
data (Helmstetter et al., 2020).

Neither geographical range nor ecology (via ‘forest fraction’) ap-
pears to be driving factors in understanding how these species will
respond. Indeed, there is no correlation between EOO or forest frac-
tion with change in habitat suitability (Figure 2). The most widespread
species in our data set, Senegalia senegal (gum acacia), is a tree of the
dry Sahel region occurring throughout tropical Africa and parts of
southern Africa. Our models show that this species will be amongst
the most affected of the group, losing around 80% of suitable habitat
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by 2085 regardless of the dispersal scenario (Figure 1). Our result is
in agreement with a similar but more focused study showing a likely
reduction of Senegalia senegal suitable habitat in the future in West
Africa (Lyam et al., 2018). The palm Raphia mambillensis has the most
restricted range in our study (but see Kamga et al., 2019 for an up-
date on its taxonomy). This species is restricted to altitudes above
1500m in the Cameroun Volcanic Line in western Cameroon and
eastern Nigeria (Cosiaux & Couvreur, 2020). It is one of the most im-
portant plants in the region both economically and socially (Mogue
Kamga et al., 2020). As for Senegalia senegal, R. mambillensis is esti-
mated to lose around 80% of its range independent of the dispersal
scenario (Figure 1). Because it is a mainly montane species, dispersal
to higher altitudes will be limited resulting in a drastic reduction of
its distribution possibly resulting in the extinction of this species in
the Cameroon Volcanic Line. The loss of this species could lead to
important economic and social impacts for the societies that depend
on it (Cosiaux & Couvreur, 2020).

We show that the dispersal capacity will be an important compo-
nent of the future of NTFP species (Figure 1, Table 1). Even though
dispersal is hard to estimate in general and not implicitly taken into
account in the modelling process (Bateman et al., 2013), we applied
two intermediate scenarios (limited or expanded) allowing species
to migrate between 100 and 500km during this short time frame.
Consistently, and, independent of both the SDM models and RCP
scenarios, the proportion of winner species increased between 10%
and 17.5% under the expanded model when compared to the limited
one (Figure 1, Table 2). These results confirm the findings of several
studies that predicted a higher loss of habitat currently assessed as
suitable (Lei et al. 2014) or an important extinction of species under

a no-dispersal hypothesis (Thomas et al., 2004; van Proosdij, 2017).
This suggests that given enough geographical space (and time), our
selection of NTFP species could migrate to more favourable regions,
a common response in plants when faced with rapid climate change
(Corlett & Westcott, 2013; Huntley, 1991).

We also showed that closely related species might have alterna-
tive responses to future climate change, complicating generalisa-
tions. For example, two sister fern species of the Gnetaceae family
(Hou et al., 2015), Gnetum africanum and Gnetum buchholzianum,
have similar geographical distributions and both occur in humid
tropical rain forests below 1500m (Clark & Sunderland, 2004).
However, our models estimated different habitat loss proportions
by 2085. According to MaxEnt predictions, Gnetum africanum
will experience a loss of suitable habitat between 50% and 70%,
whereas Gnetum buchholzianum will undergo a more moderate
loss of about 12%-35% (Figure 1). Thus, other factors depending
on each species (physiological traits) interfere in the estimation
of a species response to climate change. Indeed, several studies
have demonstrated that other variables related to local adapta-
tion and phenotypic plasticity, dispersal capabilities and physio-
logical responses can be involved in the estimation of the future
distribution of species in the response to climate change (Gardner
et al., 2019; Ruiz-Benito et al., 2020).

4.2 | Climatic variables

In this study, we selected six bioclimatic variables known to be eco-
logically relevant to determine the distribution of tropical species in



AMOUSSOU ET AL.

10 - -
—I—W] | =A% /\f1ican Journal of Ecology @

general (Blach-Overgaard et al., 2015). Other alternatives concerning
the selection of variables exist. For example, Peterson et al. (2012)
suggested an analysis of collinearity to select variables or a transfor-
mation of original variables to many combined variables via a PCA.
Another method is to use all variables simultaneously and let the
algorithm select the most important variables through variable per-
mutation or the use of AIC (Akaike Information Criterion; Braunisch
et al., 2013). However, models build from a few number or many
variables have lower quality (Warren & Seifert, 2011). Although the
method of selection used here appears robust, the question remains;
is it judicious to use the same variables for all species included in the
study? Leibold (1995) suggests that the number or the type of predic-
tors used to estimate the niche should depend on the ecology of each
species. Nevertheless, most of our models have a good predictive po-

tential suggesting that our models are robust (Table S1).

4.3 | Modelling algorithm and evaluation

Modelling algorithms are a major source of uncertainty in predict-
ing the impact of climate changes on species (Beale & Lennon, 2012).
Indeed, 29%-51% of uncertainty in future projections are explained
by model algorithms (Buisson et al., 2010). Here, we accounted for
this uncertainty by using three different algorithms (MaxEnt, GBM
and GLM) to model present and future potential distributions. Overall,
these different models tended to result in similar predictions (for 34
species out of 40) in terms of winner and loser species. However, this
was not always the case. For example, for the species Cola nitida and
Garcinia kola, the MaxEnt and GBM predicted a gain of suitable habi-
tats (winner species), whereas GLM predicted a loss of suitable habi-
tats (loser species; Figures S1-S4). One alternative, not applied here,
would be to use ensemble forecasts (Aradjo & New, 2007), whereby

the different outputs of the models are averaged.

ACKNOWLEDGEMENTS

This study was supported by Agropolis Fondation (RAPHIA project)
under the reference ID 1403-026 through the « Investissements
d'avenir » program (Labex Agro:ANR-10-LABX- 0001-01), under
the frame of I-SITE MUSE (ANR-16-IDEX-0006) and the Agence
Nationale de la Recherche (grant number ANR-15-CE02- 0002-
01), both to TLPC. Finally, this research is also a product of the
RAINBIO group funded by the synthesis centre CESAB of the
French Foundation for Research on Biodiversity (FRB; www.fonda
tionbiodiversite.fr). The authors wish to thank Adeline Fayolle and
two anonymous reviewers for comments that help improve this

manuscript.

CONFLICT OF INTEREST

None declared.

DATA AVAILABILITY STATEMENT
Raw distribution data for the 40 species was extracted from the
RAINBIO database (Dauby et al., 2016).

ORCID

Biowa Eldys N. Amoussou "= https://orcid.

org/0000-0003-0352-3643

https://orcid.org/0000-0001-6940-5602

https://orcid.org/0000-0002-6965-4331
https://orcid.org/0000-0002-8509-6587

Rodrigue Idohou
Romain Glelé Kakai
Thomas L. P. Couvreur

REFERENCES

Adhikari, U., Pouyan Nejadhashemi, A., & Woznicki, S. A. (2015). Climate
change and eastern Africa: A review of impact on major crops. Food
and Energy Security, 4(2), 110-132.

Allouche, O., Tsoar, A., & Kadmon, R. (2006). Assessing the accuracy of
species distribution models: Prevalence, kappa and the true skill
statistic (TSS). Journal of Applied Ecology, 43(6), 1223-1232.

Angelsen, A., & Wunder, S. (2003). Exploring the Forest—Poverty link:
Key concepts, issues and research implications. CIFOR Occasional
Paper, 40(40), 58. https://doi.org/10.17528/cifor/001211

Araujo, M. B., & New, M. (2007). Ensemble forecasting of species dis-
tributions. Trends in Ecology & Evolution, 22, 42-47. https://doi.
org/10.1016/j.tree.2006.09.010

Bateman, B. L., Murphy, H. T, Reside, A. E., Mokany, K., & Vanderwal, J.
(2013). Appropriateness of full-, partial- and no-dispersal scenar-
ios in climate change impact modelling. Diversity and Distributions,
19(10), 1224-1234.

Beale, C. M., & Lennon, J. J. (2012). Incorporating uncertainty in predic-
tive species distribution modelling. Philosophical Transactions of the
Royal Society B: Biological Sciences, 367(1586), 247-258.

Bellard, C., Bertelsmeier, C., Leadley, P., Thuiller, W., & Courchamp, F.
(2012). Impacts of climate change on the future of biodiversity.
Ecology Letters, 15(4), 365-377.

Blach-Overgaard, A., Balslev, H., Dransfield, J., Normand, S., & Svenning,
J.-C.(2015). Global-change vulnerability of a key plant resource, the
African palms. Scientific Reports, 5, 12611. https://doi.org/10.1038/
srepl2611

Blach-Overgaard, A., Svenning, J. C., & Balslev, H. (2009). Climate change
sensitivity of the African ivory nut palm, Hyphaene Petersiana
Klotzsch ex Mart. (Arecaceae) - a keystone species in SE Africa.
IOP Conference Series: Earth and Environmental Science, 8(1), 12014.
https://doi.org/10.1088/1755-1315/8/1/012014

Braunisch, V., Coppes, J., Arlettaz, R., Suchant, R., Schmid, H., &
Bollmann, K. (2013). Selecting from correlated climate variables:
A major source of uncertainty for predicting species distributions
under climate change. Ecography, 36(9), 971-983. https://doi.
org/10.1111/j.1600-0587.2013.00138.x

Brummitt, N. A., Bachman, S. P., Griffiths-Lee, J., Lutz, M., Moat, J.
F., Farjon, A., Donaldson, J. S., Hilton-Taylor, C., Meagher, T. R,
Albuquerque, S., Elina Aletrari, A., Andrews, K., Atchison, G., Baloch,
E., Barlozzini, B., Brunazzi, A., Carretero, J., Celesti, M., Chadburn,
H., ... Nic Lughadha, E. M. (2015). Green plants in the red: A base-
line global assessment for the IUCN sampled red list index for
plants. PLoS One, 10(8), e0135152. https://doi.org/10.1371/journ
al.pone.0135152

Buisson, L., Thuiller, W., Casajus, N., Lek, S., & Grenouillet, G. L.
(2010). Uncertainty in ensemble forecasting of species distri-
bution. Global Change Biology, 16(4), 1145-1157. https://doi.
org/10.1111/j.1365-2486.2009.02000.x

Burke, M. B., Lobell, D. B., & Guarino, L. (2009). Shifts in African crop cli-
mates by 2050, and the implications for crop improvement and ge-
netic resources conservation. Global Environmental Change, 19(3),
317-325. https://doi.org/10.1016/j.gloenvcha.2009.04.003

Cavendish, W. (2000). Empirical regularities in the poverty-environment
relationship of rural households: Evidence from Zimbabwe. World
Development, 28(11), 1979-2003.


http://www.fondationbiodiversite.fr
http://www.fondationbiodiversite.fr
https://orcid.org/0000-0003-0352-3643
https://orcid.org/0000-0003-0352-3643
https://orcid.org/0000-0003-0352-3643
https://orcid.org/0000-0001-6940-5602
https://orcid.org/0000-0001-6940-5602
https://orcid.org/0000-0002-6965-4331
https://orcid.org/0000-0002-6965-4331
https://orcid.org/0000-0002-8509-6587
https://orcid.org/0000-0002-8509-6587
https://doi.org/10.17528/cifor/001211
https://doi.org/10.1016/j.tree.2006.09.010
https://doi.org/10.1016/j.tree.2006.09.010
https://doi.org/10.1038/srep12611
https://doi.org/10.1038/srep12611
https://doi.org/10.1088/1755-1315/8/1/012014
https://doi.org/10.1111/j.1600-0587.2013.00138.x
https://doi.org/10.1111/j.1600-0587.2013.00138.x
https://doi.org/10.1371/journal.pone.0135152
https://doi.org/10.1371/journal.pone.0135152
https://doi.org/10.1111/j.1365-2486.2009.02000.x
https://doi.org/10.1111/j.1365-2486.2009.02000.x
https://doi.org/10.1016/j.gloenvcha.2009.04.003

AMOUSSOU ET AL.

Clark, L. E., & Sunderland, T. C. H. (Eds.). 2004. CARPE: Building
Knowledge of the NTFP Sector in Central Africa. In: The key non-
timber forest products of Central Africa: A state of the knowledge (pp.
1-10). Technical Paper no. 122. USAID.

Corlett, R. T., & Westcott, D. A. (2013). Will Plant movements keep
up with climate change? Trends in Ecology and Evolution, 28(8),
482-488.

Cosiaux, A., & Couvreur, T. L. P.(2020). Palms and people: Raphia Vinifera
usage and cultivation in the Grassfields of Western Cameroon.
PALMS, 64(4), 161-175.

Dauby, G., Stévart, T., Droissart, V., Cosiaux, A., Deblauwe, V., Simo-
Droissart, M., Sosef, M. S. M,, Lowry, P. P,, Schatz, G. E., Gereau, R.
E., & Couvreur, T. L. P. (2017). ConR: An R package to assist large-
scale multispecies preliminary conservation assessments using dis-
tribution data. Ecology and Evolution, 7(24), 11292-11303. https://
doi.org/10.1002/ece3.3704

Dauby, G., Zaiss, R., Blach-Overgaard, A., Catarino, L., Damen, T,
Deblauwe, V., Dessein, S., Dransfield, J., Droissart, V., Duarte, M.
C., Engledow, H., Fadeur, G., Figueira, R., Gereau, R. E., Hardy, O. J.,
Harris, D. J., de Heij, J., Janssens, S., Klomberg, Y., ... Couvreur, T. L.
P. (2016). RAINBIO: A mega-database of tropical African vascular
plants distributions. PhytoKeys, 74, 1-18. https://doi.org/10.3897/
phytokeys.74.9723

Davis, A. P, Gole, T. W., Baena, S., & Moat, J. (2012). The impact of
climate change on indigenous arabica coffee (Coffea Arabica):
Predicting future trends and identifying priorities. PLoS One, 7(11),
10-14. https://doi.org/10.1371/journal.pone.0047981

Doherty, R. M., Sitch, S., Smith, B., Lewis, S. L., & Thornton, P. K. (2010).
Implications of future climate and atmospheric CO2 content for
regional biogeochemistry, biogeography and ecosystem services
across East Africa. Global Change Biology, 16(2), 617-640. https://
doi.org/10.1111/j.1365-2486.2009.01997.x

Elith, J. (2000). Quantitative methods for modeling species habitat:
Comparative performance and an application to Australian plants.
In Quantitative Methods for Conservation Biology (pp. 39-58).
Springer-Verlag.

Elith, J., & Graham, C. H. (2009). Do they? How do they? Why do they
differ? On finding reasons for differing performances of spe-
cies distribution models. Ecography, 32(1), 66-77. https://doi.
org/10.1111/j.1600-0587.2008.05505.x

Elith, J., Graham, C. H., Anderson, R. P., Dudik, M., Simon Ferrier, A.,
Guisan, R. J. H,, Falk Huettmann, J. R., Leathwick, A., Lehmann,
J. L., Lohmann, L. G, Loiselle, B. A., Manion, G., Moritz, C.,
Nakamura, M., Nakazawa, Y., Overton, J. M. C., Townsend
Peterson, A., Phillips, S. J., Richardson, K., ... Zimmermann, N. E.
(2006). Novel methods improve prediction of Species' distribu-
tions from occurrence data. Ecography, 29, 129-151. https://doi.
org/10.1111/j.2006.0906-7590.04596.x

FAO and UNEP. (2020). The state of the World's forests 2020. Forests
Biodiversity and People.

Fielding, A. H., & Bell, J. F. (1997). A review of methods for the assess-
ment of prediction errors in conservation presence/absence mod-
els. Environmental Conservation, 24(1), 38-49.

Gardner, A. S., Maclean, I. M. D., & Gaston, K. J. (2019). Climatic predic-
tors of species distributions neglect biophysiologically meaningful
variables edited by J. Serra-Diaz. Diversity and Distributions, 25(9),
1318-13383. https://doi.org/10.1111/ddi.12939

Gerland, P, Raftery, A. E., Sevéikova, H., Li, N., Danan, G., Spoorenberg,
T., Alkema, L., Fosdick, B. K., Chunn, J., Lalic, N., Bay, G., Buettner,
T., Heilig, G. K., & Wilmoth, J. (2014). World population stabiliza-
tion unlikely this century. Science, 346(6206), 234-237. https://doi.
org/10.1126/science.1257469

Gottfried, M., Pauli, H., Futschik, A., Akhalkatsi, M., Barancok, P.,
Alonso, J. L. B., Coldea, G., Dick, J., Erschbamer, B., Calzado, M.
R. F., Kazakis, G., Krajci, J., Larsson, P., Mallaun, M., Michelsen, O.,

African Journal of Ecology @uaVaVA| LEYH

Moiseev, D., Moiseev, P., Molau, U., Merzouki, A., ... Grabherr, G.
(2012). Continent-wide response of mountain vegetation to cli-
mate change. Nature Climate Change, 2(2), 111-115. https://doi.
org/10.1038/nclimate1329

Guneralp, B., Lwasa, S., Masundire, H., Parnell, S., & Seto, K. C. (2017).
Urbanization in Africa: Challenges and opportunities for conser-
vation. Environmental Research Letters, 13(1), 15002. https://doi.
org/10.1088/1748-9326/AA94FE

Hargreaves, G. H., & Samani, Z. A. (1985). Reference crop evapotrans-
piration from temperature. Applied Engineering in Agriculture, 1,
96-99.

Hastie, T., & Tibshirani, R. J. (1990). Generalized additive models (Vol. 43).
CRC Press.

Hausfather, Z., & Peters, G. P. (2020). Emissions - The ‘business as usual’
story is misleading. Nature, 577(7792), 618-620.

Helmstetter, A. J., Béthune, K., Kamdem, N. G., Sonké, B., & Couvreur, T.
L. P.(2020). Individualistic evolutionary responses of central African
rain Forest plants to Pleistocene climatic fluctuations. Proceedings
of the National Academy of Sciences of the United States of America,
117(51), 32509-32518. https://doi.org/10.1073/pnas.2001018117

Heubes, J., Heubach, K., & Schmidt, M. (2012). Impact of future climate
and land use change on non-timber Forest product provision in
Benin, West Africa: Linking niche-based modeling with ecosys-
tem service values, 66, 383-397. https://doi.org/10.1007/s1223
1-012-9216-1

Hou, C., Humphreys, A. M., Thureborn, O., & Rydin, C. (2015). New in-
sights into the evolutionary history of Gnetum (Gnetales). Taxon,
64(2), 239-253. https://doi.org/10.12705/642.12

Huntley, B. (1991). How plants respond to climate change: Migration
rates, individualism and the consequences for plant communities.
Annals of Botany, 67(Suppl. 1), 15-22. https://doi.org/10.1093/
oxfordjournals.aob.a088205

Ingram, V. (2014). Win-wins in Forest product value chains ? Forest and tree
product value chains (p. 361). Universiteit van Amsterdam.

Ingram, V., Ndoye, O., Iponga, D. M., Tieguhong, J. C., & Nasi, R. (2010).
Non-timber Forest products: Contribution to National Economy
and strategies for sustainable management. In The Forests of
the Congo Basin. State of the Forest (pp. 137-154). Office of the
European Union.

IPCC. (2007). Bilan 2007 Des Changements Climatiques: Rapport de
Synthése (Vol. 446). Groupe d'experts intergouvernemental sur
I’évolution du climat.

IPCC. (2014). Climate Change 2014: Synthesis Report. Contribution of
Working Groups I, Il and Il to the Fifth Assessment Report of the
Intergovernmental Panel on Climate Change [Core Writing Team, R.K.
Pachauriand L.A. Meyer (eds.)]. IPCC, Geneva, Switzerland, 151 pp.

van Ittersum, M. K., van Bussel, L. G. J., Wolf, J., Grassini, P., van
Wart, J., Guilpart, N., Claessens, L., de Groot, H., Wiebe, K.,
Mason-D'Croz, D., Yang, H., Boogaard, H., Pepijn, A., van Oort,
J., van Loon, M. P., Saito, K., Adimo, O., Adjei-Nsiah, S., Agali,
A., ... Cassman, K. G. (2016). Can sub-Saharan Africa feed itself?
Proceedings of the National Academy of Sciences of the United States
of America, 113(52), 14964-14969. https://doi.org/10.1073/PNAS.
1610359113

Kamga, M., Suzanne, G. B., Cosiaux, A., Awono, A., Flrniss, S., Barfod, A.
S., Muafor, F. J., Le Gall, P., Sonké, B., & Couvreur, T. L. P. (2020). Use
and cultural significance of Raphia Palms. Economic Botany, 74(2),
207-225.

Kamga, S. M., Sonké, B., & Couvreur, T. L. P. (2019). Raphia Vinifera
(Arecaceae; Calamoideae): Misidentified for far too long. Biodiversity
Data Journal, 7, €37757. https://doi.org/10.3897/BDJ.7.e37757

Kremen, C., Alison Cameron, A., Moilanen, S. J., Phillips, C. D., Thomas, H.
B., John Dransfield, B. L., Fisher, F., Glaw, T. C., Good, G. J., Harper,
R.J., Hijmans, D. C., Lees, E., Louis, R., Nussbaum, R. A., Raxworthy,
C. J., Razafimpahanana, A., Schatz, G. E., Vences, M., Vieites, D.


https://doi.org/10.1002/ece3.3704
https://doi.org/10.1002/ece3.3704
https://doi.org/10.3897/phytokeys.74.9723
https://doi.org/10.3897/phytokeys.74.9723
https://doi.org/10.1371/journal.pone.0047981
https://doi.org/10.1111/j.1365-2486.2009.01997.x
https://doi.org/10.1111/j.1365-2486.2009.01997.x
https://doi.org/10.1111/j.1600-0587.2008.05505.x
https://doi.org/10.1111/j.1600-0587.2008.05505.x
https://doi.org/10.1111/j.2006.0906-7590.04596.x
https://doi.org/10.1111/j.2006.0906-7590.04596.x
https://doi.org/10.1111/ddi.12939
https://doi.org/10.1126/science.1257469
https://doi.org/10.1126/science.1257469
https://doi.org/10.1038/nclimate1329
https://doi.org/10.1038/nclimate1329
https://doi.org/10.1088/1748-9326/AA94FE
https://doi.org/10.1088/1748-9326/AA94FE
https://doi.org/10.1073/pnas.2001018117
https://doi.org/10.1007/s12231-012-9216-1
https://doi.org/10.1007/s12231-012-9216-1
https://doi.org/10.12705/642.12
https://doi.org/10.1093/oxfordjournals.aob.a088205
https://doi.org/10.1093/oxfordjournals.aob.a088205
https://doi.org/10.1073/PNAS.1610359113
https://doi.org/10.1073/PNAS.1610359113
https://doi.org/10.3897/BDJ.7.e37757

AMOUSSOU ET AL.

12
—I—W] | =A% /\f1ican Journal of Ecology @

R., ... Zjhra, M. L. (2008). Aligning conservation priorities across
taxa in Madagascar with high-resolution planning tools. Science,
320(5873), 222-226. https://doi.org/10.1126/science.1155193

Lei, J., Xu, H., Cui, P,, Guang, Q., & Ding, H. (2014). The potential effects
of climate change on suitable habitat for the Sichuan Hill partridge
(Arborophila Rufipectus, Boulton) based on the maximum entropy
modeling. Polish Journal of Ecology, 62(4), 771-787.

Leibold, M. A. (1995). The niche concept revisited: Mechanistic mod-
els and community. Ecology, 76(5), 1371-1382. https://doi.
org/10.2307/1938141

Liu, C., Berry, P. M., Dawson, T. P, & Pearson, R. G. (2005).
Selecting thresholds of occurrence in the prediction of spe-
cies distributions. Ecography, 28(3), 385-393. https://doi.
org/10.1111/j.0906-7590.2005.03957.x

Lyam, P. T., Duque-Lazo, J., Durka, W., Hauenschild, F., Schnitzler,
J., Michalak, 1., Ogundipe, O. T., & Muellner-Riehl, A. N. (2018).
Genetic diversity and distribution of Senegalia Senegal (l.) Britton
under climate change scenarios in West Africa. PLoS One, 13(4),
e0194726. https://doi.org/10.1371/journal.pone.0194726

Mahapatra, A. K., & Tewari, D. (2005). Importance of non-timber Forest
products in the economic valuation of dry deciduous forests of
India. Forest Policy and Economics, 7(3), 455-467.

Mayaux, P., Bartholomé, E., Fritz, S., & Belward, A. (2004). A new land-
cover map of Africa for the year 2000. Journal of Biogeography, 31(6),
861-877. https://doi.org/10.1111/j.1365-2699.2004.01073.x

Mcclean, C. J.,, Lovett, J. C., & Kiper, W. (2005). African plant diversity
and climate change. Annals of the Missouri Botanical Garden, 92,
139-152.

Millennium Ecosystem Assessment. (2005). Ecosystems and human well-
being: Scenarios: Findings of the scenarios working group. Vol. (Vol. 2).
Island Press.

Moss, R. H. R. H., Edmonds, J., Hibbard, K., Manning, M. R., Rose, S. K.,
van Vuuren, D. P, Carter, T. R.,, Emori, S., Kainuma, M., Kram, T.,
a Meehl, G,, Mitchell, J. F. B., Nakicenovic, N., Riahi, K., Smith, S.
J., Stouffer, R. J.,, Thomson, A. M., Weyant, J. P., & Wilbanks, T. J.
(2010). The next generation of scenarios for climate change re-
search and assessment. Nature, 463(7282), 747-756. https://doi.
org/10.1038/nature08823

Muscarella, R., Galante, P. J., Soley-Guardia, M., Boria, R. A., Kass, J.
M., Uriarte, M., & Anderson, R. P. (2014). ENMeval: An R package
for conducting spatially independent evaluations and estimating
optimal model complexity for Maxent ecological niche models.
Methods in Ecology and Evolution, 5(11), 1198-1205. https://doi.
org/10.1111/2041-210X.12261

Olson, D. M., Dinerstein, E., Wikramanayake, E. D., Burgess, N. D,
Powell, G. V. N., Underwood, E. C., D'amico, J. A, Itoua, |, Strand,
H. E., Morrison, J. C., Loucks, C. J,, Allnutt, T. F.,, Ricketts, T. H.,
Kura, Y., Lamoreux, J. F., Wettengel, W. W., Hedao, P., & Kassem,
K. R. (2001). Terrestrial ecoregions of the world: A new map of life
on earth. Bioscience, 51(11), 933. https://doi.org/10.1641/0006-
3568(2001)051[0933:TEOTWA]2.0.CO;2

Peterson, A. T., Soberén, J., Pearson, R. G., Anderson, R. P., Martinez-
Meyer, E, Nakamura, M., & Aratjo, M. B. (2012). Ecological niches
and geographic distributions. (Vol. 49, p. 328). Princeton University
Press.

Phillips, S. J., Anderson, R. P., & Schapire, R. E. (2006). Maximum en-
tropy modeling of species geographic distributions. Ecological
Modelling, 190(3-4), 231-259. https://doi.org/10.1016/j.ecolm
0del.2005.03.026

Pironon, S., Etherington, T. R., Borrell, J. S., Kiihn, N., Macias-Fauria,
M., Ondo, I., Tovar, C., Wilkin, P., & Willis, K. J. (2019). Potential
adaptive strategies for 29 sub-Saharan crops under future climate
change. Nature Climate Change, 9(10), 758-763.

Platts, P. J., Omeny, P. A., & Marchant, R. (2015). AFRICLIM: High-
resolution climate projections for ecological applications in Africa.

African Journal of Ecology, 53(1), 103-108. https://doi.org/10.1111/
aje.12180

Ponder, W. F.,, Carter, G. A., Flemons, P., & Chapman, R. R. (2011).
Evaluation of Museum collection data for use in biodiversity as-
sessment. Conservation Biology, 15(3), 648-657.

R Core Team. (2021). A language and environment for statistical computing.
R Foundation for Statistical Computing.

Ramirez-Villegas, J., Cuesta, F., Devenish, C., Peralvo, M., Jarvis, A., &
Arnillas, C. A. (2014). Using species distributions models for design-
ing conservation strategies of tropical Andean biodiversity under
climate change. Journal for Nature Conservation, 22(5), 391-404.
https://doi.org/10.1016/j.jnc.2014.03.007

Réjou-Méchain, M., F. Mortier, JF Bastin, & Cornu, G. 2021. Unveiling
African rainforest composition and vulnerability to global change.
Nature, 593(7857):1-5.

Ridgeway, G. K. (1999). Generalization of boosting algorithms and appli-
cations of Bayesian inference for massive datasets. University of
Washington.

Rockstrém, J., Steffen, W., Noone, K., Asa Persson, F., Chapin, S., Lambin,
E. F, Lenton, T. M., Scheffer, M., Folke, C., Schellnhuber, H. J.,
Nykvist, B., De Wit, C. A., Hughes, T., Van Der Leeuw, S., Rodhe,
H., Sorlin, S., Snyder, P. K., Costanza, R., Svedin, U., ... Foley, J. A.
(2009). A safe operating space for humanity. Nature, 461(7263),
472-475.

Ros-Tonen, M. A. F. (2000). The role of non-timber Forest prod-
ucts in sustainable tropical Forest management. Holz Als Roh
- Und Werkstoff, 58(3), 196-201. https://doi.org/10.1007/s0010
70050413

Ruiz-Benito, P., Vacchiano, G., Lines, E. R., Reyer, C. P. O., Ratcliffe,
S., Morin, X., Hartig, F., Mdkeld, A., Yousefpour, R., Chaves, J. E.,
Palacios-Orueta, A., Benito-Garzén, M., Cesar Morales-Molino,
J., Camarero, J., Jump, A. S., Kattge, J., Lehtonen, A., Ibrom, A,
Owen, H. J. F,, & Zavala, M. A. (2020). Available and missing
data to model impact of climate change on European forests.
Ecological Modelling, 416, 108870. https://doi.org/10.1016/j.
ecolmodel.2019.108870

Sanchez, A. C., Osborne, P. E., & Haq, N. (2011). Climate change and the
African baobab (Adansonia Digitata L.): The need for better conser-
vation strategies. African Journal of Ecology, 49(2), 234-245. https://
doi.org/10.1111/j.1365-2028.2011.01257.x

Serdeczny, O., Adams, S., Baarsch, F., Coumou, D., Robinson, A., Hare,
W., Schaeffer, M., Perrette, M., & Reinhardt, J. (2017). Climate
change impacts in sub-Saharan Africa: From physical changes to
their social repercussions. Regional Environmental Change, 17(6),
1585-1600. https://doi.org/10.1007/s10113-015-0910-2

Sosef, M. S. M., Dauby, G., Blach-Overgaard, A., van der Burgt, X,
Catarino, L., Damen, T., Deblauwe, V., Dessein, S., Dransfield, J.,
Droissart, V., Duarte, M. C., Engledow, H., Fadeur, G., Figueira, R.,
Gereau, R. E., Hardy, O. J., Harris, D. J., de Heij, J., Janssens, S., ...
Couvreur, T. L. P. (2017). Exploring the floristic diversity of tropi-
cal Africa. BMC Biology, 15(1), 1-23. https://doi.org/10.1186/s1291
5-017-0356-8

Stévart, T., Dauby, G., Lowry, P., Blach-Overgaard, A., Droissart, V.,
Harris, D. J., Mackinder, A. B., Schatz, G. E., Sonké, B., Sosef, M. S.
M., Svenning, J. C., Wieringa, J., & Couvreur, T. L. P. (2019). A third
of the tropical African flora is potentially threatened with extinc-
tion. Science Advances, 5(11), eaax9444. https://doi.org/10.1126/
sciadv.aax9444

Thomas, C. D., Cameron, A., Green, R. E., Bakkenes, M., Beaumont,
L. J., Collingham, Y. C., Erasmus, B. F. N., De Siqueira, M. F.,
Grainger, A., Hannah, L., Hughes, L., Huntley, B., Van Jaarsveld,
A. S., Midgley, G. F., Miles, L., Ortega-Huerta, M. A., Townsend
Peterson, A., Phillips, O. L., & Williams, S. E. (2004). Extinction
risk from climate change. Nature, 427(6970), 145-148. https://
doi.org/10.1038/nature02121


https://doi.org/10.1126/science.1155193
https://doi.org/10.2307/1938141
https://doi.org/10.2307/1938141
https://doi.org/10.1111/j.0906-7590.2005.03957.x
https://doi.org/10.1111/j.0906-7590.2005.03957.x
https://doi.org/10.1371/journal.pone.0194726
https://doi.org/10.1111/j.1365-2699.2004.01073.x
https://doi.org/10.1038/nature08823
https://doi.org/10.1038/nature08823
https://doi.org/10.1111/2041-210X.12261
https://doi.org/10.1111/2041-210X.12261
https://doi.org/10.1641/0006-3568(2001)051%5B0933:TEOTWA%5D2.0.CO;2
https://doi.org/10.1641/0006-3568(2001)051%5B0933:TEOTWA%5D2.0.CO;2
https://doi.org/10.1016/j.ecolmodel.2005.03.026
https://doi.org/10.1016/j.ecolmodel.2005.03.026
https://doi.org/10.1111/aje.12180
https://doi.org/10.1111/aje.12180
https://doi.org/10.1016/j.jnc.2014.03.007
https://doi.org/10.1007/s001070050413
https://doi.org/10.1007/s001070050413
https://doi.org/10.1016/j.ecolmodel.2019.108870
https://doi.org/10.1016/j.ecolmodel.2019.108870
https://doi.org/10.1111/j.1365-2028.2011.01257.x
https://doi.org/10.1111/j.1365-2028.2011.01257.x
https://doi.org/10.1007/s10113-015-0910-2
https://doi.org/10.1186/s12915-017-0356-8
https://doi.org/10.1186/s12915-017-0356-8
https://doi.org/10.1126/sciadv.aax9444
https://doi.org/10.1126/sciadv.aax9444
https://doi.org/10.1038/nature02121
https://doi.org/10.1038/nature02121

AMOUSSOU ET AL.

African Journal of Ecology wmaVaVA| LEYH

Thuiller, W., Georges, D., Engler, R., & Breiner, F. (2020). Ensemble plat-
form for species distribution modeling. https://cran.r-project.org/
web/packages/biomod2/index.html

Thuiller, W., Lavergne, S., Roquet, C., Boulangeat, |., Lafourcade, B.,
& Araujo, M. B. (2011). Consequences of climate change on the
tree of life in Europe. Nature, 470(7335), 531-534. https://doi.
org/10.1038/nature09705

Urban, M. C. (2015). Accelerating extinction risk from climate change.
Science, 348(6234), 571-573. https://doi.org/10.1126/scien
ce.aaa4984

van Proosdij, A. S. J. (2017). What determines plant species diversity in
Central Africa? Wageningen University.

van Proosdij, A. S. J., Wieringa, J. J., Sosef, M. S. M., & Raes, N. (2017).
Climate change is predicted to cause major turnover in plant spe-
cies composition in Gabon. In What determines plant species diver-
sity in Central Africa? (pp. 83-114). University of Wageningen

van Zonneveld, M., Larranaga, N., Blonder, B., Coradin, L., Hormaza,
J. 1., & Hunter, D. (2018). Human diets drive range expansion of
megafauna-dispersed fruit species. Proceedings of the National
Academy of Sciences of the United States of America, 115(13),
3326-3331.

Warren, D. L., & Seifert, S. N. (2011). Ecological niche modeling in
Maxent: The importance of model complexity and the per-
formance of model selection criteria C Ommunications C
Ommunications. Ecological Applications, 21(2), 335-342. https://
doi.org/10.2307/29779663

Watrin, J., Lézine, A.-M., & Hély, C. (2009). Plant migration and plant
communities at the time of the ‘Green Sahara. Comptes Rendus
Geoscience,  341(8-9), 656-670. https://doi.org/10.1016/j.
crte.2009.06.007

White, F. (1983). The vegetation of Africa. Natural Resources Research,
UNESCO 20.

Zhang, J., Nielsen, S. E., Chen, Y., Georges, D., Qin, Y., Wang, S.-S.,
Svenning, J.-C., & Thuiller, W. (2016). Extinction risk of north
American seed plants elevated by climate and land-use change.
Journal of Applied Ecology., 54, 303-312. https://doi.org/10.1111/
1365-2664.12701

SUPPORTING INFORMATION
Additional supporting information may be found in the online

version of the article at the publisher’s website.

How to cite this article: Amoussou, B. E. N., Idohou, R., Glélé
Kakai, R., Dauby, G., & Couvreur, T. L. P. (2022). Impact of
end-of-century climate change on priority non-timber forest
product species across tropical Africa. African Journal of
Ecology, 00, 1-13. https://doi.org/10.1111/aje.13034



https://cran.r-project.org/web/packages/biomod2/index.html
https://cran.r-project.org/web/packages/biomod2/index.html
https://doi.org/10.1038/nature09705
https://doi.org/10.1038/nature09705
https://doi.org/10.1126/science.aaa4984
https://doi.org/10.1126/science.aaa4984
https://doi.org/10.2307/29779663
https://doi.org/10.2307/29779663
https://doi.org/10.1016/j.crte.2009.06.007
https://doi.org/10.1016/j.crte.2009.06.007
https://doi.org/10.1111/1365-2664.12701
https://doi.org/10.1111/1365-2664.12701
https://doi.org/10.1111/aje.13034

	Impact of end-­of-­century climate change on priority non-­timber forest product species across tropical Africa
	Abstract
	Résumé
	1|INTRODUCTION
	2|MATERIAL AND METHODS
	2.1|Study area
	2.2|Non-­timber forest products plant species distribution data
	2.3|Climatic data
	2.4|Climatic variable selection
	2.5|Species distribution modelling
	2.6|Future climate data and distribution modelling
	2.7|Potential distribution of the species under dispersal limitations
	2.8|Impact of climate change on the distribution of the species

	3|RESULTS
	3.1|Data set
	3.2|Contribution of variables and model performance
	3.3|Present-­day and future distribution models
	3.4|Relationship between forest fractions and climate change

	4|DISCUSSION
	4.1|Effect of climate change on NTFP plant species
	4.2|Climatic variables
	4.3|Modelling algorithm and evaluation

	ACKNOWLEDGEMENTS
	CONFLICT OF INTEREST
	DATA AVAILABILITY STATEMENT

	REFERENCES


