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Abstract  Common bean (Phaseolus vulgaris L.) 
is a widely cultivated legume and a key source of 
dietary protein globally. This study employed Max-
Ent modelling to predict the potential distribution of 
P. vulgaris landraces on Madeira Island, Portugal, 
where local landraces are predominant. A dataset of 
247 occurrence records (2000—2010) was integrated 
with environmental variables, including altitude, tem-
perature (average, minimum, and maximum), precipi-
tation, evapotranspiration parameters, and soil types. 
The model demonstrated strong predictive perfor-
mance (AUC = 0.843) with no evidence of overfit-
ting. Jackknife analysis identified altitude as the most 
influential variable, contributing 76.7% to the model’s 

gain. Although temperature—particularly maximum 
temperature—was also important, its effects were 
closely correlated with altitude, which drives temper-
ature gradients across the island. While precipitation 
alone had a limited influence, the most suitable areas 
aligned with zones of higher accumulated rainfall, 
suggesting a complementary role when thermal and 
altitudinal conditions are favourable. Response curves 
indicated that P. vulgaris favours lower altitudes, 
warmer climates (16—23 °C), and regions with ele-
vated real evapotranspiration. Suitability maps con-
firmed that the northern coastal areas, characterized 
by low elevations, moderate temperatures, and higher 
precipitation, offer the most favourable conditions for 
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cultivation. These findings provide valuable insights 
for the conservation and sustainable management of 
P. vulgaris agrobiodiversity in Madeira.

Keywords  Common Bean · Modelling Training · 
Species Distribution Models · Agrobiodiversity · 
Climatic Conditions · Environmental variables

Introduction

The daily diet and protein intake of humanity rely 
heavily on legumes, with the common bean (Pha-
seolus vulgaris L.) being the most cultivated and 
consumed grain legume (Bitocchi et  al. 2017). Its 
worldwide production has been estimated at 28.5 
million tonnes (Mt) of dry grain by 2023 according 
to FAO (2025). The crop was harvested from a total 
area of 37.8 million hectares (Mha). String beans 
or green beans had a total production of 1.4 Mt cul-
tivated across 0.14 Mha. In Europe, dry bean pro-
duction, with 0.34 Mt in 0.2 Mha, accounts for only 
1.2% of the total world production, whereas string 
bean production, with 1.1 Mt, contributes 78.1% of 
the world’s production (FAO 2025). Portugal, with 
a production of dry and string beans of 3.6 and 9.9 
thousand tonnes respectively, accounts for 1.1% and 
0.9% of European common bean production (INE 
2024). The Madeira Archipelago, an outermost 
region of Portugal, with an estimated production of 
1.2 and 2.4 thousand tonnes, contributes 34.4% and 
25.0% to the Portuguese production of dry and string 
beans, respectively (DREM 2024). It is important to 
highlight that bean production in Madeira is predomi-
nantly based on local cultivars, such as landraces or 
acclimated cultivars, cultivated under low-input con-
ditions in a territory characterized by highly variable 
agroecological conditions and a diverse landscape 
(Pinheiro de Carvalho et al. 2019).

The common beans belong to the Phaseolus 
genus, comprising 70 identified species, including 
six domesticated crops: P. vulgaris L., P. coccineus 
L., P. dumosus Macfad [P. polyanthus Greenman], 
P. lunatus L., P. acutifolius A. Gray, and P. ritensis 
M.E. Jones (Hanelt 2001; Broughton et  al. 2003; 
Bitocchi et al. 2017). In this study, we use the Mans-
field classification system for beans (https://​mansf​eld.​

ipk-​gater​sleben.​de/), which recognizes P. polyanthus 
and P. ritensis as local or neglected cultivated spe-
cies. For the common bean crop, ten taxonomic and 
agronomic entities are recognized, including two sub-
species, two varieties, and the group known as nuñas 
(Hanelt 2001). P. vulgaris was initially domesticated 
in the New World between 8,000 to 10,000 years ago 
(Debouck et  al. 1993). Two distinct domestication 
events have been documented in the Americas: one in 
Mesoamerica and the other in the Andes, giving rise 
to two major domesticated gene pools that can be rec-
ognized by their specific phaseolin patterns (Debouck 
et al. 1993; da Silva et al. 2010). The adaptive capac-
ity of P. vulgaris to a broad range of environments 
has led to widespread cultivation and the breakdown 
of spatial isolation between the Mesoamerican and 
Andean gene pools, facilitating spontaneous hybridi-
zation and increasing the likelihood of novel geno-
types and phenotypes (Bitocchi et al. 2017).

The infraspecific diversity of a crop species 
can typically be expressed by several taxonomic 
and agronomic entities, namely subspecies, varie-
ties, cultigens, and landraces (Zeven 1998; Hammer 
and Morimoto 2011). Landraces are the result of 
crop adaptation to local agroecological conditions 
and years of natural and human selection, aimed at 
improving adaptation and yield quality. They are 
defined as dynamic, heterogeneous populations of a 
crop species that have evolved within a specific eco-
geographical region, adapted to local soil and climate 
conditions, traditional management practices, and 
uses (Bareke 2018).

A previous study assessing the morphological diver-
sity of common beans on Madeira Island, including 
50 known germplasm accessions from the ISOPlexis 
Germplasm Bank, characterized 58 morphological 
traits and identified 15 distinct groups encompassing 
both traditional landraces and local cultivars (Freitas 
et  al. 2011). Due to the predominance of acid ando-
sols and unsaturated cambisols in Madeiran soils, alu-
minium (Al) toxicity under acidic conditions can be a 
limiting abiotic factor for crops (Barceló and Poschen-
rieder 2002). An Al-tolerance assessment of 15 P. vul-
garis accessions from Madeira showed high tolerance 
to Al-induced stress, demonstrating their adaptation to 
inhospitable soils (Domingues et  al. 2013). Addition-
ally, nutritional and mineral analyses of 52 local P. 

https://mansfeld.ipk-gatersleben.de/
https://mansfeld.ipk-gatersleben.de/
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vulgaris accessions cultivated under identical condi-
tions revealed significant variability, confirming their 
inherent genetic diversity (Gouveia et  al. 2014). In 
addition, most of these landraces have developed tol-
erance to specific abiotic and biotic stresses, showing 
resistance to pathogens, pests, and various environ-
mental conditions (Newton et al. 2010). Each landrace 
population can be identified as a subgroup within a cat-
egory or name used by farmers to distinguish different 
cultivars (Benz et al. 2007).

To identify the most suitable areas for P. vulgaris 
cultivation on Madeira Island and to understand 
the limiting factors for its growth, two modelling 
approaches are available: mechanistic and correla-
tive. Mechanistic models integrate physiological con-
straints that limit a species’ ability to tolerate environ-
mental stress but require comprehensive knowledge 
of how the species responds to environmental factors, 
making them difficult to construct (Pearson 2010). In 
contrast, correlative models determine the influence 
of environmental conditions on species distribution 
by linking known occurrence records with environ-
mental variables (Pearson 2010).

Correlative models, also referred to as species dis-
tribution models (SDMs), can be analysed using soft-
ware such as Maximum Entropy (MaxEnt). MaxEnt 
estimates the probability distribution of maximum 
entropy based on a set of constraints reflecting lim-
ited knowledge about the species’ distribution (Phil-
lips et  al. 2006). MaxEnt has been used to predict 
crop yield potential and to support precision agricul-
ture, including the analysis of relationships between 
soil properties and topography (Norberto et al. 2023). 
Crops like rice, wheat, maize, and soybean have been 
modelled using MaxEnt to simulate the distribution 
of planting suitability areas concerning climate, ecol-
ogy, and human activity (Taba-Morales et  al. 2020; 
Yang et  al. 2022; Fitzgibbon et  al. 2022; Ali et  al. 
2023).

In this study, we developed correlative models 
using the MaxEnt software based on the correlation 
between P. vulgaris occurrence records on Madeira 
Island and physical and climatic variables retrieved 
from several sources, to better understand the poten-
tial geographic limits of its distribution.

Methodology

Sampling of Phaseolus vulgaris in Madeira

The ISOPlexis—Center for Sustainable Agricul-
ture and Food Technology (University of Madeira, 
Portugal) has systematically collected information 
and seed samples from local farmers across Madeira 
Island over several years. This study is based on data 
obtained from Phaseolus vulgaris cultivars collected 
during the most intensive and comprehensive sam-
pling period, spanning from 2000 to 2010 (Fig.  1). 
During this decade, the presence of P. vulgaris cul-
tivars was recorded at 247 distinct locations across 
the island. These geo-referenced occurrence records 
serve as the foundational dataset for the current analy-
sis and modelling approach. This period (2000–2010) 
was specifically chosen because it coincides with the 
most extensive and systematic collection effort of our 
research group across Madeira Island. The compre-
hensive nature of this campaign, which covered the 
entire territory, ensures that the dataset used is the 
most robust and representative currently available for 
modelling purposes. It is also important to note that 
all occurrence records correspond to cultivated stands 
of landraces maintained under traditional human 
management. Collections were carried out directly in 
farmers’ fields, ensuring that the dataset reflects both 
the environmental suitability and the long-standing 
agricultural practices that have shaped the distribu-
tion of common bean in Madeira.

Environmental variables

Given the limited geographical area of Madeira 
Island (741 km2) and the relatively coarse resolu-
tion (~ 1 km2) of global environmental layers such as 
those from WorldClim, directly applying these layers 
could lead to pixel overlap and visual distortion in the 
images generated by MaxEnt. To mitigate this issue, 
localized climate data (Table 1) were used from eight 
meteorological stations across the island, managed by 
the Portuguese Institute of the Sea and Atmosphere 
(IPMA). These stations covered the same period as 
the sampling (2000—2010). The climatic variables 
used in this study included average, minimum, and 
maximum temperatures (°C), as well as accumu-
lated precipitation (mm), following Macedo et  al. 
(2023). Monthly values were initially collected for 
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each station and variable, from which annual averages 
were subsequently calculated.

Spatial analysis of temperature was per-
formed using annual data on average temperature 

(Ave_Temp), minimum temperature (Min_Temp), 
and maximum temperature (Max_Temp), and was 
processed according to the methodology described 
by Santos et  al. (2015). Spatial interpolation of 

Fig. 1   Sampling sites for Phaseolus vulgaris on Madeira Island

Table 1   Spearman’s correlation matrix between the study variables

** Correlation is significant at the 0.01 level (2-tailed). Ave_Temp: average temperature, Min_Temp: minimum temperature, Max_
Temp: maximum temperature, Alt: altitude, Acc_Prec: accumulated precipitation, ETP: potential evapotranspiration, ETR: real evap-
otranspiration, Def: water deficit

Tmed Tmax Tmin Alt Acc_Prec ETP ETR Def

Tmed – – – – – – – –
Tmax 0,976** – – – – – – –
Tmin 0,952** 0,905** – – – – – –
Alt −0,952** −0,905** −1,000** – – – – –
Acc_Prec −0,524 −0,571 −0,381 0,381 – – – –
ETP 0,952** 0,929** 0,881** −0,881** −0,476 – – –
ETR −0,405 −0,333 −0,286 0,286 0,619 −0,429 – –
Def 0,952** 0,929** 0,881** −0,881** −0,476 1,000** −0,429 –
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accumulated precipitation (Acc_Prec), Potential 
Evapotranspiration (ETP), Real Evapotranspira-
tion (ETR), and Water Deficit (Def) was conducted 
using the Inverse Distance Weighting (IDW) method 
in ArcGIS Pro 3.4.2 software (ESRI 2022). Altitude 
data were obtained from the Space Shuttle Radar 
Topographic Mission (SRTM) v.4.1, provided by the 
CGIAR-CSI (Farr and Kobrick 2000). Soil type infor-
mation was provided as a shapefile by the Regional 
Directorate for Spatial Planning (DROTA) and was 
converted into numerical values, with each number 
corresponding to a specific soil class. The soil types 
included: 1—Rocky Terrain (TRe); 2—Vitric Ando-
sols (Anz); 3—Dystric Rocky Terrain (TRd); 4—
Dystric Cambisols (CMd); 5—Dystric Hilly Terrain 
(TAd); 6—Humic Cambisols (CMu); 7—Chromic 
Cambisols (CMx); 8—Haplic Phaeozems (PHh); 
9—Eutric Hilly Terrain (TAe); 10—Vertic Cambi-
sols (CMv); 11—Eutric Vertisols (VRe); 12—Eutric 
Fluvisols (FLe); 13—Eutric Cambisols (CMe); 14—
Umbric Andosols (Anu); 15—Beach Deposits (Dp); 
16—Dystric Fluvisols (FLd); 17—Saline Accumula-
tions (S); 18—Haplic Phaeozems (Phh); 19—Haplic 
Calcisols (Clh); 20—Calcaric Arenosols (Arc); 21—
Urban Area.

All environmental variables were resampled to 
a 90-m spatial resolution to match the SRTM data. 
These raster layers were then converted into ASCII 
format using ArcGIS Pro to ensure compatibility with 
MaxEnt version 3.4.1 (Phillips et al. 2006).

Data modelling

Species distribution modelling was conducted using 
MaxEnt software due to its intuitive interface and its 
proven ability to produce robust predictions using P. 
vulgaris presence-only data combined with environ-
mental variables. MaxEnt operates by estimating the 
probability distribution of maximum entropy, con-
strained by the environmental conditions at the pres-
ence locations, and comparing it with randomly sam-
pled background points. In this study, 70% of the data 
was employed to simulate the model, whereas the 
remaining 30% was used for testing. The following 
modelling parameters were applied: linear, quadratic, 
and product features were enabled; auto features were 
activated; logistic output format was selected; random 
seed was activated to ensure replicability; the regular-
ization multiplier was set to 3 to avoid overfitting; 10 

replicates were performed; the convergence threshold 
was set to 10⁻5; the maximum number of iterations 
was kept at the default value of 500; and the option 
to add samples to the background was activated to 
improve model reliability.

MaxEnt was deliberately selected as the sole 
modelling approach in this study, as it provides 
robust results with presence-only datasets, is 
straightforward to implement, and is widely recog-
nized for its reliability. The objective of this work 
was not to compare different modelling algorithms, 
but rather to establish a consistent and representa-
tive baseline prediction of the potential distribution 
of P. vulgaris landraces in Madeira. For this reason, 
alternative methods involving pseudo-absence gen-
eration or presence–absence models were intention-
ally kept outside the scope of this article.

Model evaluation

The species distribution model developed using 
MaxEnt was evaluated using the Area Under the 
Receiver Operating Characteristic Curve (AUC) and 
the Jackknife test. Additionally, the model’s output 
was used to classify potential habitat suitability into 
five distinct categories. In this study, we chose AUC 
as the sole evaluation metric because it is thresh-
old-independent, widely used, and well suited for 
presence-only modelling approaches such as Max-
Ent. Alternative statistics, such as TSS or Kappa, 
require the definition of classification thresholds, 
which may introduce additional subjectivity. While 
these complementary metrics could be considered 
in future research, AUC was deemed sufficient to 
evaluate the discriminatory capacity of the model in 
the present work.

The AUC is a key metric for assessing the mod-
el’s discriminatory power, indicating its ability to 
distinguish between presence and absence (true 
positives and true negatives) of the species (Phillips 
et al. 2006). The values were interpreted according 
to standard classification thresholds and categorized 
into five performance levels: failure (0.5—0.6), 
poor (0.6—0.7), regular (0.7—0.8), good (0.8—
0.9), and excellent (0.9—1.0). This framework 
allows for a clear and objective evaluation of model 
performance (Krzanowski and Hand 2009).
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MaxEnt also produces a logistic output repre-
senting the probability of species occurrence, which 
was used to categorize habitat suitability into five 
levels: unsuitable (0—0.2), barely suitable (0.2—
0.4), suitable (0.4—0.6), highly suitable (0.6—0.7), 
and very highly suitable (0.7—1.0) (Chang et  al. 
2020). This classification aids in identifying key 
areas for the conservation and sustainable manage-
ment of P. vulgaris landraces.

To determine the relative importance of each 
environmental variable, the Jackknife test was 
applied. This analysis provides insight into which 
variables most strongly influence the distribution 
of P. vulgaris by measuring the gain of the model 
when each variable is used in isolation and when 
omitted.

Correlation analysis

Correlation analysis was performed using IBM SPSS 
Statistics, version 29 (IBM Corp  2022). The analy-
sis included eight environmental variables: seven 
climatic variables collected from eight weather sta-
tions across Madeira Island, managed by IPMA, and 
altitude. The data covered the sampling period from 
2000 to 2010. The assumption of normality for each 
variable was evaluated using quantile–quantile (Q–Q) 
plots. Visual inspection of these plots revealed that 
some variables did not follow a normal distribution. 
Therefore, the non-parametric Spearman’s rank-
order correlation was applied to assess relationships 
among variables. The strength of the correlations was 
interpreted following Akoglu (2018), categorized as: 
very weak (0.00–0.19), weak (0.20–0.39), moder-
ate (0.40–0.69), strong (0.70–0.89), and very strong 
(0.90–1.00). These categories apply to both positive 
and negative values, as the classification is based on 
the magnitude of the coefficient, while the sign indi-
cates the direction of the relationship.

It is important to note that the correlation analysis 
was conducted after the modelling process, not as a 
pre-selection step. This choice was deliberate, as the 
aim was to interpret the relationships among variables 
highlighted by MaxEnt rather than to reduce col-
linearity. The potential effects of correlated predic-
tors were mitigated by the regularization procedures 
applied in MaxEnt, which are designed to minimize 
overfitting.

Results and discussion

Modeling results

When analyzing the Area Under the Receiver Operat-
ing Characteristic Curve (AUC) value from MaxEnt 
for the test dataset, the model was classified as hav-
ing good discrimination (0.8—0.9) (Fig. 2). An AUC 
of 0.843 indicates a robust model with strong predic-
tive accuracy and high reliability in predicting species 
presence based on environmental variables (Fielding 
and Bell 1997). The closer the AUC value is to 1.0, 
the stronger the model’s predictive accuracy.

The training AUC (0.821), indicated by the red 
line in Fig.  2, was slightly lower than the test AUC 
(0.843), indicated by the blue line. This difference 
suggests that the model did not suffer from overfit-
ting. Typically, an overfitted model performs excep-
tionally well on training data but poorly on test data. 
The minimal gap between the training and test AUC 
values demonstrates that the model effectively gen-
eralizes to unseen data. The black diagonal line in 
Fig. 2, representing an AUC of 0.5, signifies a model 
with no predictive capability. Because both the train-
ing and test curves (red and blue) lie well above this 
line, this confirms that the model performs much bet-
ter than random chance (Peterson et  al. 2007). Fur-
thermore, the model’s strong performance on the test 
data, with an AUC above 0.80, suggests that it effec-
tively captures the relationships between species lan-
drace occurrence and environmental variables. This 
implies that the model can be confidently used to pre-
dict the potential distribution areas of P. vulgaris.

Importance of environmental variables

The Jackknife test is commonly used in species dis-
tribution research to identify which individual envi-
ronmental variables contribute most to model per-
formance (Esfanjani et  al. 2018; Mahatara et  al. 
2021). Developed within the MaxEnt framework 
as described by Phillips et  al. (2006), the Jack-
knife analysis is essential for evaluating the relative 
importance of environmental variables in predicting 
species distribution. The graph (Fig.  3) uses color 
coding to illustrate variable significance: cyan bars 
indicate model performance when a specific vari-
able is excluded, blue bars represent performance 
when only one variable is used, and the red bar shows 
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performance when all environmental variables are 
included (Elith et al. 2011).

In Fig. 3, the percentage contribution reflects the 
extent to which a variable directly contributes to 
the model’s gain, while the permutation importance 
indicates the overall impact of a variable on model 
performance, based on the effect of its removal. The 
results show that Alt is the most influential variable, 
as its exclusion leads to a substantial decrease in 
predictive accuracy, and it retains strong predictive 
power when used independently. Its high percentage 
contribution (76.7%) and permutation importance 
(78.8%) confirm that Alt is the primary factor influ-
encing habitat suitability. This suggests that P. vul-
garis exhibits a strong preference for specific eleva-
tion ranges, making altitude a critical determinant 
of suitable habitat.

Temperature-related variables such as Ave_Temp, 
Max_Temp, and Min_Temp also play important 
roles. Their removal results in a decline in training 

gain, and each demonstrates meaningful predictive 
value when considered individually. Max_Temp, 
for example, had a modest contribution (2.8%) but 
a relatively high permutation importance (15.8%). 
This indicates that while it is not the dominant factor, 
changes in maximum temperature significantly affect 
habitat suitability—an observation consistent with 
the findings of Elith et  al. (2011). In contrast, Min_
Temp had a lower contribution (1.8%) and permuta-
tion importance (2.4%), while Ave_Temp showed the 
least relevance, with a contribution of only 1.2% and 
no permutation importance, suggesting it is not a key 
determinant.

Other variables, such as Acc_Prec and soil, con-
tributed minimally to the model. Specifically, Acc_
Prec accounted for 2.1% of the contribution, and soil 
only 0.6%. Their low permutation importance val-
ues—0.9 for precipitation and 0.2 for soil—further 
indicate that changes in these variables have little 
impact on habitat suitability predictions. The limited 
contribution of soil type also supports its minor role 
in shaping species distribution. By contrast, altitude 
has consistently been identified as a major factor 

Fig. 2   Receiver Operating Characteristic (ROC) curve of the MaxEnt model
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shaping the distribution of Phaseolus species, with 
wild beans in Mexico occurring across a wide altitu-
dinal range, from 8 to more than 3000 m above sea 
level, reflecting strong adaptation to elevation-driven 
climatic gradients (Cerda-Hurtado et al. 2018). These 
findings align with previous research emphasizing 
the predominance of topographic and climatic fac-
tors in species distribution modeling (Merow et  al. 
2013).  Evapotranspiration-related variables, includ-
ing ETP, ETR, and Def, also influenced the model, 
particularly when combined with other variables. 
While the removal of these variables decreased the 
training gain, they had a limited impact individually. 
For example, Def contributed 7.7% to the model but 
had a permutation importance of only 1.5%, indicat-
ing a relatively weak standalone influence. Similarly, 
ETR contributed 4.6% but had a very low permuta-
tion importance (0.3), suggesting it is not a primary 
driver of distribution.

The Jackknife test confirmed that multiple varia-
bles interact to enhance model performance, with alti-
tude contributing more than 70% to the probability of 
P. vulgaris landrace distribution. This analysis under-
scores altitude, followed by maximum temperature, 
as the most influential environmental factors. These 
results highlight the importance of focusing on these 
variables in species management and conservation 
strategies (Merow et al. 2013). Although temperature 
variables were strongly correlated with altitude and 
therefore partially redundant, they were deliberately 
retained in the model because of their interpretative 
value in showing how elevation-driven thermal gra-
dients influence the suitability of P. vulgaris. Their 
inclusion did not compromise the model’s perfor-
mance, as MaxEnt incorporates regularization mech-
anisms to mitigate multicollinearity, and the model 
showed no evidence of overfitting.

Once altitude was identified as the most signifi-
cant variable, a correlation analysis was performed to 
examine relationships among the environmental vari-
ables (Table 1).

There were strong and statistically significant 
negative correlations between altitude and average, 
maximum, and minimum temperatures (p < 0.01). As 
terrain altitude increased, all three temperature vari-
ables analyzed in this study decreased accordingly. In 
contrast, the correlation between altitude and accu-
mulated precipitation was weak, suggesting a lim-
ited relationship between elevation and rainfall in the 

study area. Additionally, there were strong, signifi-
cantly negative correlations between altitude and both 
potential evapotranspiration (ETP) and water deficit 
(p < 0.01). This indicates that as altitude increases, 
both potential evapotranspiration and water deficit 
tend to decrease. However, real evapotranspiration 
(ETR) did not show any significant correlation with 
altitude, implying that actual water use by vegetation 
may not be directly influenced by elevation.

Individual response curves

The response curves in Fig. 4 illustrate how the pres-
ence probability of P. vulgaris varies concerning each 
environmental predictor variable used in the MaxEnt 
model. These curves provide insights into the species’ 
ecological preferences by showing the influence of 
individual variables on habitat suitability, while keep-
ing all other variables at their average value.

The response to altitude (Fig. 4b) revealed a steep 
decline in habitat suitability, with the highest suitabil-
ity occurring at low elevation. As altitude increased, 
suitability decreased sharply, indicating that P. vul-
garis favours lower altitudes and is less likely to 
thrive at higher elevations (> 500 m a.s.l.).

These curves are useful for assessing how indi-
vidual environmental factors influence species dis-
tribution by illustrating changes in habitat suitability 
as each variable varies, while all others are held con-
stant. The response curve for accumulated precipita-
tion (Acc_Prec; Fig. 4a) shows a negative correlation 
with habitat suitability, indicating that higher precipi-
tation levels lead to reduced suitability. This suggests 
that P. vulgaris prefers regions with moderate to low 
precipitation. The response to Alt revealed a sharp 
decline in habitat suitability as elevation increases, 
with the highest suitability observed at lower alti-
tudes. Suitability decreased significantly above 500 m 
a.s.l., indicating that P. vulgaris favours lower eleva-
tions and is less likely to thrive at higher altitudes.

The soil variable (Fig.  4i) exhibited a unimodal 
(hump-shaped) response, suggesting that habitat 
suitability increases up to an optimal soil condition 
and then declines. This indicates that P. vulgaris 
is best adapted to specific soil types, particularly 
Umbric Andosols (classification 14), with suitabil-
ity decreasing beyond this optimal range. For poten-
tial evapotranspiration (ETP; Fig.  4e) and water 
deficit (Def; Fig.  4d), the response curves showed 
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negative relationships… In contrast, the real evapo-
transpiration (ETR; Fig. 4f) response curve showed 
an increasing trend, indicating that higher real evap-
otranspiration values are associated with greater 
habitat suitability. It should be noted, however, that 
the relatively simple (linear-like) trends observed 
for ETP, Def, and ETR largely reflect the limited 
variability of these variables within the 2000–2010 
dataset. Because the sampling period corresponds to 
relatively stable climatic conditions in Madeira, the 
model was unable to capture more complex or non-
linear response patterns that might emerge under a 
wider range of climatic scenarios. Therefore, these 
relationships should be interpreted with caution, as 
they likely represent constrained responses within 

the available data range rather than genuine linear 
ecological effects. This suggests that P. vulgaris 
thrives in environments where actual water use by 
vegetation is higher, potentially reflecting regions 
with more stable moisture availability.

Temperature-related variables, including aver-
age temperature (Ave_Temp; Fig.  4c), maximum 
temperature (Max_Temp; Fig.  4g), and minimum 
temperature (Min_Temp; Fig.  4h), all displayed 
positive correlations with habitat suitability. Suit-
ability increased as temperatures rose from 16  °C 
to approximately 23 °C, indicating a preference for 
warmer climates. This trend was especially pro-
nounced for Min_Temp, where very low minimum 

Variable Percent contribution Permutation importance
Acc_Prec 2.1 0.9

Alt 76.7 78.8

Ave_Temp 1.2 0

Def 7.7 1.5

ETP 2.5 0

ETR 4.6 0.3

Max_Temp 2.8 15.8

Min_Temp 1.8 2.4

Soil 0.6 0.2

Fig. 3   Jackknife test for environmental variables, percentage 
contribution, and permutation importance of each variable. 
Environmental Variables: Acc_Prec—accumulated precipita-
tion; Alt—altitude; Ave_Temp—average temperature; Def—

water deficit; ETP—potential evapotranspiration; ETR—real 
evapotranspiration; Max_Temp—maximum temperature; Min_
Temp—minimum temperature
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temperatures (< 10  °C) significantly reduced the 
likelihood of crop presence.

Overall, the response curves indicate that P. vul-
garis is most suited to environments with moderate 
precipitation, lower altitudes, specific soil condi-
tions (notably Umbric Andosols), and higher real 
evapotranspiration levels. The crop also prefers 
warmer temperatures—around 23 °C—as shown by 
the strong positive associations with average, maxi-
mum, and minimum temperature variables. These 
insights are valuable for ecological modelling and 
conservation planning, as they help identify the key 
environmental drivers shaping the species’ distri-
bution and may inform future research on potential 
local adaptations among landraces across different 
regions.

Potential distribution Phaseolus vulgaris

The hypsometric map (Fig.  5) illustrates the distri-
bution of P. vulgaris across an altitudinal gradient, 
with altitude (Alt) represented using a colour scale. 
Green shades indicate lower elevations, while brown 
and red represent mid-altitude areas, and greyish-
white denotes the highest elevations, reaching up to 
1,842  m above sea level. Yellow dots indicate the 
specific locations where P. vulgaris accessions were 
collected. A noticeable concentration of accessions 
is observed in mid-to-lower elevation zones, particu-
larly along the north coast, highlighting the species’ 
preference for these altitudinal ranges.

The distribution of P. vulgaris across the island 
was uneven. The hypsometric map revealed that this 
crop is primarily found in mid- to lower-elevation 
regions, with limited or no presence in the highest 
mountainous zones. This spatial pattern aligns with 
the MaxEnt model outputs (Fig.  4), which identi-
fied altitude as the most influential environmental 
variable for predicting species presence. The absence 
or low occurrence of P. vulgaris in higher altitude 
areas may be attributed to specific microclimatic 

conditions—such as lower temperatures, increased 
wind exposure, or shorter growing seasons—as well 
as edaphic (soil-related) factors that characterize 
harsher environments.

The higher concentration of P. vulgaris at lower 
to mid-elevations likely reflects the plant’s climatic 
and agronomic requirements, including warmer tem-
peratures, adequate precipitation, and a sufficiently 
long growing season. As a cultivated species, its dis-
tribution is also influenced by human activities, par-
ticularly agricultural practices that are more preva-
lent along the North Coast. Additionally, ecological 
factors such as soil composition, water availability, 
and interspecific competition may contribute to the 
observed distribution patterns. The spatial clustering 
of occurrence points within specific altitudinal zones 
highlights the species’ agroecological preferences, 
emphasizing the crucial role of altitude-related envi-
ronmental gradients in shaping habitat suitability.

The habitat suitability map generated by the Max-
Ent model (Fig. 6) classifies the island into five cate-
gories: unsuitable (red), barely suitable (yellow), suit-
able (light green), highly suitable (green), and very 
highly suitable (blue). This classification is mainly 
driven by altitude, identified as the most influential 
predictor in the model. The values of Ave_Temp, 
Min_Temp, Max_Temp, and Acc_Prec shown in 
Fig.  6 correspond to characteristic agroecologi-
cal conditions associated with each suitability class, 
while the MaxEnt model itself was constructed using 
the full set of eight environmental and soil variables. 
The red dots representing actual collection points 
show a strong correspondence with areas predicted to 
have high to very high suitability, further validating 
the model’s accuracy in identifying environmentally 
favourable areas for P. vulgaris growth.

Note. Ave_Temp, Min_Temp, and Max_Temp cor-
respond to annual mean values of average, minimum, 
and maximum temperature, respectively, while Acc_
Prec corresponds to the accumulated annual precipi-
tation for each suitability class.

Figure 6 illustrates the spatial distribution of habi-
tat suitability for Phaseolus vulgaris across Madeira 
Island. The central region of the island—encompass-
ing the protected area of the Madeira Natural Park 
and largely occupied by Laurisilva rainforest—pre-
dominantly shows unsuitable conditions for P. vul-
garis. Although this area may support traditional 
agroecosystems with common bean populations, its 

Fig. 4   The mean response curves for the tested predictor 
variables for the Phaseolus vulgaris model were created using 
MaxEnt. Environmental Variables graphs: A—Acc_Prec, 
accumulated precipitation; B—Alt, altitude; C—Ave_Temp, 
average temperature; D—Def, water deficit; E—ETP, poten-
tial evapotranspiration; F – ETR, real evapotranspiration; G—
Max_Temp, maximum temperature; H—Min_Temp, minimum 
temperature; and I—Soil types

◂
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generally lower temperatures and higher precipitation 
likely limit crop suitability. In contrast, the northern 
coastal areas exhibit very highly suitable agroecologi-
cal conditions. These are attributed to a favourable 
combination of higher precipitation and moderate 
average temperatures. Transition zones—classified as 
barely suitable and suitable—are situated between the 
unsuitable inland and highly suitable coastal regions. 
These zones are characterized by relatively higher 
temperatures and reduced precipitation. Notably, sev-
eral common bean accessions were collected in these 
barely suitable areas, indicating some level of adapta-
tion or resilience.

Most of the collection points (represented by red 
dots) are located within the suitable, highly suitable, 
and very highly suitable zones, demonstrating strong 
alignment with the MaxEnt model’s predictions. 
This supports the model’s accuracy and reinforces 
the conclusion that altitude is the most critical factor 

influencing habitat suitability. Temperature, which 
correlates strongly with altitude, also plays a key role. 
Additionally, precipitation contributes significantly, 
particularly in very highly suitable areas where accu-
mulated rainfall is greatest. However, the presence 
of P. vulgaris in areas classified as barely suitable or 
even unsuitable suggests that some populations may 
be adapted to less favourable conditions, or that other 
influential factors—such as microclimatic variation, 
soil properties, or human cultivation practices—are 
not fully captured by the model. Overall, this habi-
tat suitability map provides valuable insights into the 
optimal agroecological conditions for P. vulgaris cul-
tivation on Madeira Island, emphasizing the roles of 
altitude, temperature, and precipitation. These find-
ings are essential for guiding germplasm prospecting 
and conservation efforts, supporting agricultural plan-
ning, identifying useful adaptive traits, and assessing 

Fig. 5   Hypsometric map showing the presence of Phaseolus vulgaris (yellow dots) across an altitudinal gradient. Colour scheme: 
green indicates lower elevations, brown and red represent mid-altitude regions, and greyish-white denotes the highest elevations
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the potential impacts of climate change on common 
bean cultivation.

Conclusion

The model demonstrated good discriminatory abil-
ity, achieving an AUC of 0.843 on the test data, 
indicating high reliability in predicting the presence 
of P. vulgaris based on environmental variables and 
showing no evidence of overfitting. Jackknife analy-
sis identified altitude as the most influential variable, 

contributing 76.7% to the model and exhibiting a 
permutation importance of 78.8%. This highlights a 
strong preference of P. vulgaris for specific agroeco-
logical conditions determined primarily by elevation. 
Specifically, suitability is highest at low altitudes and 
declines sharply above 500 m above sea level. Corre-
lation analysis supported this finding, revealing strong 
and significant negative correlations between altitude 
and temperature variables (average, maximum, and 
minimum temperatures). Therefore, temperature vari-
ables are important in the model largely because they 
are strongly linked to elevation, acting as secondary 

Classification Ave_Temp 
(ºC)

Min_Temp 
(ºC)

Max_Temp
(ºC)

Acc_Prep
(mm)

Unsuitable conditions 10.3 3.74 12.1 701.5

Barely suitable conditions 20.1 15.2 22.5 580.94

Suitable conditions 19.9 15.2 21.8 702.01

Highly suitable conditions 18.8 13.9 20.1 747.10

Very highly suitable conditions 15.2 9.70 17.1 855.24

Fig. 6   Suitability of agroecological conditions for Phaseolus vulgaris occurrence probability
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factors mediated by the altitude-driven temperature 
gradient across Madeira Island.

Among temperature-related variables, maximum 
temperature (Max_Temp) showed particular impor-
tance. Although its effect is largely explained by 
its correlation with altitude, excluding Max_Temp 
caused a decrease in model training gain, and altera-
tions to this variable substantially impacted agro-
ecological suitability. The crops thrive in warmer 
climates, with suitability increasing as temperature 
rises from 16 °C to 23 °C, while very low minimum 
temperatures (< 10  °C) significantly restrict species 
presence. Evapotranspiration-related variables, such 
as ETP, ETR, and water deficit (Def), also contribute 
significantly, especially when combined with other 
predictors. Accumulated precipitation (Acc_Prec), 
while having limited influence alone, corresponds to 
regions identified as most suitable due to their higher 
precipitation levels, suggesting it acts as a comple-
mentary factor alongside temperature and altitude in 
defining optimal habitats.

The potential distribution maps confirmed that 
the most suitable habitats for P. vulgaris are in the 
northern coastal regions of Madeira, characterized 
by favourable temperature, altitude, and precipita-
tion conditions. Most recorded presence points fall 
within "Suitable" or ‘‘Highly Suitable’’ areas, though 
some occurrences in "Barely Suitable" or "Unsuit-
able" zones may reflect influences not captured by the 
model, such as microclimate variation, soil proper-
ties, or human activity. In summary, this study con-
firms that altitude is the primary driver of P. vulgaris 
distribution on Madeira Island, affecting both direct 
habitat suitability and indirectly shaping tempera-
ture gradients. Temperature acts as a key secondary 
variable strongly correlated with elevation, while pre-
cipitation plays a complementary role in defining the 
most favourable agroecological zones. These findings 
not only help define the optimal environmental con-
ditions for bean cultivation in Madeira but also high-
light the potential of cultivars found outside the main 
distribution zones as candidates for adaptation to sub-
optimal environments.

It is important to note that the occurrence 
records used in this study correspond to the most 
comprehensive and systematic sampling of P. 

vulgaris landraces in Madeira (2000–2010), a 
period that also reflects relatively stable agricul-
tural practices and the predominance of traditional 
landraces, ensuring the robustness and representa-
tiveness of the modelling results. The selection 
of this period was deliberate, as it coincides with 
the most complete prospection performed by our 
group across the island, providing consistency and 
reliability for the modelling outputs. While more 
recent occurrence data exist, they are fragmented 
and localized, and therefore were not included to 
avoid introducing bias.

Nevertheless, it should be acknowledged that the 
model does not provide a definitive estimation of 
the optimal environmental conditions for P. vul-
garis, but rather a robust approximation based on 
the available data. This approximation is valuable 
to guide future, more detailed research that inte-
grates additional ecological, agronomic, and cli-
matic variables.
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