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Abstract
Chrysophyllum albidum is a forest food tree species of the Sapotaceae family bearing large berries of
nutrition, sanitary, and commercial values in many African countries. It naturally grows in lowland rain
forest and is widely distributed in West, Central, and East Africa. Because of its socio-economic
importance, C. albidum is threatened at least by human pressure. However, we do neither know at which
extent climate change can impact its distribution, nor whether it is possible to introduce the species in
other tropical regions. In order to resolve our concerns we decided to model the spatial distribution of the
species. We then used the SDM package for data modelling in R to compare predictive performances of
algorithms among the most common used: three machine learning algorithms (MaxEnt, Boosted
Regression Trees, and Random Forests) and three regression algorithms (Generalized Linear Model,
Generalized Additive Models, and Multivariate Adaptive Regression Spline). We performed model
transfers in tropical Asia and Latin America. At the scale of Africa, predictions with respect to Maxent,
under Africlim (scenarios rcp 4.5 and rcp 8.5, horizon 2055) and MIROCES2L (scenarios SSP245 and
SSP585, horizon 2060) showed that the favorable areas of C. albidum will extend mostly in West, East,
Central, and Southern Africa as well as in East Madagascar. As opposed to Maxent, in Africa, the
predictions of BRT and RF were unrealistic with respect to the known ecology of C. albidum. All the
algorithms were consistent in predicting a successful introduction of C. albidum in Latin America, both at
present and in the future. Predictions of spatial distribution of C. albidum at present and in future under
MIROCES2L, scenarios SSP245 and SSP585, horizon 2060 were coherent and even complementary
between BRT and RF and showed that the species can be successfully introduced in tropical Asia.

1- Introduction
Biodiversity and nature’s contributions are of economic, social, and cultural importance to people. Indeed,
they provide many goods and services indispensable to the survival of populations [1,2]. Despite its
utmost importance, biodiversity is submitted to serious threats that are undermining human well-being
and can impede the survival of humanity [1,2,3,4]. Biodiversity loss is mostly caused by human induced
drivers among which, overexploitation, pollution, invasive alien species, habitat fragmentation,
agricultural expansion, climate change, and poaching, as well as natural drivers such as diseases and
pests outbreaks [1,3,4,5,6,7]. Across regions, human induced climate change is resulting in rise of
temperature and sea-level, heat waves, changes in rainfall pattern like heavy precipitation, and droughts
etc. [6]. All this affect the ecological niches of living organisms, and then exacerbate the other drivers of
biodiversity loss [1]. Mitigating the impacts of climate change on biodiversity needs therefore to be
tackled seriously. It’s the reason why many studies are achieved worldwide to contribute to biodiversity
conservation in the context of climate and global changes. Most of them used the species distribution
models (SDMs). The SDMs (in geographic space), also known as ecological niche models (ENM) (in
environmental space) explore the relationship between species occurrences and environmental variables
to predict the distribution of species at present and in the future and therefore support policy decisions on
biodiversity conservation and sustainable uses [8,9]. SDMs are widely used to answer many research
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questions and provide guidance to biodiversity conservation in various �elds of investigation. For
examples, in �eld exploration to discover new populations and species [10]; identi�cation of potential
invasion hotspots of alien species, monitoring design and quarantine measures to prevent invasions [11];
predictions of range-shifting species [12]; prediction of pest risks to useful plants under climate change
[13]; identi�cation of suitable areas in the context of climate change of agroforestry, forestry and
ornamental plant species [14,15,16,17]; identi�cation of suitable areas in the context of climate change of
birds and frogs to �nd out the effectiveness of protected areas in their conservation [18]; identi�cation of
suitable areas in the context of climate change of critically endangered  parrot (Amazona lilacina) in
order to contribute to its conservation [19]; tracking the pathways of suitable area of the disease fungus
(Batrachochytrium dendrobatidis) in order to contribute to the conservation of amphibian [20];
identi�cation of spatial pattern of species richness [21]; identi�cation of regions with climate suitable for
high diversity [22]; contribution to highlight crucial areas for biodiversity conservation [23]; model
transfers to guide species relocations, introductions and reintroductions [24,25,26] etc.

Chrysophyllum albidum, our species of interest, is a forest food tree species of the Sapotaceae family. Its
fruits are large berries of nutrition, sanitary, and commercial values in many African countries. The
species is found in lowland rain forest and is widely distributed in West, Central and East Africa
[27,28,29]. It grows in South Benin submitted to a sub equatorial climate on ferallitic soils [30]. 

In Africa, forest food trees are alternative sources of foods commonly used by people of various socio-
economical categories as supplement for daily diets and therefore highly contribute to food diversity and
security, and poverty alleviation [28,31,32]. Those authors reported that the fruits of forest food trees are
rich in vitamins, minerals, sugars, proteins etc. and play therefore an important role in the nutritional
balance of people.  Many organs (barks, roots, leaves etc.) of the forest food trees are used in medicine
and then contribute to health care delivery of people [28,31,32]. Among the forest food trees, C. albidum
has a high socio-economic importance due to its multipurpose uses. Indeed, many use categories were
recorded on the species among which food purpose was dominant, especially, the �eshy pulp of the fruits
is largely eaten by local people [28,33,34]. Those authors pointed out that different parts of the species,
especially the barks, the leaves, the seeds, and the fruits are used in folk medicine (treatments of malaria,
sterility, sexual asthenia, asthma, intestinal worms, hemorrhoid, cough, icterus, yellow fever, avitaminosis,
dental decay etc.).

Despite its socio-economic importance, C. albidum is threatened and neglected by people. Indeed, with
respect to regeneration and improvement, C. albidum is considered as a neglected species [28]. In Nigeria
the species is listed as endangered species, prone to extinction [35] while in Benin it is considered as
vulnerable [33]. Due to the high socio-economic, health, nutrition, and commercial values of the species
and its vulnerability to human pressure, we decided to investigate on it. The research questions that
guided our investigation were as follows: 1) what are the favorable areas where to grow C. albidum in
Africa in the context of human pressure and climate change? 2) Does a regional circulation model like
Africlim best predict the spatial distribution of the species than a general circulation model like
MIROCES2L? 3) Can the species successfully be introduced in tropical Asia and Latin America so as to
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become a pan tropical forest food species of interest for the populations of America and Asia? Answering
those questions will contribute to the conservation of the species, its dissemination and promotion
worldwide in the context of climate and global changes. 

2- Material And Methods

Species data
We explored many online repositories to download occurrence data. They are, databases of the Global
Biodiversity Information Facility (GBIF, www.gbif.org), Atlas of living Australia (www.ala.org.au),
iNaturalist (www.inaturalist.org), and speciesLink (www.splink.org.br). We cleaned the data, removing
duplicates, data without coordinates, as well as managed, and introduced specimens. Chrysophyllum
albidum is a terrestrial species and we therefore also removed data falling in Ocean. In order to address
problems associated with spatial sampling biases of the occurrence records, we used the spThin R
package version 0.2.0 [36] for spatial thinning of the records at a minimum distance of 5.0 km to comply
with the spatial resolution of 2.5 arc minutes of the environmental data used in the models. The dataset
used in the model calibration extended in Africa on terrestrial space located between -11.63 West to 13.37
degrees of East longitude and from 3.91 to 10.57 degrees of North latitude (�gure 1).

Predictor data
Data resolution in�uences the quality of models, their predictions, and transferability [26,37]. Poorly
resolved predictors are unlikely to match the ecology of the species [38]. Therefore, taking into account
the spatial density of occurrence data available on C. albidum, we used predictor data at the resolution of
2.5 minutes arc. They are made of 17 bioclimatic variables of the present, downloaded at the spatial
resolution of 2.5 minutes arc on Worldclim site [39]. We also used data on human population density as a
proxy for human pressure, downloaded at the same resolution, on the Socio-Economic Data and
Application Center (SEDAC) [40]. Future bioclimatic environmental data for projection purposes on Africa
were downloaded at Africlim site [41]. The ensemble climatic models [41] were therefore used at the
resolution of 2.5 minutes arc. We used Africlim data for future projection in Africa because, it is found
advantageous over the general circulation models of Worldclim and available for Africa. Indeed, as
regional models, they were downscaled to �t African realities (high density of population living in coastal
areas, marked mountainous topography etc.) [41]. Future bioclimatic data for projections to tropical Asia,
and tropical America were downloaded from Worldclim site. We therefore used the general circulation
Model for Interdisciplinary Research on Climate, Earth System version 2 for Long-term simulations
(MIROCES2L) [42] under the Shared Socioeconomic Pathways 2 (SSP2) and 5 (SSP5) which
approximately correspond respectively to rcp 4.5 and 8.5 scenarios [43]. MIROCES2L is an improvement
of the previous Earth System Models (ESM) (MIROC 5, MIROC 5.2, and MIROC6) [42]. Indeed, according to
those authors, this new model includes a terrestrial biogeochemical component with explicit carbon-
nitrogen interaction that enabled to account for the change in land carbon �uxes; the new model also
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includes an updated ocean biogeochemical component to better describe the relationship between
oceanic primary productivity and multiple nutrient limitations. We addressed the problem of collinearity
between environmental variables. Indeed, collinearity can induce bias in parameter estimation by in�ating
variance of regression parameters and therefore misleads in the choice of the relevant predictors of
models [44,45]. In order to account for this, we extracted the values of the predictors at occurrence points
and run the variance in�ation factor (VIF) function in SDM package [45]. We therefore retained in the
models the less correlated variables. Furthermore, preliminary running of models helped us identify
among the less correlated variables the most contributing ones to the models.

SDM package, model �tting, and evaluation
We used SDM package [45] for data modelling purposes in R [46]. It offered us the facilities needed to
compare the predictive performances of several algorithms / modeling methods and to achieve the
desired ensemble models. In order to compare algorithms and choose the best ones, among the most
common, we used three machine learning algorithms: MaxEnt [47], Boosted Regression Trees (BRT) [48],
Random Forests (RF) [49]; and three regression algorithms: Generalized Linear Model (GLM) [50],
Generalized Additive Models (GAM) [51], and Multivariate Adaptive Regression Spline (MARS) [52]. In
model calibration, the default settings [45] were used. However, when creating the SDM object data, we
generated 10,000 random background points for both types of algorithms. The cross validation method
with 2 replications, making a total of 10 replications was applied to run the models. The predictive
performances of the models generated were measured through their discrimination capacities and
reliabilities using different statistics, namely the area under the curve (AUC) of the receiver-operating
characteristics plot [8,9], the True Skill Statistics (TSS) [53], the point biserial correlation (COR), and the
proportion of explained deviance (Deviance) [8]. Ensemble models were generated using the threshold
that maximized the TSS. This threshold was shown to produce the most accurate predictions [54]. That
threshold was also used to achieve binary transformation of the outputs of the models in QGIS 3.18.1
[55].

3- Results
The results are presented here, �rst with predictions at present to appraise the performances of the
different algorithms, and then the projections in the future are presented with outputs of the most e�cient
algorithms with respect to the known ecology of the species. The differences noted between the outputs
based on environmental variables of MIROCES2L and those of Africlim are presented and commented as
well. In order to account for the clarity of the text, some �gures are presented as electronic supplementary
materials online  

3.1-Variables selected and model-validation 
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After running the variance in�ation factor (VIF) function to account for collinearity between
environmental variables, followed by preliminary runs of the models to identify the most contributing
variables to the models, we �nally retained 5 variables in the models. They are bio3 (isothermality), bio4
(temperature seasonality), bio5 (maximum temperature of the warmest Month), bio12 (annual
precipitation), and pop (population density). Their relative importance is presented on �gure 2. From that
�gure, bio3 (isothermality) is the most contributing variables followed by pop (population density) in the
two types of methods (machine learning and regression). The least contributing variables is bio5
(maximum temperature of the warmest Month).   The bioclimatic variables retained in the models are
quite relevant to the known ecology of C. albidum, a forest food tree species growing in lowland rain
forests of subequatorial Africa. The variable pop (population density) accounted for anthropogenic
pressure in the context of global changes. From the results on model performance, the mean values of
AUC ranged from 0.81 to 0.86 and the mean values of TSS ranged from 0.62 to 0.64 for all the models
(table 1). We therefore deduced that the models performed better than random ones. 

Table 1: Mean values of the statistics of model performance evaluation

Methods AUC

Mean value (standard
deviation)

COR 

Mean value (standard
deviation)

TSS     

Mean value (standard
deviation)

Deviance   

Mean value 

(standard
deviation)

Maxent 0.84 (0.05) 0.48 (0.06) 0.63 (0.11) 0.74     (0.05)

BRT 0.85 (0.04) 0.57 (0.10) 0.62     (0.10) 0.46     (0.04)

RF 0.86     (0.05) 0.6     (0.06) 0.64     (0.10) 0.42 (0.06)

GLM 0.81 (0.04) 0.19 (0.07) 0.64 (0.06) 0.18 (0.01)

GAM 0.83 (0.03) 0.39 (0.05) 0.62 (0.06) 0.17 (0.02)

MARS 0.85 (0.03) 0.39 (0.04) 0.64 (0.07) 0.15 (0.01)

3.2-Predictions at present at the scale of Africa 
From �gures 3, 4, 5 the ability of Maxent, BRT, and RF to predict real presence is noted as the predictions
covered most of the occurrence points of the species with additional predicted favorable areas across
Africa (East and Central Africa, Center and North Madagascar). We point out however that the predictions
of favorable areas of the species with BRT and RF are more extended than that of Maxent; however, under
BRT and RF, the predictions of favorable areas spreading to southern and northern Africa are unrealistic
with respect to the known ecology of C. albidum. As opposed to machine learning algorithms, the
predictions of GLM, GAM, and MARS are mostly unrealistic with respect to the known ecology of C.
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albidum, a forest food tree species found in lowland rain forests of subequatorial Africa (see Electronic
Supplementary Material: Appendices 1 and 2). 

NB: As lesson learnt on predictions at present in Africa, Maxent, BRT, and RF are the most e�cient
algorithms in predicting real presence of C. albidum across Africa. This is also attested by the mean
values of the biserial correlation statistic (COR) which ranked Maxent, BRT, and RF higher than the other
algorithms (table 1).

From the lesson learnt on the results on Africa, we only take into account the predictions of Maxent, BRT,
and RF in our purposes of spatial and temporal model transfers. 

Predictions at present at the scale of Latin America 
According to �gures 6, 7, and 8, C. albidum can be introduced and successfully grow in parts of Latin
America, especially in Center and South Mexico, Honduras, Haiti, Venezuela, Colombia, Bolivia, and East
Brazil.  

Predictions at present at the scale of tropical Asia 
According to �gures 9 and 10, with respect to the outputs of BRT and RF, C. albidum can be introduced
and successfully grow in parts of Asia, especially in East Pakistan, India, and Center-East China, Japan
and southern parts of tropical Asia, especially Indonesia, Malaysia, Papua New Guinea. Those predictions
are opposed to that of Maxent which predicted no favorable area of C. albidum in Asia (see Electronic
Supplementary Material: Appendix 3).

Predictions for the future and impacts of climate change at
the scale of Africa 
We remind here that we used two sources of environmental data, the general circulation Model for
Interdisciplinary Research on Climate, Earth System version 2 for Long-term simulations (MIROCES2L)
and the regional circulation model downloaded from Africlim 

Predictions with Africlim 
According to the predictions of Maxent, under rcp 4.5 and rcp 8.5, horizon 2055, the favorable areas of C.
albidum will extend mostly in West, East, Central, and Southern Africa as well as in East Madagascar (see
Electronic Supplementary Material: �gures 11a and 11b, Appendix 4). Compared to rcp 4.5, the
predictions under rcp 8.5 showed sparsely more extensions of favorable areas in West African countries,
East Africa, South DRC, and Madagascar (see Electronic Supplementary Material: Appendix 5a). Under



Page 8/37

both scenarios, with respect to present, some limited losses of favorable areas will however sparsely be
noted, mostly in Center-West Togo, in some East African countries, Center DRC, and Madagascar. As
opposed to Maxent, the predictions of BRT and RF under both scenarios are unrealistic with respect to the
known ecology of C. albidum (see Electronic Supplementary Material: �gure 12) 

Predictions with MIROCES2L 
With respect to the predictions of Maxent, under scenarios SSP245 and SSP585, horizon 2060, the
favorable areas of the species will be quite limited (see Electronic Supplementary Material: �gures
13a and 13b) compared to the respective predictions under Africlim rcp 4.5 and rcp 8.5 horizon 2055 (see
Electronic Supplementary Material: �gures 11 a and 11b). The predictions of favorable areas of the three
algorithms converged approximately and cover parts of West, East, and Central Africa as well as North of
Madagascar (see Electronic Supplementary Material: �gures 13a, 13b, 14a, 14b, 15a, and 15b). When
compared to the present, the predictions of the algorithms also roughly converged and showed sparse
extensions of favorable areas of the species in the same geographic sub regions. 

From the predictions of Maxent under both scenarios, we also noted losses of favorable areas of the
species with respect to the present, sparsely in West Africa (Benin), East and Central Africa as well as
across Madagascar. Additional losses of favorable areas will also be noted in East Africa when the
predictions of BRT and RF are considered.

The predictions of the three algorithms under SSP 585 also roughly converged when compared to the
predictions under SSP245, and showed losses of favorable areas in West Africa (Benin and Togo), and
across Central and East Africa as well as Madagascar. 

Comparison of predictions under Africlim and MIROCES2L  

The predictions of favorable areas with Maxent are more extended under Africlim than under MIROCES2L
(see Electronic Supplementary Material: �gure 16). Indeed, there is a signi�cant extension of favorable
areas of C. albidum in West, East, and Central Africa, as well as in Central Madagascar under Africlim rcp
4.5 and rcp 8.5 than under the scenarios of MIROES2L. Some losses are however sparsely noted in East
and Central Africa and North Madagascar under Africlim rcp 4.5 and rcp 8.5 compared to the scenarios of
MIROCES2L. 

Lessons learnt with respect to the predictions in Africa 

At the scale of Africa, the predictions at present and in the future are consistent and coherent with Maxent
either with Africlim, rcp 4.5 and 8.5 horizon 2055 or MIROCES2L SSP 245 and SSP 585 horizon 2060. The
predictions with Africlim are however more extensive and realistic with respect to the known ecology of
the species than with MIROCSE2L. As for BRT and RF, the predictions are coherent and realistic at present
and in the future only with MIROCES2L. The predictions in the future with BRT and RF are incoherent and
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unrealistic with Africlim as far as the known ecology of the species is concerned. Compatibility between
climate models and algorithms is therefore suspected and need further investigation. 

Predictions for the future and impacts of climate change at
the scale of Latin America 
The predictions of the three algorithms converged and showed that, under MIROCES2L, scenarios
SSP245 and SSP585 horizon 2060, the favorable areas of C. albidum covers Central America (South
Mexico, Guatemala, Honduras, and Haiti) and South America (Venezuela, Colombia, Ecuador, Peru,
Bolivia, and Brazil) (see Electronic Supplementary Material: �gures 17a, 17b, 18a, 18b, 19a, 19b). 

Compared to the present, with Maxent and BRT, under both scenarios, extensions of favorable areas of
the species will be noted in the same geographical area along with some losses. The favorable areas of
the species will be more extended in parts of South America (Venezuela, Colombia, Peru, and Brazil) when
RF is considered (see Electronic Supplementary Material: �gures 19a and 19b) although along with some
losses of favorable areas.  

With respect to MIROCES2L, scenario SSP245, the predictions of the three algorithms under SSP585
converged and showed that extension of favorable areas will sparsely be noted in Central and South
America while some losses will be deplored sparsely in the same geographical areas. 

Lessons learnt with respect to the predictions in America

All the algorithms used are consistent in predicting a successful introduction of C. albidum in Latin
America, mainly in Central America (Mexico, Guatemala, Honduras, Belize, Haiti) and North of South
America (Venezuela, Colombia, Ecuador, Peru, Chile, Bolivia, and Brazil). 

Predictions for the future and impacts of climate change at
the scale of tropical Asia 
The projection of the spatial distribution of C. albidum with BRT is quite complementary to that of RF.
Indeed, with the predictions of BRT under both scenarios of MIROCES2L, the species can be introduced
and successfully grow in South and East Asia (East Pakistan, India, and Center-East China) (see
Electronic Supplementary Material: �gures 20a, 20b); compared to the present, extension of favorable
area will be sparsely noted across the same geographic areas along with limited losses of favorable
areas in India. Complementary to BRT, the predictions of RF covers India, China, Taiwan, province of
China, Japan and the Southern islands of the continent (Indonesia, Malaysia, PHL, North Papua New
Guinea, and Malaysia (see Electronic Supplementary Material: �gures 21a, 21b). With RF and compared
to the present, extension of favorable areas will be sparsely noted across the same geographic areas.
Limited losses of favorable areas will however be deplored across the same geographic areas.
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Predictions of RF and BRT are opposed to those of Maxent which predicted no favorable area of the
species in tropical Asia under the same scenarios. 

Lessons learnt with respect to the predictions in tropical Asia

Predictions of spatial distribution of C. albidum at present and in future under MIROCES2L, scenarios
SSP245 and SSP585, horizon 2060 were coherent and even complementary between BRT and RF and
showed that the species can be successfully introduced to Center and southern countries of Asia, mainly
India, China, Taiwan province of China, Japan, Indonesia, Malaysia, PHL, North Papua New Guinea.
Predictions of BRT and RF are opposed to those of Maxent which predicted no favorable area of the
species in tropical Asia under the same scenarios.

Discussion And Conclusion

Ecology of the species versus environmental factors
governing its spatial distribution 
According to [56] and [57] and as also reported by many authors, Chrysophyllum albidum is primarily a
tropical rain forest food tree species widely distributed in West, Central, and East Africa [27,28,29].
 Temperature and rainfall should therefore govern the spatial distribution of the species. In the models,
the isothermality (bio3) measuring the rate of diurnal range of temperature with respect to the annual
range [58] is the most contributing variable identi�ed by almost all the algorithms. Furthermore and
complementary to isothermality (bio3), temperature seasonality (bio4) that measures the variability of
temperature or temperature change along the year [58] is also important in the models. Those variables
are consistent with the known ecology of the species and clearly showed its sensitivity to the variability
of temperature across its natural range. The annual precipitation (bio12) is the total water inputs along
the year and helps ascertain the importance of water availability to the species distribution [58]; it also
played a signi�cant role in the models and this is obviously in line with the known ecological traits of
Chrysophyllum albidum. The maximum temperature of the warmest month (bio5) is also retained in the
model although with limited importance showing that C. albidum is not so affected by warm temperature
anomalies throughout the year. In its natural range, the favorable areas of the species are submitted to
human pressure causing its habitat degradation and fragmentation [34,59]. The variable population
density (pop) accounts for human pressure and its importance is identi�ed by all the models. Our results
are supported by those of [60] who underlined the importance of temperature seasonality (bio4), and
annual precipitation (bio12) among the environmental variables governing the distribution of the species
in Benin. Apart from those two variables, [60] found out that precipitation of the driest quarter (bio17) was
the most contributing variables to the distribution model of the species. Precipitation of driest quarter
(bio17) also contributes to annual precipitation (bio12) and was eliminated from our models when
performing the test of collinearity on environmental variables. Our results also align at least partially with
those of [61]. Indeed, in their studies on the species in Nigeria, they listed the temperature seasonality
(bio3) among the contributing variables to the distribution model of the species, although with limited
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importance in comparison with the minimum temperature of the coldest month (bio6). The contribution
of the variable “population density” as pointed out in the models highlighted that human pressure will
impact the spatial distribution of the species. In respect to that, in favorable areas of the species,
landscape management is required so as to avoid continuous land degradation that can impact the
spatial distribution of the species.  

Prediction performances of the modelling methods used in
the study 
From our results, machine learning methods (Maxent, BRT, and RF) performed better than regression
methods (GLM, GAM, and MARS). Indeed at present in Africa, the predictions of favorable areas of C.
albidum by the machine learning methods covered at least the occurrence points of the species while the
predictions at present from the regression methods failed in that respect. This result is also attested by
the values of the performance statistics AUC, TSS, and COR. AUC and TSS are correlated [54] and
measure model performance in terms of their discrimination capacity or their ability in detecting real
presence from absence [8,9,12,62]. In this study, the values of AUC ranged from 0.84 to 0.86 and from
0.81 to 0.85 respectively for machine learning methods and regression methods; the TSS values were
however less discriminant with regards to the two types of methods and ranged from 0.62 to 0.64 for
either of them.  Deviance measures the deviation of the overall mean prediction values with respect to the
overall presence and absence of the species [8]; it is a measurement of the goodness of �t of the models.
When we observe the deviance mean values of the models, however, machine learning methods had the
highest deviation mean values (0.42 - 0.74) whereas the lowest deviation values (0.15 – 0.18) were
observed with regression methods. Reliability is another measure of model predictive performance and is
related to the successfulness of a model in predicting real presence [8]. In this study, the point biserial
correlation (COR) [62] is a measurement of the model’s reliability. Its values ranged from 0.48 to 0.6 for
machine learning methods against 0.19 to 0.39 for regression methods. Our results are supported by
those of [62] who compared the predictive performance of several methods including those used in this
study on a large range of plant and animal species. On the basis of the statistics AUC and COR values,
they found out that BRT and Maxent were among the methods that outperformed others like GLM, GAM,
and MARS. [63] in their study on three cane species in China, pointed out the good predictive performance
of RF. [25] in their study of model transferability applied to a range of species including birds, butter�ies,
and plants of Finland, found out among several modelling methods that Maxent and BRT was among the
most performing ones as opposed to RF. In contrary to our results, they pointed out the good
transferability of GLM and GAM. Our results are also in line with [26] when they pointed out that although
GLM and GAM can prove good in model transfers, they can also generate unrealistic predictions outside
the training data of the species. Our �ndings might however be relative or case dependent. Indeed, [64],
modelling numerous amphibian and reptile species of Portugal, concluded that model performance
strongly depends on the geographical and environmental distributions of the species being modelled. [65]
in modelling potatoes species of South Africa used several modelling methods and found out variability



Page 12/37

in their predictions mainly due to input type of data (presence / absence vs. presence only data) and
extrapolation assumptions of the methods. They did not identify a best method for predictions. GLM,
GAM, and MARS were initially conceived to use presence/absence data [65] and since we used only
presence data in our study, background points’ generation in modelling approaches like in SDM package
[45] instead of real absence might be limiting for the ability of predictions of the regression methods. 

C. albidum, a potential pan tropical forest food species,
strategies for its conservation under climate and global
changes 
Predictive models are vital to inform decisions on natural resource management in the context of climate
and global changes [26]. In order to appraise the impacts of climate change on the management of the
population of C. albidum in the tropics, we performed temporal and spatial transfers of the models
achieved. Because regression models failed in predicting realistic presence of the species at present, we
excluded them for spatial and temporal transfers. 

Model transfers have many advantages and can guide decision making in resource management and
biodiversity conservation [26]. The spatial model transfers at present across Africa with the outputs of
Maxent, BRT, and RF were quite consistent with the known ecology of Chrysophyllum albidum. We can
therefore take the prediction of the species at present in Madagascar as realistic and consider that the
species can be successfully introduced in that country.  

When we considered environmental data from Africlim [41], the predictions of the models developed with
Maxent showed at future, a positive impact of climate change on the spatial distribution of the species
across Africa under both scenarios rcp 4.5 and rcp 8.5 at horizon 2055. Indeed, the extension of the range
of the species under both scenarios was noted in West, East, and Central Africa as well as in Madagascar.
The species is therefore not at risk across Africa with respect to climate change. Our results are supported
by those of [61] and [60] who respectively found out an extension of the favorable areas of the species in
Nigeria and in Benin under climate change. 

Globally, spatial and temporal model transfers with the outputs of Maxent are consistent and coherent
with the known ecology of the species either with Africlim under rcp 4.5 and 8.5 horizon 2055 or
MIROCES2L SSP245 and SSP585 horizon 2060. The predictions with Africlim were however more
extensive and realistic than with MIROCSE2L.  

As for BRT and RF, the predictions were coherent and realistic at present and in the future only with
MIROCSE2L. Indeed, with respect to the known ecology of the species, the predictions in the future with
BRT and RF are incoherent and unrealistic with Africlim. Environmental data from Africlim are derived
from regional circulation models downscaled to �t the realities of Africa made of high density of
populations in coastal areas and marked mountainous topography [41]. The outputs with Africlim should
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therefore be more realistic than those from general circulation models like MIROCSE2L [42]. A problem of
compatibility between algorithms and the source of environmental data can therefore be suspected and
need further investigation. 

Spatial transfers can contribute to species relocations or reintroductions like the case of Pale-headed
Brush-Finch (Atlapetes pallidiceps) in the Andes of Ecuador [24]; �eld exploration to discover new
populations and species [10]; identi�cation of potential invasion hotspots of alien species, monitoring
design and quarantine measures to prevent invasions [11]; predictions on range-shifting species [12].
Indeed, spatial transfers are quite exciting when it can help introduce new species in potential favorable
areas. In this study, we transferred the models to Latin America and tropical Asia. All the algorithms used
were consistent in predicting a successful introduction of C. albidum in Latin America both at present and
in the future, mainly in Central America (Mexico, Guatemala, Honduras, Belize, and Haiti) and North of
South America (Venezuela, Colombia, Ecuador, Peru, Chile, Bolivia, and Brazil). Predictions of spatial
distribution of C. albidum at present and in future under SSP245 and SSP585 horizon 2060 were
coherent and even complementary between BRT and RF and, showed that the species can be
successfully introduced to Center and southern countries of Asia, mainly India, China, Taiwan province of
China, Japan, Indonesia, Malaysia, PHL, North Papua New Guinea. In that respect, the predictions
obtained with BRT and RF were opposed to those of Maxent which predicted no favorable area of the
species in tropical Asia under the same scenarios.  

Although extrapolation errors are inherent to model transfers [12], the successful introduction of C.
albidum in tropical Asia is however credible from our experience and �eld observations. Indeed, the
natural range of teak (Tectona grandis L. f.) is tropical Asia (Myanmar, India, Thailand, and Laos) [66, 67].
It was introduced in Benin, West Africa, in 1916 and has been intensively and successfully cultivated
since then in the country [68]. C. albidum is growing just in adjacent lands to teak plantations and even
inside teak plantations in Benin. We therefore deduce that some similarity traits exist between the ecology
of the two species. The predictions of favorable areas of C. albidum in the natural range of teak in Asia
must therefore be accredited. Furthermore, from the world distribution map of teak [69], teak is growing
extensively in tropical America including Latin America and largely in tropical Asia. The favorable areas
predicted in this work both at present and in future for C. albidum are comprised in the distribution range
of teak predicted by [69] either in Latin America or in Tropical Asia. This further underlines the reliability of
the projections obtained with our models. We can therefore infer that the predictions of favorable areas of
C. albidum in Latin America and tropical Asia are credible. 

The species is native to Africa and the favorable areas in the future under both scenarios of Africlim and
MIROC2EL on the continent should be explored. In the predicted favorable area, we recommend to
introduce the species where it is absent and increase its stocks where it is already present but at low
densities. In Latin America and tropical Asia, it is worth to introduce the species in the predicted favorable
areas and follow up with adequate care so as to enable its establishment. At the regional levels (Africa,
Latin America, and tropical Asia), the variable soil was not considered in the modelling process. At local
scale however, where the introduction of the species is envisioned, types of soil can become a limiting
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factor for the successful establishments of the species [70]. Indeed, C. albidum is mostly found on
ferrallitic well-drained soils in its natural range; its introduction elsewhere should therefore take into
account the appropriate types of soils to enable success. In response to the important contribution of the
variable "population density" to the models, human pressure will impact the spatial distribution of the
species. Landscape management is therefore required so as to attribute clear vocations to land-use and
then avoid continuous land degradation and conversion to agriculture or grazing. The species can
therefore be introduced in agroforestry and forestry land-use vocations and then safeguarded with
adequate cultural cares. 
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Figure 1

Spatial distribution of the occurrence points of C. albidum across Africa

Source of occurrence points: GBIF.org (1 March 2021) GBIF Occurrence
Download https://doi.org/10.15468/dl.pg7stw

https://doi.org/10.15468/dl.pg7stw
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Figure 2

Relative importance of the environmental variables in the models: a) Maxent, b) BRT, c) RF, d) GLM, e)
GAM, and f) MARS
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Figure 3

Projection at present of the spatial distribution of C. albidum according to Maxent across Africa with
occurrence points 
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Figure 4

Projection at present of the spatial distribution of C. albidum according to BRT across Africa with
occurrence points
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Figure 5

Projection at present of the spatial distribution of C. albidum according to RF across Africa with
occurrence points
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Figure 6

Projection at present of the spatial distribution of C. albidum across Latin America according to Maxent
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Figure 7

Projection at present of the spatial distribution of C. albidum across Latin America according to BRT
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Figure 8

Projection at present of the spatial distribution of C. albidum across Latin America according to RF
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Figure 9

Projection at present of the spatial distribution of C. albidum across tropical Asia according to BRT
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Figure 10

Projection at present of the spatial distribution of C. albidum across tropical Asia according to RF
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Figure 11

Spatial distribution of C. albidum across Africa according to Maxent: a) at horizon 2055 rcp 4.5; b) at
horizon 2055 rcp 8.5.

Figure 12

Spatial distribution of C. albidum across Africa: a) under rcp 4.5 / rcp 8.5, horizon 2055 according to BRT;
b) under rcp 4.5 / rcp 8.5, horizon 2055 according to RF. 
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Figure 13

Spatial distribution of C. albidum across Africa according to Maxent: a) at horizon 2060 SSP245; b) at
horizon 2060 SSP585
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Figure 14

Spatial distribution of C. albidum across Africa according to BRT: a) at horizon 2060 SSP245; b) at
horizon 2060 SSP585.

Figure 15

Spatial distribution of C. albidum across Africa according to RF: a) at horizon 2060 SSP245; b) at horizon
2060 SSP585.
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Figure 16

Comparison of predictions under Africlim and MIROCES2L according to Maxent: a) extension of
favorable area of the species under Africlim rcp 4.5 horizon 2055 with respect to MIROCES2L SSP245
horizon 2060; b) extension of favorable area under Africlim rcp 8.5 horizon 2055 with respect to
MIROCES2L SSP585 horizon 2060.

Figure 17



Page 34/37

Spatial distribution of C. albidum across Latin America according to Maxent: a) at horizon 2060 SSP245;
b) at horizon 2060 SSP585

Figure 18

Spatial distribution of C. albidum across Latin America according to BRT: a) at horizon 2060 SSP245; b)
at horizon 2060 SSP585
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Figure 19

Spatial distribution of C. albidum across Latin America according to RF: a) at horizon 2060 SSP245; b) at
horizon 2060 SSP585

Figure 20
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Spatial distribution of C. albidum across tropical Asia according to BRT: a) at horizon 2060 SSP245; b) at
horizon 2060 SSP585

Figure 21

Spatial distribution of C. albidum across tropical Asia according to RF: a) at horizon 2060 SSP245; b) at
horizon 2060 SSP585
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