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ABSTRACT
Cinchona species inhabit disturbed and threatened ecosystems. To 
address this, Peru’s Ministry of Agrarian Development and Irrigation 
approved a repopulation plan, focused on conservation and repopula
tion. However, their spatial distribution patterns remain largely 
unknown. Thus, Generalized Linear Models (GLM) were developed in 
this research to estimate the presence of C. officinalis, C. pubescens, and 
C. calisaya in Peru. For this purpose, the presence-absence of these three 
species was modeled with 26 environmental predictor variables using 
forward regression for GLMs. The accuracy of the resulting models was 
measured by the area under the curve (AUC), the true skill criterion (TSS), 
and the Kappa index. The results showed that the model selected to 
estimate the presence-absence of C. pubescens obtained values of AUC, 
TSS, and kappa index of 0.90, 0.72, and 0.71 respectively. While, for 
C. officinalis, the selected model got values of 0.93, 0.74, and 0.74 for 
the AUC, TSS, and Kappa index respectively. For C. calisaya, the selected 
model obtained values of 0.97, 0.92, and 0.91 for the AUC, TSS, and 
kappa index respectively. Finally, the San Martin Region showed the 
highest probability of suitability for these species. Our results detail their 
distribution in Peru, identifying the most suitable areas for their repo
pulation or conservation. These findings will allow for more efficient 
management of economic and natural resources, ensuring the care of 
the three most important Cinchona species in the country. This research 
also contributes to the 2030 Agenda in Goal 15, halting the loss of 
biodiversity within terrestrial ecosystems in the forest area.
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Introduction

Historically, species of the genus Cinchona were the only medicine for the treatment of 
malaria, due to their high alkaloid content (Albán-Castillo et al., 2020; Coronel et al., 2024). 
For this reason, the cinchona tree is the emblematic genus of Peru’s natural resources 
(Coronel et al., 2024). The genus Cinchona has about 25 types of alkaloids, the most 
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important being quinine and quinidine (Remuzgo et al., 2021). This genus is distributed 
from Costa Rica to the Bolivian Andes, with greater distribution in northern Peru and 
southern Ecuador (Perez, 2021). However, the species of the Cinchona genus are currently 
highly threatened by agriculture, cattle ranching, and burning, among others (Coronel et al.,  
2024). As a result, these species have come to be considered as endangered species or are 
present on lists of threatened species (García et al., 2022). For this reason, the Peruvian 
government approved the Cinchona repopulation plan in Peru (Albán-Castillo et al., 2020). 
However, there are very few studies on the spatial distribution of the genus Cinchona in 
Peru (García et al., 2022). In this sense, the use of Species Distribution Models (SDMs) in 
the management and conservation planning of endemic species is of vital importance 
(Frans et al., 2022). Since they allow inferring the ecological niche of the species and 
estimating its presence in other places with similar environmental conditions, favoring 
the repopulation of the species (Bystrova et al., 2021).

Modeling species distributions in space and time has been a major challenge in ecology, 
as many biotic and abiotic factors influence species distributions (Alatawi et al., 2020). 
Currently, species distribution models are based on the correlation of observed geolocated 
presence data of the species and environmental variables (Ghareghan et al., 2020; Rew et al.,  
2021). Moreover, SDMs are essential tools that allow investigation of how species respond 
to environmental conditions (Bystrova et al., 2021; Lausch et al., 2022). It is worth 
mentioning that the most used environmental conditions for SDMs are climatic, edaphic, 
and topographic variables (Ndlovu et al., 2018; Safaei et al., 2018). Different statistical and 
mathematical methods have been applied and studied to estimate the geographic distribu
tion of species at different scales (Aghajanlou et al., 2021). Among the most widely used 
methods are the Maximum Entropy (MaxEnt) method (Fitzgibbon et al., 2022), Artificial 
Neural Networks (Aghajanlou et al., 2021), Random Forest (RF) (Rew et al., 2021), 
Generalized Linear Models (GLM) (Ghareghan et al., 2020), Generalized Additive Models 
(Rew et al., 2021), among others.

Generalized Linear Models (GLM) are commonly used and are easier to use than other 
SDMs (Breiner et al., 2015). GLMs represent a special case of multiple linear regression that 
allows obtaining non-normal responses (Ghareghan et al., 2020). GLMs for the case of 
species distribution, usually use a logit link function and the binomial error term (Prasetyo 
et al., 2020). Since most of the response variables are of the binary type, i.e., presence and 
absence (Rew et al., 2021; Safaei et al., 2018). This method has been widely applied and 
accepted in the literature (Ghareghan et al., 2020).

Worldwide, numerous investigations have made use of GLM to model species distribu
tion, for example, in the European Alps it was applied to 2616 vascular plant species 
(Chauvier et al., 2021), in Germany, it was applied for Bolboschoenus maritimus (L.) Palla 
and Phragmites australis (Cav.) Trin. ex Steud (Carus et al., 2017), in Iran for M. persica 
(Ghareghan et al., 2020), in Ethiopia for Coffea arabica L (Amiri et al., 2020), in Canada for 
Vaccinium myrtilloides Michx (Nielsen et al., 2020), in Uruguay for Eucalyptus grandis W. 
Hill y Eucalyptus dunnii Maiden (Resquin et al., 2020) and in Ethiopia for Prosopis juliflora 
(Sw.) DC (Sintayehu et al., 2020).

At the Peruvian level, focused studies for Cinchona modeling are at the genus level 
(García et al., 2022). Or at the species level (C. capuli L. Anderson, C. macrocalyx Pav. Ex 
DC. y C. pubescens Vahl.) but only at the level of one region (Coronel et al., 2024), or other 
researchers evaluate modeling at the historical and current level (García et al., 2022). On the 
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other hand, studies that used GLMs in the distribution of flora species are very scarce; 
however, the use of GLMs was identified for the distribution of the species Polylepis spp. 
(Sevillano-Ríos & Morales, 2021). and the distribution of ferns in the Manú forests 
(Centeno, 2023). However, the spatial distribution of any species of the Cinchona genus 
has not been modeled using a GLM in Peru. Considering that in Peru the repopulation plan 
for the genus Cinchona was approved, prioritizing the species Cinchona officinalis, 
Cinchona pubescens, and Cinchona calisaya (Albán-Castillo et al., 2020). Therefore, the 
objective of this study was to develop GLMs to estimate the presence of these three species, 
and to contribute as a tool for decision-making on the most suitable areas for the repopula
tion of these three species in Peru.

Materials and methods

Study area

The study was carried out in Peru, which covers a territorial area of 1,285,215.60 km2 

(Figure 1). Peru has one of the greatest biodiversity on the planet, as it has eight natural 
regions, which were classified according to their altitudinal level in Costa, Yunga, Quechua, 
Suni, Puna, Cordillera, High Jungle and Low Jungle (Pulgar Vidal, 2014). Peru is also the 
country with the greatest diversity of Cinchona in the world, as it is home to 19 of the 25 
species of the genus Cinchona present on the planet (Albán-Castillo et al., 2020; Perez,  
2021). Likewise, García and collaborators in 2022 reported that Peru has 18 species of 
Cinchona out of 24 species registered worldwide (García et al., 2022). In Peru, the greatest 

Figure 1. Observed presence map of C. pubescens, C. calisaya, and C. officinalis in Peru.
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observed presence of Cinchona is found in the North Andean Cordillera (Coronel et al.,  
2024).

Presence and absence data

Presence data for C. officinalis, C. pubescens, and C. calisaya were downloaded from the 
Figshare repository of the Quina.pe Project – National University Toribio Rodríguez de 
Mendoza (UNTRM) (https://bit.ly/2UKojb8). From this database, we obtained 281 records 
for C. pubescens, 116 records for C. officinalis, and 39 records for C. calisaya (García et al.,  
2022).

Absence data for the three Cinchona species were randomly generated in the RStudio 
program (Alemayehu et al., 2024). The number of pseudo-absences generated for each of 
the three species was 1000 records, from which the same number of absence and 
presence records were randomly taken for each of the three species (Liu et al., 2019; 
Rew et al., 2021).

Climate data

The following were downloaded from the Worldclim database version 2 (http://worldclim. 
org/version2): a set of 19 bioclimatic variables at a resolution of 1 km2. These bioclimatic 
variables represent annual, seasonal, extreme, or limiting averages of precipitation and 
temperature variables between 1970 and 2000 (Alatawi et al., 2020).

Topographical data

The data for the topographic variables (altitude and slope) were obtained from a mosaic of 
44 digital elevation models (DEM), obtained from the Ministry of the Environment’s geo- 
server. This DEM has a spatial resolution of 30 m, with a horizontal (WGS 1984) and 
vertical (EGM96) coordinate system. The DEM was used to generate a slope map in 
sexagesimal degrees for all of Peru using ArcGIS 10.8.

Edaphic data

Five edaphic variables (organic carbon, pH, CEC, and clay) were used, which were down
loaded from the SoilGrids Version 2.0 database belonging to the International Soil 
Reference and Information Center (ISRIC) (https://soilgrids.org/). This database is in raster 
format with a resolution of 250 m, containing the physicochemical properties of the soil 
(Hengl et al., 2017).

Variable selection

First, data on climatic, topographic, and soil variables were extracted for each of the 
points of presence and absence of the three Cinchona species, using the RASTER 
package of RStudio. Secondly, uncorrelated variables were selected to avoid problems 
of collinearity and overfitting of the models (Lausch et al., 2022). For this purpose, 
the variance inflation factor (VIF) of the SDM package in R Studio was used 
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(Alatawi et al., 2020; Alemayehu et al., 2024). Finally, variables with VIF < 10 were 
selected for model building (Alatawi et al., 2020; Resquin et al., 2020; Rew et al.,  
2021).

GLM modeling

GLMs are used to model discrete dependent variables, which present a nonlinear relation
ship with the independent variables (Amiri et al., 2020). For this reason, it is widely used to 
model species distribution (Ghareghan et al., 2020; Meynard et al., 2019). The GLM models 
the presence and absence of species as a function of environmental predictor variables using 
the logit function and the binomial error term (Ghareghan et al., 2020; Prasetyo et al., 2020; 
Sousa-Guedes et al., 2021).

The presence and pseudo-absence data were labeled with a value of 0 and 1, where 0 
represents the pseudo-absence of the species and 1 represents the presence of the species 
(Ghareghan et al., 2020). They were then randomly divided into model training data 
(70%) and model validation data (30%) in RStudio (Alatawi et al., 2020; Sintayehu et al.,  
2020).

Subsequently, with the training data, a GLM was generated for each of the three 
Cinchona species, using the automatic selection of variables with the forward selection 
method (Prasetyo et al., 2020). This type of regression uses the Akaike information criterion 
(AIC) to evaluate the inclusion or exclusion of the variable to the model (Resquin et al.,  
2020; Schwager & Berg, 2021). For this, the GLM command indicating the binomial 
distribution family was used in RStudio (Alemayehu et al., 2024).

Likewise, interactions between variables were added to this model, i.e. the multiplication 
between two variables with all possible combinations; these interactions were included in 
the model already generated using the procedure described above, to improve the predictive 
accuracy of the model. The resulting models will be selected according to the principle of 
parsimony, i.e., the model should have the lowest number of possible variables and high 
significance, but the one that explains the dependent variable the most (Dutang & Guibert,  
2022; Guisset et al., 2019).

Validation and accuracy

Model validation consisted of measuring the predictive ability of the models with the 
validation or test data. A total of 281 presence data were used, 70% of these data were 
used to generate the models and 30% of these records were used as part of the validation of 
the models. Predictive ability was determined by threshold-independent (AUC) and thresh
old-dependent (Kappa index and TSS) measures of accuracy (Ndlovu et al., 2018). These 
criteria measure the discrimination between correct and incorrect prediction (Resquin 
et al., 2020). For the evaluation of the models, the Kappa Index and TSS were used, and 
values approaching the value of 1 mean that the values estimated by the model fit observed 
values of the presence of the species under study, thus ensuring that the training, test, and 
validation data are optimal for this type of research (Naimi & Araújo, 2016). Thus, they have 
been widely used in species distribution modeling (Rew et al., 2021).
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Presence-absence locality patterns

Once the GLMs for the three Cinchona species were obtained, they were applied to the 
entire Peruvian territory to discriminate the areas suitable for the repopulation of the three 
Cinchona species in Peru. Likewise, for better visualization of the probability of occurrence 
(presence-absence) of the species for all of Peru, the probability data were categorized into 
absence (high and low) and presence (high and low) according to the classification thresh
old for each species (Resquin et al., 2020).

Results

Selection of environmental variables

The results of variables selection show that 12 of the 26 initial variables do not present 
collinearity problems (VIF <10) for C. pubescens and C. officinalis. While for C. calisaya 
only 10 of the 26 initial variables are not collinear (Table 1).

Modelling

For C. pubescens, Model 1 (without interaction between variables) consisted of three 
edaphic variables and three bioclimatic variables, which were highly significant at 95% 
with a p-value < 0.03 and an AIC = 310.57. In Model 2 (with interaction between variables), 
the inclusion of the interactions Carbon*CEC and PH*Bio15 contributed significantly to 
the model at 95% with a p-value < 0.001, an AIC = 264.36, and a delta of AIC = 64.21 
concerning Model 1. This indicates that Model 2 is the best model for C. pubescens in 
terms of AIC. The addition of these interactions caused the variable Bio 19 to be non- 
significant at 95% with a p-value = .314 for Model 2 (Table 2). However, the variable Bio 19 
was retained as part of Model 2, since considering eliminating this variable would cause 
a high increase in the model deviance.

For C. calisaya, Model 1 consisted of two edaphic variables and two bioclimatic variables, 
which were highly significant at 95% with a p-value < 0.05 except for the Bio 15 variable and 
an AIC of the model equal to 36.18. In Model 2, the inclusion of the interaction 

Table 1. Selected variables as results of the variance inflation factor test.
Variables Cinchona pubescens Cinchona officinalis Cinchona calisaya

Bio 2 3.78 4.23 —
Bio 3 2.62 2.87 2.60
Bio 8 5.58 5.73 3.80
Bio 13 2.98 2.97 3.51
Bio 15 3.83 3.27 2.96
Bio 19 3.60 3.44 2.92
Organic carbon 6.24 5.77 5.33
Nitrogen 3.25 2.45 3.44
Arcilla 2.17 2.57 3.59
pH 2.53 2.45 3.05
CEC 6.07 5.99 —
Slope 1.93 1.47 1.62
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Nitrogen*Bio15 contributed significantly to the model at 95% with a p-value = 0.03, an AIC  
= 31.84, and a delta of AIC = 4.34 concerning Model 1, which indicates that Model 2, is 
slightly the best model for C. calisaya in terms of AIC. Also, the addition of this interaction 
generated that all the variables of Model 2 are significant at 95% since they presented 
a p-value < 0.05 (Table 4).

Table 2. Model for C. pubescens.

Variables

Model 1 Model 2

Coefficient p-value Coefficient p-value

Intercept −10.7521 0.01 −20.9569 0.009
Organic carbon 0.3397 0.006 −2.5036 <001
Bio 3 0.2397 <001 0.2184 <001
Bio 19 −0.0079 <001 −0.0015 0.314
pH −2.7185 <001 2.6986 0.035
CEC 0.1748 <001 −1.0115 <001
Bio 15 0.0291 0.029 0.4945 <001
Carb*CEC 0.1610 <001
pH*Bio15 −0.0791 <001

Model 1 = Model without interaction between variables, Model 2 = Model with interaction between 
variables, Carb = Organic carbon. 

For C. officinalis, Model 1 consisted of three edaphic variables and two bioclimatic variables, which were 
highly significant at 95% with a p-value <0.01 and an AIC = 91.13. In Model 2, the inclusion of the 
interaction Carbon*Bio8 contributed significantly to the model at 95% with a p-value = 0.018, an AIC = 
86.13, and a delta of AIC = 5 concerning Model 1, which indicates that Model 2, is slightly the best 
model for C. officinalis in terms of AIC. Alternatively, the addition of this interaction did not generate the 
loss of significance at 95% of any of the other variables of Model 2, since these presented a p-value 
<0.02 (Table 3).

Table 3. Model for C. officinalis.

Variables

Model 1 Model 2

Coefficient p-value Coefficient p-value

Intercept −14.7971 <001 −32.2226 0.001
Organic carbon 1.9416 <001 5.1348 0.001
Nitrogen −3.3730 <001 −4.4246 <001
Bio 13 −0.0124 0.009 −0.0156 0.004
CEC 0.3319 0.004 0.2889 0.017
Bio 8 0.2033 0.01 1.0660 0.007
Carb*Bio8 −0.1374 0.018

Model 1 = Model without interaction between variables, Model 2 = Model with interaction between 
variables, Carb = Organic carbon.

Table 4. Model for C. calisaya.

Variables

Model 1 Model 2

Coefficient p-value Coefficient p-value

Intercept −21.4605 0.03 8.2287 0.63
Arcilla 0.1037 0.00 0.0953 0.02
Bio 19 −0.0500 0.00 −0.0585 0.01
Nitrogen 1.1879 0.04 −10.5974 0.04
Bio 15 −0.1160 0.07 −0.6136 0.02
Nitr*Bio15 0.2128 0.03

Model 1 = Model without interaction between variables, Model 2 = Model with interaction 
between variables, Nitr = Nitrogen.
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Response curve analysis

The response curves of Model 1 and Model 2 visually show us the behavior of the variables of the 
model, according to the probability estimated by the model. The analysis of the response curves 
for C. pubescens shows that the increase above the mean (µ) of the variables organic carbon, Bio 

Figure 2. Response curves for C. pubescens.
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3, and CEC, increases the probability of the estimated presence of this species in both models. 
On the other hand, the values of the variables Bio 15, Bio 19, and PH must be around the mean 
to obtain a high probability of the estimated presence of the species in both models. On the other 
hand, the increase above the mean (µ) of the interaction Carbon*CEC in model 2, increases the 
probability of the estimated presence of this species, while the values of the interaction pH*Bio15 
must be around the mean to obtain a high probability of estimated presence in model 2 
(Figure 2).

Figure 3. Response curves for C. officinalis.
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The analysis of the response curves for C. officinalis shows that the increase above the 
mean of the organic carbon and CEC variables increases the probability of the estimated 
presence of this species in both models. On the other hand, the values of the variables Bio 8, 
Bio 13, and Nitrogen must be around the mean to obtain a high probability of the estimated 
presence of this species in both models. As for the interaction Carbon*Bio 8 in model 2, 
values above the mean (µ) of this interaction increase the probability of estimated presence 
for this species (Figure 3).

The analysis of the response curves for C. calisaya shows that the values of the variable 
Nitrogen must be around the mean to obtain a high probability of the estimated presence of 
this species in both models. On the other hand, the increase above the mean (µ) of the 
variable Clay increases the probability of the estimated presence of this species in both 
models. On the other hand, the values of the variables Bio19 and Bio15 must be around the 
mean to obtain a high probability of the estimated presence of this species in both models. 
As for the interaction Nitrogen*Bio 15 in model 2, the increase above the mean of this 
interaction decreases the probability of the estimated presence of C. calisaya (Figure 4).

Model accuracy and validation

The evaluation of the accuracy of the models for the training data shows that, for 
C. pubescens, Model 2 showed better results for the criteria AUC, TSS, and kappa index, 
in comparison to Model 1 (Table 5). For C. officinalis and C. calisaya, Model 1 and Model 2 
showed similar results in the criteria AUC, TSS, and Kappa Index (Table 5).

The evaluation of the accuracy of the models for the validation data shows that, for 
C. pubescens and C. officinalis, Model 2 showed better results in the criteria AUC, TSS, and 
Kappa index, in contrast to Model 1 (Table 6). For C. calisaya, Model 1 showed the best 
results in the TSS and Kappa index criteria, in comparison to Model 2; however, the AUC 
criterion was slightly higher in Model 2 (Table 6).

On the other hand, no significant differences were found in the TSS, Kappa index, and 
AUC criteria in the training and validation data for Models 1 and 2. This shows that Models 
1 and 2 adequately predict the presence-absence of C. pubescens, C. officinalis, and 
C. calisaya since they present a good fit in known data (training) and unknown data 
(validation). Likewise, the analysis of the ROC curves for C. pubescens, C. officinalis, and 
C. calisaya shows no significant differences in the ROC curves of the training and validation 
data (Figure 5).

Patterns of locality of cinchona occurrence in Peru

It was shown that the patterns of localities with a high probability of finding the occurrence 
of C. pubescens in Peru cover a territorial area of 138,819.62 km2 and 97,195.04 km2 for 
Model 1 and Model 2, respectively. Model 1 covered a larger territorial area than Model 2, 
with a considerable difference of 41,624.57 km2. This change can be attributed mainly to the 
significant difference between Models 1 and 2, as well as the variance between their cutoff 
points, which cause a distinction in the classification of presence-absence of C. pubescens. In 
addition, this change was visually observed in the maps of the presence-absence locality 
patterns predicted by Models 1 and 2 for this species (Figure 6).
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Figure 4. Response curves for C. calisaya.
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Then, it was also calculated that the locality patterns with a high probability of finding 
C. officinalis in Peru cover a territorial area of 107,229.01 km2 and 109,211.8667 km2 for 
Model 1 and Model 2, respectively. Model 2 covered a larger territorial area than Model 1, 
with a relatively low difference of 1982.85 km2, which is consistent with similar precision 
metrics for Models 1 and 2, with the same cutoff point (Figure 7).

Later, it was also shown that the locality patterns with a high probability of finding 
C. calisaya in Peru cover a territorial area of 196,149.87 km2 and 182,455.6195 km2 for 
Model 1 and Model 2, respectively. Model 1 covered a larger territorial area than Model 2, 
with a moderately low difference of 13,694.25 km2, which is consistent with similar preci
sion metrics and the same cutoff point for Models 1 and 2 (Figure 8).

The distribution of presence with high probability was also carried out at the depart
mental level, where it was identified that the departments of San Martín, Cuzco, Cajamarca, 
Junín, Ucayali, Amazonas, Huánuco, and Loreto have the highest distribution with high 
probability for the presence of C. calisaya, C. pubescens, and C. officinalis predicted by 
Models 1 and 2. Likewise, for C. calisaya the largest distribution of presence with high 
probability was found in the department of Ucayali, with a total area of 30,818.98 km2 for 
Model 1 (Figure 9) and 29,714.74 km2 for Model 2 (Figure 9). Meanwhile, for C. officinalis 
the largest distribution of presence with high probability was found in the department of 
San Martín, with a total area of 26,200.76 km2 for Model 1 (Figure 9) and 24,868.20 km2 for 
Model 2 (Figure 9). On the other hand, for C. pubescens the largest distribution of presence 
with high probability was found in the department of San Martín, with a total area of 
19,836.31 km2 for Model 1 (Figure 9), while for Model 2 the department of Huánuco 
presented the largest distribution of presence with high probability, with a total area of 
13,076.07 km2, followed by the department of San Martín, with a total area of 11,363.83 km2 
(Figure 9).

Table 5. GLM accuracy metrics on training data.
Specie Model Cut Sensitivity Specificity TSS AUC Kappa index AIC

C. pubescens M1 0.4 0.91 0.82 0.74 0.91 0.73 310.57
M2 0.5 0.93 0.87 0.80 0.94 0.79 264.36

C. officinalis M1 0.5 0.92 0.93 0.84 0.96 0.84 91.13
M2 0.5 0.91 0.94 0.84 0.97 0.84 86.13

C. Calisaya M1 0.3 1.00 0.88 0.88 0.96 0.86 36.18
M2 0.3 0.96 0.90 0.86 0.98 0.86 31.84

M1 = Model without interaction between variables, M2 = Model with interaction between variables. AUC = Area under the 
curve, AIC = Akaike’s information criterion.

Table 6. GLM accuracy metrics on validation data.
Specie Model Cut Sensitivity Specificity TSS AUC Kappa index AIC

C. pubescens M1 0.4 0.91 0.82 0.72 0.90 0.71 310.57
M2 0.5 0.89 0.87 0.76 0.92 0.76 264.36

C. officinalis M1 0.5 0.90 0.84 0.74 0.93 0.74 91.13
M2 0.5 0.88 0.88 0.76 0.94 0.76 86.13

C. Calisaya M1 0.3 0.92 0.91 0.92 0.97 0.91 36.18
M2 0.3 0.96 0.90 0.86 0.98 0.86 31.84

M1 = Model without interaction between variables, M2 = Model with interaction between variables. AUC = Area under the 
curve, AIC = Akaike’s information criterion.
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Figure 5. ROC curve plot for Model 1 (A) and Model 2 (B).
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Discussions

The number of predictors in the SDM has great relevance from an ecological point of view 
(Lausch et al., 2022). However, a high number of predictor variables lead to problems of 
model overfitting and multicollinearity among variables (Arabameri et al., 2021; Avand 
et al., 2022). Therefore, the selection of predictor variables is a key step in SDM (Liang et al.,  
2020).

Our results show that more than half of the initial variables presented multicollinearity 
problems (VIF >10) (Kaky et al., 2020). Therefore, in this study, collinear variables were 
excluded for model building, regardless of the ecological effect of variables on species 
(Arabameri et al., 2021). Therefore, in this study, collinear variables were excluded for 
model building, regardless of the ecological effect of variables on species (Chen et al., 2020; 

Figure 6. Maps of the potential distribution of C. pubescens in Peru estimated by Model 1 (A) and Model 2 
(B) in Peru.

Figure 7. Maps of the potential distribution of C. officinalis in Peru estimated by Model 1 (A) and Model 2 
(B) in Peru.
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Kaky et al., 2020; Santini et al., 2021). Which is supported by many previous studies 
(Alatawi et al., 2020; Carus et al., 2017; Ghareghan et al., 2020; Rew et al., 2021; Zielińska 
et al., 2024).

The selection of the non-collinear predictor variables that make up the GLM should be 
correlated with the presence or absence of the species with a p-value < 0.05 (Monnier- 
Corbel et al., 2023). They should also minimize the AIC of the resulting models for a good 
model fit on the training data (Santini et al., 2021; Valavi et al., 2022). Our results of 
automatic variable selection using the forward method based on AIC and p-value showed 
a good fit for model creation for each of the three Cinchona species.

Frequently, SDM studies have used only bioclimatic variables to predict species distribu
tion (Amiri et al., 2020). However, some research has shown that edaphic and topographic 
variables are important drivers in the SDM (Chauvier et al., 2021; Kaky et al., 2020). Our 
results show that half of the predictor variables for each GLM of the three species were 
edaphic variables. This demonstrates the importance of incorporating edaphic variables in 
the SDM (Dindaroglu et al., 2023; Pazmiño et al., 2024).

The most important edaphic variables (variables with recurrence in two or more models) 
found for the three Cinchona species in our study were organic carbon content, CEC, and 
amount of nitrogen. High soil organic carbon content increases the survival of plant species 
due to the improvement of the soil physical and biological properties (Dindaroglu et al.,  
2023). In addition, high organic carbon content in soils increases CEC (Soinne et al., 2024). 
Trees of the genus Cinchona grow in volcanic soils rich in organic carbon (Aslam et al.,  
2023; Zevallos, 1989). In our study, the organic carbon and CEC variables presented a direct 
correlation with the presence of C. pubescens and C. officinalis species. Similar studies 
support the use of organic carbon as an important predictor of plant species distribution 
(Chauvier et al., 2021; Dindaroglu et al., 2023).

Soil nitrogen content is an important component in the distribution of plant species 
(Foltran & Lamersdorf, 2024). Previous studies have shown that the addition of 
Pseudomonas sp. strains to the root system of C. officinalis seedlings increases 

Figure 8. Maps of the potential distribution of C. calisaya in Peru are estimated by Model 1 (A) and Model 
2 (B) in Peru.
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atmospheric nitrogen fixation, which allows for increased vegetative growth (Quesquén 
Esquen, 2020). The increase of nitrogen in the soil also increases the content of alkaloids 
present in Cinchona barks (Aslam et al., 2023). In our study, the nitrogen variable 
presented specific ranges around the mean (1.7–2.7 g/kg) to obtain a high probability of 
the presence of C. officinalis and C. calisaya species. The edaphic variables pH and clay 
content did not occur in the models but were part of the models for C. pubescens and 
C. calisaya, respectively. From an ecological point of view, it is expected that 
C. pubescens trees are correlated with pH since the presence of this species requires 
soils with an acid pH between 5 and 6.5 for its development (Aslam et al., 2023), which 
agrees with our results of the high probability of the presence of this species in this 
range. We also found the existence of a direct correlation between clay content and the 
presence of C. pubescens. The genus Cinchona is commonly distributed in clay soils of 
medium to heavy texture (Zevallos, 1989). Soils with high clay content have high 

Figure 9. Areas of high probability of presence of the three species at the departmental level estimated 
by Model 1 and Model 2.
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moisture content, thus providing greater availability of nutrients (Dindaroglu et al.,  
2023).

We found that for Peru C. pubescens is distributed in areas with a mean annual 
temperature between 14.2°C and 17.9 °C and a mean annual precipitation between 
1041 mm and 1150 mm. Similar results were also obtained for C. officinalis, which is 
distributed in areas with a mean annual temperature between 13.73 °C and 16.56 °C and 
a mean annual precipitation between 1151 mm and 1444 mm. These characteristics classify 
the distribution of these two species in humid temperate and mountain climates according 
to the Köppen-Geiger climate classification (Beck et al., 2018). As for C. calisaya, our results 
for precipitation and mean annual temperature were spatially biased, as more than 50% of 
our data (25 data) were distributed in the Ucayali Region. This region is not in the range of 
distribution documented for any species of the genus Cinchona in Peru (Zevallos, 1989). 
Therefore, we consider the problems of georeferencing or some taxonomic confusion 
(Perez, 2021).

Bioclimatic variables delimit climatic conditions at very large scales, so they are expected 
to have a similar influence on the occurrence of species with similar habitats (Schwager & 
Berg, 2021). Our results indicate that the highest probability of occurrence for C. pubescens, 
C. officinalis, and C. calisaya occurs at the mean (µ) of each of the bioclimatic variables of 
temperature and precipitation selected for each species, except for the variable Isothermality 
which showed a direct relationship with the probability of occurrence. Likewise, our results 
show only the recurrence of the variables Bio 15 and Bio 19 in the models of C. pubescens 
and C. calisaya. Due to the distribution of species of the genus Cinchona in humid 
temperate and mountain climates, it is expected that the distribution areas present low 
seasonality of precipitation and high Isothermality (Beck et al., 2018). Our results show 
concordance, since we found a high probability of the presence of C. pubescens and 
C. calisaya, in areas with low seasonality of precipitation, around 50 mm. Likewise, for 
C. pubescens we found results of high probability of presence in areas with high 
Isothermality, which suggests low-temperature variations between each month. Our results 
showed similarity with those obtained by Vargas Aguilar (2021), where he found that 
Isothermality or Bio3 was the most important variable in predicting the distribution of 
the genus Cinchona.

According to the classification of Rew et al. (2021) the accuracy of models 1 and 2 based 
on AUC was excellent (AUC >0.9) for C. pubescens, C. officinalis, and C. calisaya. Similarly, 
the accuracy ranking of both models based on TSS for C. calisaya was excellent (TSS >0.8), 
while for C. pubescens and C. officinalis, it was good (0.6 <TSS < 0.8). Similarly, the accuracy 
rating of both models based on the Kappa Index for C. calisaya was good (0.8 <Kappa Index  
< 0.9), while for C. pubescens and C. officinalis it was fair (0.6 <kappa index <0.8). The high 
Kappa Index values for these Cinchonas reveal that the potential distribution of the species 
studied in Peru follows certain growth rules due to the suitability of the technique and the 
closeness of the estimation maps to reality, as has been interpreted in other investigations 
(Isinkaralar & Varol, 2023).

Vargas Aguilar (2021) also obtained similar results based on AUC (0.928) using Maxent’s 
algorithm for the genus Cinchona. Models 1 and 2 do not show significant differences in 
accuracy based on AUC, TSS, and Kappa Index for the three Cinchona species. Therefore, 
considering the principle of parsimony, model 1 was considered the greatest model for 
calculating the presence of C. pubescens, C. officinalis, and C. calisaya.
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Despite efforts to establish priority areas for proper management in the conservation of 
species of global concern, such as in oak forests or Crataegus azarolus and Crataegus 
monogyna (Radha & Khwarahm, 2022),or other timber forest species (Rojas Briceño 
et al., 2020).Or, as in the case of animals such as the Panthera pardus tulliana (Majeed 
et al., 2023) or Tremarctos ornatus (Meza Mori et al., 2020); modeling techniques for these 
approaches have benefits and limitations that have not yet been fully explored. Among the 
benefits are the generation of data on the consequences of prospective environmental 
conditions on their distributions, identifying key factors influencing their distributions, 
and identifying the key factors influencing their distributions (Hama & Khwarahm, 2023), 
among others. Limitations include mainly the lack of more detailed species distribution 
information such as spatial data, record dates and availability of species, which would lead 
to uncertain and unverifiable impact assessment decisions (Carneiro et al., 2016).

Also, models with low sensitivity result in wasted or unnecessary effort and resources for 
species conservation (Yoon & Lee, 2023). Therefore, it is necessary to know the extent to 
which the model correctly classifies the presence and absence of a species. Given this, the 
TSS criterion is considered the most reliable metric to measure model performance 
(Resquin et al., 2020). In our study, we sought to obtain models with high sensitivity and 
specificity (Ghareghan et al., 2020). However, we prevailed in sensitivity over model 
specificity, from a conservation point of view (Liu et al., 2019). Since our results are 
intended to contribute to the Action Plan for Reforestation with Species of the genus 
Cinchona (Quina Tree) 2020–2022, in Peru, approved by RD N°067–2020-MINAGRI- 
DVDIAR-AGRO RURAL-DE (Albán-Castillo et al., 2020).

The models generated show that the areas of a high probability of presence (probability 
>0.75) are found in northern Peru along the Andes Mountains, with a percentage of 42%, 
47%, and 68% for C. pubescens, C. calisaya, and C. officinalis respectively. These results 
agree with the high distribution recorded by Coronel et al. (2024), for C. pubescens and 
C. officinalis in this area. However, the results found for the distribution of C. calisaya in 
northern Peru differ from the results obtained by Zevallos (1989), which indicates that the 
distribution recorded for this species is mostly in southern Peru, specifically in the Puno 
Region. This difference could be due to the lack of spatial reliability (latitude and longitude 
data) and the low number of occurrence records (39 records) that we obtained for this 
species.

The results obtained in this study show that the area of high probability of occurrence 
(probability >0.75) calculated at the Peruvian level by model 1 was greater than the area 
calculated by model 2 by 8% and 42% for C. calisaya and C. pubescens, respectively. This 
generated differences at the departmental level, changing the position of the departments 
with the largest area of high probability of presence calculated for both models. Meanwhile, 
for C. officinalis the areas of high probability calculated by models 1 and 2 remained 
practically similar with a difference of only 2% at the Peruvian level. This explains that 
for C. officinalis the positions of the departments with the highest area of high probability of 
presence remained constant for both models.

Our results, like those obtained by Vargas Aguilar (2021) showed that the Lima 
and Lambayeque regions have very small areas (area <500 km2) with a high prob
ability of the presence of C. pubescens, C. officinalis, and C. calisaya; however, these 
two regions were listed in the Action Plan for the Reforestation with Species of the 
genus Cinchona (Quina Tree) 2020–2022. Therefore, we suggest that the results 
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obtained in this research serve and reinforce the areas prioritized in this Plan from 
an ecological and statistical point of view.

Methodological applications for new investigations of the potential distribution of the 
genus Cinchona, in Peru, allow for more accurate pixel-by-pixel prediction rates; however, 
there are still important questions for future analyses of predictive residuals to improve the 
models (Paegelow & Olmedo, 2005). Also, further research is suggested using digital 
mapping and integrating, for example, integrating scenarios into cellular automata 
(Isinkaralar & Varol, 2023; Isinkaralar et al., 2022).

Conclusions

Our results showed that GLMs presented an excellent performance (AUC >0.9) in 
predicting the presence-absence of C. pubescens, C. officinalis, and C. calisaya. On the 
other hand, the interpretation and analysis of the response curves showed that edaphic 
variables as well as bioclimatic variables are key predictors in modeling the distribu
tion of these three species. It was also demonstrated that edaphic and bioclimatic 
variables must present a range of specific values around the mean, to obtain a high 
probability of presence for these three species. In addition, it was found that the 
department of San Martin has the largest area at the departmental level, with a high 
probability of finding the presence of C. pubescens and C. officinalis, with a value of 
19,836.31 km2 (19.68%) and 26,200.76 km2 (24.44%) respectively. It also occupies the 
fourth place at the departmental level, with the largest area with a high probability of 
finding the presence of C. calisaya, with a value of 18,123.29 km2 (10%). Therefore, the 
greatest reforestation efforts should be focused on this department. Finally, our results 
show that the department of Amazonas occupies the sixth place at the departmental 
level with high habitat suitability for the presence of the three Cinchona species. 
Therefore, this department should be considered as a priority area for the repopula
tion of these three species.
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