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Abstract

Spatial distribution models for the Micrurus divaricatus complex (Serpentes: Elapidae)
in Nuclear Central America with emphasis on Honduras. This study modeled the
distribution of the M. divaricatus complex in Nuclear Central America (NCA) by testing
multiple modeling techniques and identifying crucial bioclimatic predictors. We used 178
occurrence records and seven variables selected for ecological relevance and low
collinearity. Validating the eight techniques using AUC, TSS, Cohen’s Kappa, sensitivity,
specificity, COR, and CA. Random Forest, Support Vector Machines, Generalized Additive
Models, and Maximum Entropy Modeling performed best, with Random Forest showing
the highest predictive accuracy. Main predictors were temperature seasonality, precipitation
of the driest month, and precipitation seasonality. Projections indicated high suitability
along the Pacific and Caribbean slopes and in parts of the Mosquitia, and low suitability in
the Chortis Block highlands. Lowland and premontane moist forests were identified as
critical habitats. The Chortis Block highlands represent a transitional zone for the three
subspecies. These results, obtained via a multi-model approach to reduce uncertainty,
provide relevant insights for taxonomy and conservation planning of the M. divaricatus
complex and the genus Micrurus in NCA.

Keywords: Micrurus divaricatus complex, Nuclear Central America, Species distribution
models.

Resumen

Modelos potenciales de distribucion espacial para el complejo Micrurus divaricatus
(Serpentes: Elapidae) en Centroamérica Nuclear con énfasis en Honduras. Este estudio modelo
la distribucion del complejo M. divaricatus en Centroamérica Nuclear (CAN) mediante la evaluacion
de multiples técnicas de modelizacion e identificacion de predictores bioclimaticos cruciales. Se
utilizaron 178 registros de ocurrencia y siete variables seleccionadas por su relevancia ecologica y
baja colinealidad. Validando las ocho técnicas con las metricas AUC, TSS, Kappa de Cohen,
sensibilidad, especificidad, COR y CA. Random Forest, Support Vector Machines, Generalized
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Additive Models y Maximum Entropy Modeling mostraron mejor desempeiio, destacando Random
Forest por su mayor precision predictiva. Los predictores mas importantes fueron la estacionalidad
de la temperatura, la precipitacion del mes mas seco y la estacionalidad de la precipitacion. Las
proyecciones indicaron alta idoneidad en las vertientes del Pacifico y Caribe y en partes de la
Mosquitia, mientras que se predijo baja idoneidad en las tierras altas del Bloque Chortis. Los bosques
humedos de tierras bajas y premontanos fueron identificados como habitats criticos. Las tierras altas
del Bloque Chortis representan una zona de transicion para las tres subespecies. Estos resultados,
obtenidos mediante un enfoque multimodelo reduce la incertidumbre, proporcionan informacion
relevante para la taxonomia y la conservacion del complejo M. divaricatus y género Micrurus en
CAN.

Palabras claves: Centroamerica Nuclear, Complejo M. divaricatus, Modelos de distribucion de
especies.

Resumo

Modelos de distribuicdo espacial para o complexo Micrurus divaricatus (Serpentes: Elapidae)
na América Central Nuclear com énfase em Honduras. Este estudo modelou a distribui¢do do
complexo M. divaricatus na América Central Nuclear (CAN) testando multiplas técnicas de
modelagem e identificando preditores bioclimaticos chave. Foram utilizados 178 registros de
ocorréncia e sete varidveis selecionadas por relevancia ecoldgica e baixa colinearidade Validando as
oito técnicas usando AUC, TSS, Kappa de Cohen, sensibilidade, especificidade, COR e CA. Random
Forest, Support Vector Machines, Generalized Additive Models e Maximum Entropy Modeling
apresentaram melhor desempenho, com Random Forest mostrando a maior precisdo preditiva. Os
preditores principais foram a sazonalidade da temperatura, precipitacdo do més mais seco e
sazonalidade da precipitacdo. As projecdes indicaram alta adequagdo ao longo das encostas do
Pacifico ¢ Caribe e em partes da Mosquitia, ¢ baixa adequag@o nas terras altas do Bloco Chortis.
Florestas umidas de baixas altitudes e premontanas foram identificadas como habitats criticos. As
terras altas do Bloco Chortis representam uma zona de transi¢do para as trés subespécies. Estes
resultados, obtidos via abordagem multimodelo para reduzir a incerteza, fornecem informagdes
relevantes para a taxonomia e conservagdo do complexo M. divaricatus ¢ do género Micrurus na
CAN.

Palavras-chave: América Central Nuclear, Complexo M. divaricatus, Modelos de distribuicdo de
espécies.

Introduction

Biological species modeling has become the
primary statistical technique for predicting the
potential distribution of a taxon by considering
the abiotic and biotic conditions necessary for its
establishment and persistence in a given territory
(Guisan and Zimmermann 2000, Guisan and
Thuiller 2005, Elith and Leathwick 2009, Mateo
et al. 2011, Guisan et al. 2013, Elith and Franklin
2017). Species distribution models (SDMs) are a
valuable tool for elucidating or anticipating the
distribution patterns of a taxon. The development
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of SDMs relies on the use of historical or
contemporary occurrence records (coordinates/
location), biotic and abiotic predictor variables,
and elevation models (raster files) (Franklin
1995, Guisan and Zimmermann 2000, Phillips et
al. 2006, Mateo et al. 2011, Elith and Franklin
2017).

The application of SDM has proven to be a
valuable instrument for addressing problems at a
systematic and taxonomic level by providing a
quantitative and  spatial framework for
understanding the relationship between species
and their environment (Lissovsky et al. 2021,
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Rodriguez-Gomez et al. 2021). This assertion is
supported by the proposal of biogeographic
delimitations, thereby enhancing our
comprehension of historical and evolutionary
processes operating at the species and subspecies
level (Rodriguez-Gomez et al. 2021). A key
advantage of SDMs is their ability to identify
new occurrence areas, significant transition
zones, and critical regions for understanding the
presence and movement patterns of these taxa
(Mizsei et al. 2016). Furthermore, they help
elucidate  the  factors influencing  our
understanding of ecological and morphometric
variation in taxa. Consequently, they provide a
comprehensive  global perspective of the
taxonomic landscape.

Beyond their ecological and taxonomic
applications, SDMs play a crucial role in
conservation planning and have significant
implications for medical research. In regions
with a high prevalence of venomous snakebites,
they contribute to the development of
conservation strategies, medical treatments, and
preparation of antidotes (Fernandez et al. 2011,
Archis et al. 2018, Guerra et al. 2019, Rodriguez-
Gomez, et al. 2021, Al Haidar et al. 2023, Jowers
et al. 2023). Reptiles are a group of ectothermic
organisms, comprising lizards, snakes, and
turtles, that are currently facing challenges due
to habitat alteration and destruction (Archis et al.
2018). A recent study by Biber et al. (2023)
suggests a potential global decline in the richness
of this group, based on an analysis of distribution
patterns and bioclimatic variables. This analysis
entailed the generation of 6,296 models for
diverse reptile species, including 2,305 taxa
classified within snakes. Understanding the
distribution limits of a snake taxon is essential
for analyzing  biogeographic  processes,
ecological conservation, and medical relevance
(Mota-Vargas and Rojas-Soto 2012, Archis et al.
2018, Guerra et al. 2019, Martin et al. 2022).
Coral snakes represent a diverse group of species
within the genus Micrurus, as classified by
Wagler in 1824 (Roze 1982). Currently,
approximately 85 species of Micrurus are
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documented across the Americas (Jowers et al.
2023).

These snakes are distinguished by their
distinctive coloration patterns in addition to their
potent venom that is predominantly neurotoxic
(Kohler 2003, Stazi et al. 2022). They belong to
the Family Elapidae and exhibit a wide
distribution in  America, ranging from
southwestern Oaxaca, Mexico, to northwestern
Colombia (Roze 1996, Kohler 2008, McCranie
2011). This territory is inhabited by five distinct
subspecies: M. nigrocinctus babaspul Roze,
1967, M. nigrocinctus coibensis Schmidt, 1936,
M. nigrocinctus divaricatus Hallowell, 1855, M.
n. nigrocinctus Girard, 1854, and M. n. zunilensis
Schmidt, 1932. These subspecies display tricolor
(red, yellow, and black) and bicolor (red and
black) ring patterns, as documented by Kohler
(2008) and McCranie (2011). Their diet consists
of other snakes, lizards, and caecilians, and they
reproduce via oviparous means. They exhibit a
marked preference for dry forest, humid forest,
and tropical rainforest habitats, with an altitude
range of 0 to 1,640 m a.s.l. (Roze 1996, Kohler
2003, Kohler 2008, McCranie 2011).

Currently  recognized  as  Micrurus
nigrocinctus (Girard, 1854), this species is
considered a complex (Kohler 2003, 2008,
Campbell and Lamar 2004, Fernandez et al.
2011, McCranie 2011, Jowers et al. 2023). A
phylogenetic analysis conducted by Jowers et al.
(2023) proposed three lineages. The first lineage
includes the M. mnigrocinctus nigrocinctus
populations from Panama. The second lineage
contains M. nigrocinctus divaricatus and M.
ruatanus Gunther, 1895 from Honduras. The
third lineage comprises M. nigrocinctus
zulinensis and M. nigrocinctus nigrocinctus
populations from Chiapas, Guatemala, Honduras,
Nicaragua, and Costa Rica. Notably, the first
lineage exhibits a significant degree of genetic
divergence from lineages two and three.
According to the findings of Jowers et al. (2023),
no specific taxonomic classification exists for
Nuclear Central America (NCA) populations due
to the presence of genetic evidence indicating
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that Micrurus nigrocinctus Girard, 1854 is
restricted to Panama. Meanwhile, the second and
third lineages represent a subspecies complex
whose nominal status remains undetermined (for
further details, please refer to Figure 2 in Jowers
et al. 2023).

Consequently, the NCA populations are
classified as a subspecies complex that currently
lacks a taxonomic species designation and will
henceforth be referred to as the M. divaricatus
complex. This designation is because the name
M. divaricatus was first used by Hallowell in
1854, making it the oldest name among these
lineages. Given the absence of a well-defined
classification system for this taxon in southern
Mexico and Central America, the study species
will be informally treated at the level of the
previously used name Micrurus divaricatus
Hallowell, 1854.

Several studies have focused on distribution
modeling for different species of Micrurus
(Terribile et al. 2007, Archis et al. 2018, Hidalgo-
Garcia et al. 2018, Guerra et al. 2019, Lara-
Galvan et al. 2023), particularly in context of
NCA, according to the work of Hidalgo-Garcia
et al. (2018) and Lara-Galvan et al. (2023). This
genus holds both medical and taxonomic
significance, as evidenced by the proposal of
multiple lineages for NCA by Jowers et al.
(2023). Developing distribution models for the
M. divaricatus complex is highly valuable, as it
enhances the current understanding of the
generic distribution across the Americas. It also
plays a crucial role in identifying suitable areas,
areas with potential new records, and bioclimatic
and ecological factors, which are essential for
future studies of the M. divaricatus complex in
NCA.

The objective of this study is to develop a
distribution model for the M. divaricatus
complex in NCA, with a particular focus on
Honduras, given that the three subspecies
comprising this complex are found in that
country, along with an abundant number of
presence records for these taxa. The study will
entail a comparison of different algorithms for
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the generation of SDMs, with the objective of
selecting the techniques with the best performance
in function of predictive variables according to
bioclimatic and ecological aspects that contribute
to the explanation of the distribution of the M.
divaricatus complex, as well as detecting the
bioclimatic variables and ecological aspects that
influence this group of snakes.

Materials and Methods
Study Area

The study area was defined as the zone
extending eastward from the Isthmus of
Tehuantepec and the mountainous region of
Chiapas (southern Mexico), Guatemala, EI
Salvador, and Honduras, encompassing the
depression of Nicaragua between the Santa Elena
Peninsula and the Hessian Escarpment. This
region is geologically part of the Maya and
Chortis blocks. The Nuclear Central America
region is situated between the North American
and Caribbean Plates (Figure 1) (Brineman and
Vinson 1961, Savage 1966, Banks 1975,
Donnelly et al. 1990, James 2007, Marshall
2007, Cano et al. 2018).

This region is a suitable area for the study of
venomous snakes because it is considered a
historical transition zone with remarkable
richness and diversity, being an area of
importance for the endemism of this reptile
group in the Americas (Russell et al 1997,
Kohler 2003, Mata-Silva et al.  2019).
Consequently, the generation of SDMs on M.
divaricatus in this area contributes new
information about historical, ecological, and
evolutionary biogeographic patterns in this
reptile group, specifically for the genus Micrurus
and this subspecies complex. The existence of a
significant number of catalogued records in
museums, private collections, and numerous
bibliographic references for this region facilitates
the generation of SDMs that allow us to obtain
more precise and rigorous results.
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Figure 1. Historical records of the study species in NCA and delimitation of the Mayan and Chortis geological blocks.

Map generated in QGIS 3.28.

Occurrence Records

To obtain the georeferenced occurrence
records of the study species, several databases
were consulted: VertNet.org. 2016, (http:/
portal.vertnet.org/search); Global Biodiversity
Information Facility, 2023 (GBIF.org, https://
www.gbif.org/); Portal de Biodiversidad de
Guatemala (https://biodiversidad.gt/portal/index.
php) (Orellana and Lopez 2023). The latter
digital platform links to databases of the reptile
collections of the University of Michigan Museum
of Zoology UMMZ-Vertebrates, Smithsonian
National Museum of Natural History NMNH-
Vertebrates, University of Texas-Arlington
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Herpetology UTA, Universidad del Valle de
Guatemala UVG-UVGR, American Museum of
Natural History AMNH-Vertebrates, Field
Museum of Natural History FMNH-Zoology,
Florida Museum of Natural History UF-
Vertebrates, Museum of Comparative Zoology,
Harvard University MCZ-Vertebrates, Museum
of Vertebrate Zoology, University of California
Berkeley MVZ-Herp, Muséum  National
d’Histoire Naturell MNHN-Vertebrates and
Natural History Museum (London) NHM-
Vertebrates; Taxonomic Catalog of the Biota of
Mexico [CONABIO (comp) 2023], (https:/www.
snib.mx/taxonomia/descarga/). The following
records were considered: those with specimens
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conserved in museums, private biological
collections, and data cited in scientific articles,
as well as records of specimens deposited by one
of the authors in the Museum of Natural History
of the Universidad Nacional Auténoma de
Honduras.

Appropriate records were considered to be
data with the following considerations: (1) data
with vouchers in biological collections, with
catalog number of or collector code; (2) data
with a geographical reference or a detailed
description of the collection location; (3) records
cited in scientific papers that have not yet been
deposited in biological collections nor available
in online databases, but which have been
published in prestigious journals on this group.
Data with only observation records were
excluded. The selection of reliable records for
the study area serves to eliminate the possibility
of bias due to misidentifications that can occur in
the various digital platforms that publish visual
records.

The selected data were stored in a spreadsheet
containing the following fields: a numerical
code, the country or region of collection,
geographic reference (longitude, latitude, in
decimal degrees), and a bibliography of reference
of the specimen record (Appendix I).
Subsequently, the geographic references were
refined and corrected with the help of relevant
publications, scientific research articles, and
books that provided detailed descriptions of the
localities where the specimens were collected
(Schmidt 1932, 1933, Gaige et al. 1937, Smith
and Taylor 1945, Landy ef al. 1966, Roze 1967,
1982, 1996, Seib 1984, Kohler 2001, 2003,
2008, Jansen and Kohler 2003, Kohler et al.
2006, Sunyer 2009, Illescas ef al. 2011, McCranie
2011, Scott et al. 2011, Travers et al. 2011,
Jowers et al. 2023).

Using the geospatial software Quantum GIS
3.28 (QGIS Development Team 2023), Google
Earth Pro (Google 2023), and ACME mapper
2.2. (ACME 2024), the geographic points were
coupled in a vector layer of southern Mexico and
Central America and a satellite imagery layer

(QuickMapServices add-on in QGIS) for
verification and rectification of the localities and
geographic references of each record. Those
with anomalies or incorrect geographic
references or data that could not be georeferenced
were discarded. Data with duplicated geographic
references were considered as one record.

Climate Variables

The selection of bioclimatic variables was
based on ecological factors such as temperature
and precipitation, as indicated by Marques et al.
(2006), Mizsei et al. (2016), and Archis et al.
(2018). Temperature and precipitation have been
identified as significant ecological and biological
factors that influence ectothermic species and the
composition of surrounding vegetation, highlighting
their crucial role in environmental dynamics. This
statement is corroborated by McCranie (2011),
who notes that distribution of these species in
Honduras is predominantly concentrated in
lowland rainforest, lowland dry forest, premontane
rainforest, premontane wet forest, premontane dry
forest, and low montane rainforest. These
formations are delimited based on Holdridge’s
classification of life zones, which are determined
by mean annual temperature, mean annual
precipitation, humidity, and altitude. Bioclimatic
variables were used in potential distribution
studies for species of the genus Micrurus in
different regions of the Americas, including the
southern United States, southern Mexico, Central
America, Rio de Janeiro, and southeastern Brazil
(Terribile et al. 2007, Archis et al. 2018, Hidalgo-
Garcia et al. 2018, Guerra et al. 2019, Lara-
Galvan et al. 2023).

Consequently, a set of 13 bioclimatic variables
and a digital elevation model (DEM) were
obtained. This set of predictor variables was
reduced to seven through a process that included
the selection of the most frequently used
variables in previous studies on species of the
genus (Terribile e al. 2007, Archis et al. 2018,
Hidalgo-Garcia et al. 2018, Guerra et al. 2019,
Lara-Galvan et al. 2023). The application of a
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collinearity analysis used the pairwise correlation
coefficient and the variance inflation factor (VIF)
to mitigate the bias introduced by highly
correlated variables (more details in the section
on identification of collinearity of the predictor
variables).

The analysis showed that the mean diurnal
range, temperature seasonality, mean temperature
of the driest quarter, annual precipitation,
precipitation seasonality, precipitation of the
warmest quarter, and precipitation of the driest
month exhibited the lowest correlation values.
Although prior research indicated that the mean
annual temperature is a significant factor in the
modeling for taxa in this genus, it was excluded
due to its high correlation in relation to the other
variables. Bioclimatic variable files and digital
elevation models were obtained from Worldclim.
org (https://www.worldclim.org/data/index.html)
(Worldclim.org. 2023), “bio30s” and “elev30s,”
both with a spatial resolution of 1 km? (Fick and
Hijmans 2017). The files were edited by making
a raster mask at geographic extent between
longitudes -95°0223.70" W, -83°07'08.36" E, and
latitude 10°46'11.96" S, 17°33'41.65" N in the
software QGIS. For each variable, all files had
the same pixel size (30"), with a size of ~0.93
km, in latitude orientation.

Pseudo-absence

Pseudo-absences were created to meet the
requirements of Species Distribution Models
(SDMs) that need them. The criteria used for
generating these pseudo-absences included: (1)
utilizing occurrence records from other species
within the same genus, as advised by Phillips ez
al. (2009); (2) identifying and considering
regions lacking valid occurrence records, such as
the eastern highlands of the Chiapas Mountains
in southern Mexico (cf. Johnson et al 2015
classification), southern Petén in Guatemala, and
southern Belize (Cayo, Stann Creek, and Toledo),
for Honduras based on the distribution of M.
divaricatus and its relationship with the
Holdridge life zones for Honduras, where this
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complex is absent, as proposed by McCranie
(2011). A manual procedure was employed to
generate pseudo-absences at random in these
zones. Vector layers delineating boundaries
within the specified regions were utilized, and an
elevation layer was used to restrict the generation
of pseudo-absences to a higher range of 0 to
1,900 m a.s.l. These actions were executed in the
QGIS program. (3) In addition, pseudo-absences
were generated along the study area, with the
help of the background function (SDM), through
the eDist method, using the occurrence records
and a layer stack of the predictive variables that
had been previously selected. It was determined
that all pseudo-absences situated within a 0.1°
radius of each occurrence record should be
excluded.

Modeling Process

The processing and execution of the models
was conducted using R project software, version
43.0 (R Core Team 2023), RStudio version
2023.6.1.524 (Posit Team 2023), through the
SDM package (Naimi and Araujo 2021). This
package allowed adaptability in developing
different modeling techniques and was flexible
for generating SDMs, helping to reduce errors in
the construction of species distribution models,
as well as being easy to use (Naimi and Araujo
2016). The following steps were applied: (1)
data loading into the RStudio interface
(occurrences, pseudo-absences, and predictor
variables); (2) identification collinearity of the
predictor variables; (3) model processing, fitting,
and evaluation; and (4) generation and
preparation of predictions.

Data import into the RStudio interface.—The
occurrence, pseudo-absence, and predictor
variables (climatic) records were loaded into the
RStudio interface. The predictor variables were
then grouped into an ensemble file using the
raster package (Hijmans 2023). The occurrence
and pseudo-absence data were subsequently
identified in a binary manner (1 = occurrence
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and 0 = pseudo-absence) and converted to
SpatialPointsDataFrame format using the
“coordinates” function (sdm package).

Identification of collinearity of the predictor
variables.—Typically, a threshold of VIF < 10 is
used for the exclusion of correlated variables
(Dormann et al. 2013, Naimi et al. 2013,
Mpakairi ef al. 2017, Arenas-Castro et al. 2022).
Cobos et al. (2019) employed a different
approach by setting the threshold at VIF < 5,
which prompted a review of alternative cutoffs
to assess their impact on model performance. To
this end, a series of multicollinearity analyses
were conducted, examining the impact of various
VIF thresholds (VIF < 3, VIF < 5, VIF < 7,
and VIF < 10) in the set of 14 pre-selected
variables. These analyses indicated that the
elimination of predictor variables with VIF
values greater than 3 significantly reduced the
set of predictor variables and decreased the
performance of the models.

Analyses employing VIF < 5 and VIF < 7
thresholds identified the same set of predictor
variables, with models exhibiting moderate
performance in comparison to exclusion with a
VIF threshold < 3. The set of predictor variables
obtained in the analysis at a threshold of
VIF < 10 exerted a favorable influence on
model performance. Each set of predictive
variables obtained at different VIF thresholds is
evaluated by the performance of the models,
using the sensitivity and specificity metrics.

This process allowed selection of the most
optimal threshold, which groups the best set of
variables. Consequently, the optimal threshold
for excluding predictor variables with a high
degree of correlation was determined to be a
threshold of VIF < 10. During this last analysis,
the variables BIO2, BIO4, BIO9, BIO12, BIO15,
and BIO18 were not excluded on the basis that
they are regarded as essential bioclimatic
variables within the genus. The “sdmata” object
was then constructed, containing information on
occurrences, pseudo-absences in binary form,
and predictor variables. For these analyses, the

“vifstep” function of the USDM package (Naimi
2023) was used to identify variables with high
correlations, and the “keep” argument was
utilized for the set of variables that should not be
excluded. This function facilitates identification
of collinearity between predictor variables
through the use of VIF, an effective method to
elucidate the relationship between a variable and
multiple variables considered in the development
of SDMs (Dormann et al 2013, Naimi and
Aratjo 2016).

Processing, model fitting, and evaluation.—
A wide variety of techniques is available for the
development of SDMs. Elith et al. (2000),
Pliscoftf and Fuentes-Castillo (2011), Guisan et
al. (2017) and Hijmans and Elith (2017)
classified them into the following three
groups: (a) profile or “envelope” methods: based
on ranges of minimum and maximum values of
climatic variables and values in the location of
known occurrences, or mathematical distances to
determine the possible occurrence of a species in
an established area; (b) regression-based: this
technique makes use of occurrence and absence
data through multiple regressions, logistic
regression, or poisson regression, and describes
the relationship between predictor variables,
occurrence, and absence; (¢) machine learning: uses
occurrence data, background data or absence/
pseudo absence, predictive variables; within this
group there are different techniques, some based
on clustering trees and regressions, maximum
entropy, and finally, a combination of simple
linear method, regression, and outlier detection
and class categorization such as support vector
machines.

Among the profiling methods, the Bioclim
(BIOC), Domain (DOM), and Mahalanobis
(MAH) approaches were considered. The
Bioclim method employs a straightforward
algorithm based on Boolean operators (Busby
1991). In contrast, the Domain (Carpenter et al.
1993) and Mahalanobis (Mahalanobis 1936)
methods rely on mathematical distances and the
similarity of climatic characteristics to identify
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potential new locations for occurrence (Elith et al.
2006, Hernandez et al. 2006, Guisan et al. 2017).
Conversely, regression techniques are predicated
on the analysis of the relationship between
occurrence data and predictor variables using
regression methods. The following methodologies
were employed: the generalized linear model
(GLM) and the generalized additive model
(GAM) (Guisan et al. 2002, Elith and Franklin
2013, Guisan et al. 2017). The machine learning
approach entailed the implementation of random
forest (RF), support vector machines (SVM),
and maximum entropy modeling (MaxEnt)
methods. These models are founded on the
principles of classification and regression trees
(Breiman 2001). The SVM technique can be
applied to regression analysis, outlier detection,
and class categorization to predict the areas of
presence (Tax and Duin 2004, Guo et al. 2005,
Hijmans and Elith 2017). According to Zhang
and Li (2017), MaxEnt is an approach that
employs a maximum entropy framework to
contrast presences with predictor variables and
to similarly consider absences. This allows the
classification of areas with potential presence or
absence of a taxon (Phillips et al. 2006,
Hernandez et al. 2006, Dudik et al. 2007, Guisan
et al. 2017).

The eight modeling techniques described
above were used for the modeling of M.
divaricatus, with the algorithms for Bioclim,
Mahalanobis, and Dominance being those fitted
in the Dismo package (Hijmans et al. 2023) and
MaxEnt implemented using the same framework
as the Java package ‘MaxEnt’, version 3.4.0.
While each modeling technique makes different
assumptions based on their algorithms when
generating SDMs, it is important to review the
predictive response from different approaches
due to the high environmental, biogeographical,
and dataset variation obtained for the study area.
This also allows the selection of models that
reveal more suitable information for the
distribution of this complex. The predictive
responses are evaluated using the most common
statistics in the evaluation of SDMs (Shabani et
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al. 2018), allowing us to identify the best model
to fit our data and study area.

They also allow for an assembly of the
models with the best predictive responses,
grouping areas with better suitability and
reducing the uncertainties of the different models
(Araujo and New 2007, Thuiller et al. 2009).
This approach will provide more robust
boundaries of the distribution of the M.
divaricatus complex in NCA. The following
structure was used for each modeling
technique: “sdm(bi~BIO2+BI0O4+BIO9+BIO12
+BIO14+BIO15+BIO18, data = ‘“Presence —
Pseudoabsence,” methods = “Models,” dep.test,
replication = boot, N = 10)” modifying only
the “methods” argument. The “sdm” function
(sdm package) was used to fit the models, and
replications of the different models were
performed using the bootstrap method.

To validate the models, a subset of the data
prepared for training the models was selected
using the bootstrapping technique. This was
done to perform validation with dependent test
data and to determine the proportion of test data
to be used for validating the different models
under consideration. Publications on SDMs have
proposed that the proportion of test data should
be within the range of 20% to 40% for this
purpose (Hidalgo-Garcia et al. 2018, Stevens
and Conway 2019, Interiano et al. 2024, Montero
and Velasco 2024). In accordance with the
aforementioned guideline, five models were
executed with test data partitions of 20%, 25%,
30%, 35%, and 40%, comprising 10 replication
iterations and 100 repetitions for each modeling
method. The models generated with varying
percentages of test data partitions were evaluated
using the following metrics: the area under the
ROC curve (AUC), the true skill statistic (TSS),
and the point-biserial correlation coefficient
(COR). For each technique, the test data
proportions yielding the highest mean values for
these metrics were selected, employing the
criterion max(se + sp) as the threshold.

The statistical analyses employed to assess
the adequacy of the wvarious models were
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executed wusing the “getEvaluation” and
“evalates” functions of the SDM packages
(Naimi and Araujo 2021). This assessment
contributes to the calibration of the models,
during which the aforementioned metrics, along
with sensitivity and specificity, were employed.
The integration of diverse metrics was based on
prevalence (AUC and COR), threshold-
independent, and threshold-dependent confounding
matrix-based statistics (TSS, Kappa, Sensitivity
and Specificity), enabling a more rigorous
validation process and facilitating a multifaceted
evaluation of the SDMs (Fielding and Bell 1997,
Segurado and Araujo 2004, Allouche et al. 2006,
Elith et al. 2006, Franklin 2009, Mouton et al.
2010, Naimi and Aratjo 2016, Guisan et al.
2017, Shabani et al. 2018).

Considering optimal values between 0.8—0.89
as good, values above 0.9-0.99 are considered
very good, and 1 as perfect, for AUC, in the case
of TSS and Kappa > 0.7-0.79 good, 0.8-0.99
very good, and 1 perfect, while sensitivity and
specificity range between 0-1, with > 0.8-1
being acceptable values, for COR and CA close
to 1 (Vaughan and Ormerod 2005, Pearson 2010,
Phillips and Elith 2010, Zhang et al. 2015,
Komac et al. 2016, Guisan ef al. 2017). During
the evaluation processes, a total of 30 rounds of
runs were executed. These consisted of adjusting
the number of pseudoabsences required and the
selection of predictor variables at different VIF
thresholds (VIF < 3, VIF <5, VIF < 7,
VIF < 10), according to the values of the
metrics established, considering the number of
pseudoabsences and the VIF threshold with
optimal results for the different models. In
addition, the variables with the highest relative
importance and response were calculated with
AUC, using the “rcurve” and “getVarlmp”
functions (SDM package).

Elaboration of predictions and maps.—Eight
predictions for the considered models were
generated using the “predict” function (SDM
package), from the average of the ten models
corresponding to each technique, with the following
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structure:  “predict (RF10, newdata = layer,
mean = T).” In addition, an average prediction of
the most efficient models was generated on a
scale from 0 to 1 to delimit the zones of
occurrence. Following the example of the
method proposed by Hijmans and Elith (2017),
modifying the threshold of 0.5 by an average
value of the thresholds obtained by max (se+sp)
for the considered models. Subsequently, a
second validation was performed using the
projections of the generated predictions
(transformed to binary) and the occurrence and
pseudo-absence data. The same metrics used in
the initial evaluation were applied, augmented
with the inclusion of the Kappa coefficient and
the calibration statistic (CA). This was done to
evaluate the discrimination and calibration of the
predictions.

The calibration statistic was calculated
according to the methodology described in the
SDM package. The remaining metrics AUC,
TSS, Kappa, COR, Sensitivity (SEN), and
Specificity (SPE) were obtained using the
“absence.accuracy” and ‘“ecospat.meva.table”
functions from the PresenceAbsence and ecospat
packages (Broennimann and Di Cola 2023,
Freeman 2023). The projections of predictions
were selected based on the values resulting from
the second round of evaluation. The coefficient
of variation was calculated to illustrate areas of
agreement between the models. This was
achieved by utilizing the “cv” function (raster
package). These projections were exported in
TIF format using the “writeRaster” function
(raster package) and processed in QGIS 3.22 to
prepare the potential distribution maps of the M.
divaricatus complex. The predicted area for
Holdridge life zones (Holdridge 1978) for
Honduras was also calculated from the average
prediction of models with good performance on
a scale of 0-1, according to the example
presented by Hijmans and Elith (2017). With the
help of geospatial tools and the Group Stats add-
on in the QGIS program, the area of overlap of
life zones and area of possible occurrence of the
M. divaricatus complex was estimated. The
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methodology described above is designed to
align with the recommendations made by Zurell
et al. (2020) during the development of SDMs.
The objective is to facilitate the creation of more
reliable, reproducible, and efficient models.

Results

The models were derived from a dataset
comprising 178 occurrence records obtained
from the different localities in various countries
(16 from southern México, 28 from Guatemala,
19 from El Salvador, 87 for Honduras, and 28
from Nicaragua) and 306 pseudo-absences, also
generated for study area (97 from southern
Mexico, 19 from Belize, 61 from Guatemala, 17
from El Salvador, 53 from Honduras, and 59
from Nicaragua). The collinearity analysis
conducted on the 14 predictor variables, which
were initially chosen based on studies of taxa
from the genus Micrurus, identified six
bioclimatic variables and the elevation model as
having a high degree of correlation. As a result,
these variables were excluded from further
analysis, leading to the development of the
models based on seven variables (BIO2, BIO4,
BIOY, BIO12, BIO14, BIO15, and BIO18) and
the dataset described above (occurrence and
pseudo-absences).

The findings derived from the metrics
employed during the model fitting and evaluation
processes identified four models with acceptable
performance levels. Among these, the RF model

stood out as the top performer, surpassing SVM,
GAM, and MaxEnt. The RF model achieved
values of AUC = 0.97, TSS = 0.86, and
COR = 0.85, revealing very good performance.
While the SVM, GAM, and MaxEnt models also
demonstrated good performance with values of
AUC > 0.87, the rest of the metrics showed
values of TSS > 0.70 and COR > 0.67,
indicating good predictive capability. These
values, collectively, indicate that all four models
possess sufficient accuracy to forecast the
potential distribution of the M. divaritacus
complex. MaxEnt consistently exhibited lower
TSS and COR values compared to the other
three models (refer to Table 1).

The second evaluation of the generated
predictions reinforced the initial results, with the
RF model again demonstrating superior performance.

It achieved the highest scores: AUC = 0.99,
TSS = 091, Kappa = 0.89, COR = 0.90,
CA =0.75, SEN =098, and SPE = 0.93,

indicating very good predictive capacity. In
comparison, the SVM and GAM models
exhibited strong results across the board, with
AUC > 093, TSS > 0.71, Kappa > 0.66,
COR > 0.74, CA > 0.84, SEN > 0.88, and
SPE > 0.76, delivering good predictions.
Meanwhile, MaxEnt demonstrated slightly
weaker results with an AUC = 0.90,
TSS = 0.66, Kappa = 0.63, COR = 0.68,
CA = 0.84, SEN = 0.87, and SPE = 0.79.
These metrics reflected satisfactory values for
the MaxEnt models and demonstrated acceptable

Table 1. The values obtained in the first evaluation were based on a subsample of the training data for use in the
validation of the different models, applying the AUC, TSS, and COR metrics. The best performing models
are presented in bold. These acronyms are also used in the following sub-section: Processing, Model Fitting,
and Evaluation.

RF SVM GAM MaxEnt MAH GLM DOM BIOC
AUC 0.97 0.91 0.87 0.89 0.91 0.80 0.76 0.73
TSS 0.86 0.73 0.70 0.70 0.67 0.57 0.46 0.41
COR 0.85 0.72 0.69 0.67 0.38 0.50 0.42 0.28
TH 0.44 0.31 0.52 0.46 -0.17 0.31 0.54 0.02
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Table 2. The second evaluation yielded the following values, which were calculated using the prediction projections
and the entire training data set for validation. The following metrics were applied: AUC, TSS, Kappa, COR,
CA, SEN, and SPE. The best performing models are indicated in bold.
RF SVM GAM MaxEnt MAH GLM DOM BIOC
AUC 0.99 0.93 0.97 0.90 0.93 0.79 0.76 0.73
TSS 0.91 0.71 0.72 0.66 -0.04 0.54 0.30 0.38
Kappa 0.89 0.66 0.70 0.63 -0.03 0.49 0.29 0.33
COR 0.90 0.74 0.84 0.68 0.36 0.49 0.31 0.39
CA 0.75 0.87 0.84 0.84 -0.02 0.77 -0.17 0.76
SEN 0.98 0.94 0.88 0.87 0.95 0.89 0.66 0.84
SPE 0.93 0.76 0.84 0.79 0.01 0.65 0.64 0.54

performance. Nevertheless, the slightly lower
values suggest reduced predictive accuracy
compared to the other three models (Table 2).
The evaluations underscored the importance
of utilizing a diverse range of metrics such as
AUC, TSS, Kappa, COR, SEN, and SPE for a
more holistic and rigorous assessment through
tailored statistical methodologies specific to each
metric. For instance, the MAH model
demonstrated suboptimal performance for COR
and CA values despite achieving high scores for
metrics like AUC, TSS, and Kappa. Models
where SPE exceeded SEN were deemed less
favorable (Tables 1 and 2). Similarly, models
such as Bioclim, Domain, and Generalized
Linear Model were excluded due to their failure
to meet optimal criteria across these metrics.
These models produced inaccurate and low-
quality predictions regarding the distribution of
the M. divaricatus complex, further validating
the significance of this multi-metric approach in
model evaluation. During these validations,
various proportions of test data were assessed to
determine optimal performance levels. The
analysis suggested that the following percentages
of test data delivered the best results: 20%
MAH, 30% for RF and BIOC, 35% for GAM,
GLM, and DOM, 40% for SVM and MaxEnt
(Appendix II). Although performance differences

across these percentages were minimal, the
models showed their highest accuracy within
these ranges. This was demonstrated by the
average values recorded for key metrics such as
AUC, TSS, and COR (refer to Appendix II for
statistics).

Projections from various models revealed
significant differences in how this complex is
distributed. This can be seen through the values
of the coefficient of variation obtained from
predictions made by RF, GAM, and MaxEnt
(Figure 2). The MaxEnt model primarily shows a
Pacific prevalence for NCA, with areas of
moderate to high suitability. The Sierra Madre de
Chiapas displayed less suitability, characterized
by low values. Conversely, the highlands of the
Chortis Block in Honduras and Nicaragua
projected areas with low suitability. In contrast
yet again, the Caribbean slope regions of
Honduras exhibited high suitability, while the
Honduran Mosquitia and Nicaraguan Mosquitia
regions presented areas of half suitability (Figure
3A). In contrast, the RF model showed a
reduction in areas corresponding to the highlands
of the Chortis block, with low suitability values.
The Pacific slopes of Nicaragua exhibited larger
areas with low and medium suitability, with
certain specific zones of high suitability such as
the Pacific coast of El Salvador. Similar patterns
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Figure 2. (A) Projected average of the RF, GAM, and MaxEnt models, along with historical records for the M.
divaricatus complex in the NCA. (B) Coefficients of variation for the suitability areas indicated by the models.

were observed for the Caribbean slope of
Honduras and the Mosquitia region, where the
lowlands showed high suitability (Figure 3B).
The SVM model presented a distribution
similar to MaxEnt, but it indicated larger areas
with high suitability for the Pacific slope of NCA
and an increase in suitable areas with low values
in the Sierra Madre de Chiapas. On the other
hand, the lowlands of the Caribbean side of
Honduras and the Mosquitia revealed high
suitability. Meanwhile, the highlands of the
Chortis block projected a broad area of low
suitability values for Honduras and high
suitability in the Chortis lands of Nicaragua
(Figure 3C). This model identified a small area
of suitability conditions in the highlands of

Phyllomedusa - 24(2), December 2025

Belize. The GAM model produced a varied
distribution of areas with values ranging from
low to medium and high suitability. The regions
demonstrating favorable suitability for the
presence of this complex are consistent, both on
the Pacific slope and in the Caribbean areas of
Honduras and Mosquitia. Notably, the Chortis
block region exhibited a broad area of high
suitability, contrasting with projections from
MaxEnt, RF, and SVM models.

This model acknowledged favorable
suitability areas in the Belize highlands and
predicted high suitability in the Sierra Madre de
Chiapas and the Chiapas highlands (Figure 3D).
Areas identified with negative suitability included
the northern Sierra Madre Mountains in Chiapas,
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Figure 3. Predictions of the potential distribution of M. divaricatus complex in NCA using MaxEnt (A), RF (B), SVM
(C), and GAM (D). Map generated in QGIS 3.28.

southern Belize, the Petén highlands, the high
mountains of Guatemala, the region north of the
Polochic-Jocotan and Motagua faults, and the
northwestern Mosquitia region of Honduras.
Sections of the Chortis Block highlands and
most of the Caribbean coast of Nicaragua also
displayed negative suitability. The differences in
predicted distribution and suitability areas across
the models highlight significant variability in
estimating suitable regions for various ecosystems
in Holdridge’s classification for Honduras.
Among the models analyzed, MaxEnt
identified large regions of suitability for most
ecosystems, including Lowland Arid Forest. It
showed restricted suitability areas for Lower
Montane Moist Forest. In contrast, the RF, SVM,
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and GAM models exhibited a gradual reduction
in the extent of suitable areas across the
ecosystems. Premontane Moist Forests and
Lowland Dry Forests were associated with a
reduced portion of suitable areas in these models.
The Lowland Arid Forest and Lower Montane
Moist Forest displayed very minimal suitable
regions. On the other hand, the Lowland Moist
Forest demonstrated extensive suitability across
all four modeling approaches, with only minor
variation observed between models. This finding
underscores the importance of the Lowland Moist
Forest, likely serving as a critical ecosystem for
the species complex within Honduras.

The overlap analysis of Holdridge life zones
and the average projections generated by the RF,
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GAM, and MaxEnt models provided an estimated
area of overlap and potential habitat for these
ecosystems in Honduras, relative to the
distribution of the M. divaricatus complex. The
results identified overlapping areas of 23,289.12
km? for Lowland Moist Forest, 10,135.04 km?
for Lowland Dry Forest, 10,951.40 km?> for
Premontane Moist Forest, 17,622.18 km? for
Premontane Wet Forest, 1,285.53 km? for
Premontane Dry Forest, and 1,114.99 km? for
Lower Montane Moist Forest. Collectively, these
findings suggest that the M. divaricatus complex
primarily spans six ecosystems within the Honduran
territory, covering a potential area of 63,236.1 km?

The assessment of response patterns to

approaches revealed that variables BIO4, BIO14,
and BIOI15 exert significant influence on the
distribution of the M. divaricatus complex.
While BIO12 notably impacted models generated
by SVM, other predictor variables exhibited
moderate effects. For the MaxEnt, SVM, and
GAM, response values varied from 0.8 to 0.97,
contrasting with RF, which exhibited a lower
response value of 0.69 (Figure 4). In the analysis
of variable importance, BIO4, BIO14, and
BIO15 emerged as key factors for predicting the
distribution of this complex. BIO4 was identified
by RF, SVM, GAM, and MaxEnt as the variable
with the greatest contribution in the distribution
patterns generated by these approaches for the

predictor variables across four modeling M. divaricatus complex (Figure 5). Additionally,
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Figure 4. lllustrates the response curves that depict the influence of predictor variables in the top-performing models.
The x-axis displays the values of these predictor variables, while the y-axis represents the response rate of

the models on a scale from 0 to 1.
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both GAM and MaxEnt underscored the relative
importance of BIOI14 and BIOI15 over other
variables. These findings indicate that BIO4,
BIO14, and BIOI15 are essential for
comprehending the distribution patterns and
ecological factors influencing the M. divaricatus
complex. Furthermore, a set of preferred values
was determined, which is favorable for the
occurrence of this complex (for more details on
these ranges, refer to Appendix III).

Discussion
The findings indicated that Random Forest

(RF), Support Vector Machine (SVM),
Generalized Additive Models (GAM), and

Maximum Entropy (MaxEnt) are the most
effective tools for modeling the distribution of
the M. divaricatus complex, with RF showing
the highest performance. These outcomes align
with other research studies on modeling
techniques, such as those by Van Strien (2008)
and Pliscoff and Fuentes-Castillo (2011). These
approaches delimited an area of distribution
which spans from the Isthmus of Tehuantepec to
the end of the Nicaraguan depression. The
models suggest a restricted distribution for the
complex north of the Motagua-Polochic-Jocotan
fault and predict lower distribution probabilities
in the highlands of the Chortis block. They also
identify high transition potential between the
Pacific and Caribbean slope zones of both
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Figure 5. Displays the findings from analyzing the variables with the highest relative importance across four models
that demonstrated strong performance for the M. divaricatus complex, using the AUC metric method. The
bars illustrate the percentage contribution of each variable within these models.
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Honduras and Nicaragua (Figure 2). RF, SVM,
and GAM are found to more precisely define the
distribution range, as the probabilities of
presence decrease toward ecological boundaries
compared to MaxEnt results.

All models consistently highlight the lowland
and mid-elevation areas as particularly suitable
for the occurrence of this complex, especially on
the Pacific slope of NCA, the Caribbean slope of
Honduras, and the Mosquitia regions in both
Honduras and Nicaragua. In these locales, the
combination of high temperatures and moderate
precipitation seems favorable for the prevalence
of these taxa. On the other hand, while the
highlands of the Chortis block might significantly
influence movement patterns, high precipitation
levels could render these environments less
suitable for occurrence. Similar challenges might
arise north of the Motagua-Polochic-Jocotan
fault, along Nicaragua’s Caribbean coast, and in
the highlands of Chiapas, where a disproportionate
balance of temperature and precipitation likely
restricts the presence of these species. This is
supported by results regarding the response and
significance of the bioclimatic variables
employed.

In the context of this study, the variables
BIO4, BIO14, and BIOI15 showed valuable
insights, suggesting a high likelihood that this
complex is linked to NCA regions. This
association is marked by BIO4 values ranging
from 43.25 to 135.87, BIO14 values between 1.4
to 83.8, and BIOI15 values spanning 40.5 to
112.3 (Appendix III). These parameters reflect
the preference of the M. divaricatus complex for
tropical rainforest and dry forest ecosystems, as
previously documented by Kohler (2003) and
McCranie (2011). These regions typically
experience brief periods of seasonal rainfall,
while temperatures seldom drop below 75.20 °F.
Among these variables, BIO4 is considered
crucial in explaining the distribution of the
complex, though BIO14 and BIO15 also play
significant roles in understanding the genus and
distribution patterns of other taxa of Micrurus.
This observation aligns with findings by Hidalgo-
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Garcia et al. (2018), who analyzed M. diastema
(Duméril, Bibron, and Duméril, 1854) and M.
elegans Jan, 1858 within the region.

Research conducted by Hidalgo-Garcia et al.
(2018) and Lara-Galvan et al. (2023) on M.
diastema, M. elegans, and M. distans Kennicott,
1860 revealed distribution patterns that align
with the defined negative suitability zones for
the M. divaricatus complex. Observed overlap
occurs in the Maya Mountains region of Belize,
the highlands of Chiapas, and the western Chortis
Block. A more extensive overlap was identified
west of the Sierra Madre and in the Pacific
regions of Chiapas, near the Isthmus of
Tehuantepec. These findings suggest that
competitive interactions among these species
may significantly impact their spatial boundaries
in these areas. Further investigation is necessary
to explore specific niche dynamics and ecological
competition in regions where overlaps are most
pronounced.

To confirm the effectiveness of our
distribution models for this complex, field
evaluations are recommended, following the
methodology outlined by Mizsei et al. (2016).
These evaluations involve field sampling to
assess species presence and the functionality of
predicted values in key areas, particularly those
lacking previous records. This approach also
aids in gathering new ecological data.
Incorporating biotic variables could enhance
predictive accuracy in certain regions, a factor
not addressed in this study. Future research
should explore the identification of abiotic and
biotic tolerance ranges to achieve a more precise
ecological characterization of this complex along
the NCA corridor. Understanding these ecological
relationships will clarify how they affect the
distribution of each subspecies within the
complex. Additionally, investigating the role of
diet as a pivotal biotic factor influencing
distribution is an important avenue for future
studies.

In accordance with the aforementioned
points, ascertaining dietary preference and levels
of predation among the three subspecies within
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the NCA biogeographic area could facilitate a
more profound comprehension of their
competitive feeding interactions and underscore
regions exhibiting elevated predation rates.
These factors are of paramount importance, as
they contribute to ecological characterizations
and facilitate a more precise delineation of the
distribution of this species complex. Subspecies-
level venom studies have the potential to identify
unique taxonomic and ecological characteristics
for each subspecies in this region. This research
could provide valuable information for medical
treatments by establishing toxicity levels and
proteomic data among populations residing in
Honduras. A salient example is the findings on
M. ruatanus (Gunther, 1895)(a population from
the Caribbean islands of Honduras), which is
believed to have evolved recently from M.
divaricatus but shows a high toxicity level
compared to other groups in Central America
(Lippa et al. 2019, Jowers et al. 2023).

In accordance with the IUCN’s 2024
classification system for species protection, this
complex is currently designated as Least Concern
(LC). This status is subject to re-evaluation in
light of recent findings by Jowers ez al. (2023).
In Honduras and the nearby region, an alternative
system focused on species protection is in
place: the Environmental Vulnerability Score
(EVS) proposed by Wilson and McCranie
(2004). This system assigns a value of EVS =9,
placing it in the low range. Conversely, Johnson
et al. (2015) have proposed an EVS value of 12
for NCA, which falls within the medium range.
While the latter evaluation appears more suitable,
it is recommended that the EVS for this species
complex be re-evaluated, taking into account the
level of subspecies as a criterion. This
recommendation is because each subspecies may
be subject to different types of negative impacts
or a higher degree of vulnerability in various
regions of NCA. This species complex exhibits
an intriguing genetic richness, and it would be
beneficial to expand the components of the EVS
by including the significance of the genetic pool

presented by the subspecies within a taxon.

The differences observed between the models
highlight the importance of integrating multiple
approaches when studying species distributions,
which helps reduce uncertainty in the final
projection for a taxon. The results indicate that
the bioclimatic variables Temperature Seasonality
(BIOA4), Precipitation of Driest Month (BIO14),
and Precipitation Seasonality (BIO15) are
essential for understanding the ecological
distribution and characterizations of the M.
divaricatus complex in NCA. The overlapping
ecosystems and spatial distribution reaffirm the
significance of Lowland Moist Forest and
Premontane Moist Forest as critical ecosystems
and habitats for this species complex. This
information is crucial for ecological conservation
and management, emphasizing the need to
protect these types of forests. Considering the
historical distribution patterns proposed by
Campbell and Lamar (2004), Kohler (2008), and
IUCN (2024), along with comparisons to those
generated in this study, we obtained favorable
predictive responses. The distributional patterns
are similar to those proposed empirically, with
only slight discrepancies.

Honduras possesses a significant expanse of
suitable habitat along the Caribbean slope, a
characteristic that distinguishes it from other
regions within NCA. These similarities with
empirical distribution patterns underscore the
crucial role of modeling in achieving more
accurate delineations and validating boundaries
proposed by experts. This approach facilitates
the identification of ecological aspects and zones
of particular importance crucial for the presence
of specific taxa. As previously mentioned, the
transition zone in the highlands of the Chortis
Block, located between Honduras and Nicaragua,
is of particular significance. Consequently, it is
imperative to undertake a more profound
examination of the influence of biotic and abiotic
factors on the distribution and adaptation of
various subspecies within this complex. Such
studies promise to significantly enhance our
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understanding of specialization processes and
clarify the taxonomy of this group of coral
snakes in Nuclear Central America.
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Appendix 1. Historical records of the Micrurus divaricatus species complex, along with their geographical references in
decimal degrees format, are used as presence data. Data are presented as Code (latitude, longitud).

El Salvador; Kohler ef al. 2006: 1 (13.93098, -89.81564), 2 (13.71667, -88.93333), 3 (13.85, -88.96667), 4 (13.83333,
-88.98056), 5 (13.64949, -89.26276), 6 (13.87487, -89.37644), 7 (14.2791, -89.45), 8 (13.696969, -89.233333), 9 (13.686482,
-89.177341), 10 (13.745379, -89.669616), 11 (13.83333, -89.9666), 12 (13.283333, -88.55), 13 (13.199025, -88.053147), 14
(1438087, -89.399929), 15 (13.88374, -88.963933), 16 (13.829419, -88.147227), 17 (13.832662, -89.520137), 18 (13.81905,
-89.576632), 19 (13.31957, -88.63889).

Guatemala; Orellana, S. and Z. Lépez. (eds.). 2023: 20 (14.7028, -91.8611), 21 (14.6042, -90.5806), 22 (14.6556,
91.8247), 23 (14.0811, -91.0522), 24 (14.733333, -91.15), 25 (14.152309, -90.26342), 26 (14.75, -91.166667), 27 (14.746946,
91.128027), 28 (14.816667, -91.833333), 29 (14.190873, -90.433333), 30 (14.133333, -90.283333), 31 (14.75508, -91.149313),
32 (14.812773, -91.829879), 33 (14.6065, -90.4901), 34 (14.5511, -90.5772), 35 (14.5, -90.9542), 36 (14.3814, -90.4306), 37
(145511, -90.5772), 38 (14.8167, -91.9167), 39 (14.6247, -90.4494), 40 (15.0017, -89.6583), 41 (14.4783, -90.6189), 42
(14.6941, -89.3485), 43 (13.8028, -90.1956), 44 (14.6389, -89.4376), 45 (14.5967, -91.7264), 46 (14.3328, -89.7094), 47
(14.6425, -91.7344).

Honduras; McCranie 2011: 48 (14.8333, -89.15), 49 (14.5833, -88.5833), 50 (14.9, -89.0333), 51 (14.9194, -87.9771),
52 (13.85, -86.6833), 53 (14.0667, -86.55), 54 (15.0333, -85.9), 55 (15.1333, -84.4), 56 (15.8, -84.3), 57 (14.9333, -84.5333),
58 (14.8667, -84.65), 59 (14.8167, -84.8667), 60 (15.6167, -87.3167), 61 (15.9, -85.95), 62 (14.041316, -87.045327), 63 (14.07,
-86.1), 64 (15.4167, -88.15), 65 (15.8235, -87.30032), 66 (14.4667, -87.65), 67 (15.77, -86.6833), 68 (15.3833, -86.2167), 69
(14.0333, -86.5667), 70 (15.0833, -85.5667), 71 (15.0167, -84.2167), 72 (15.5167, -88.2), 73 (15.1167, -86.7667), 74 (14.9406,
-88.0146), 75 (14.1, -86.7333), 76 (15.4, -87.8), 77 (14.0, -87.0167), 78 (15.45, -85.0833), 79 (15.7, -86.85), 80 (15.7167,
-85.95), 81 (15.7167, -87.76), 82 (14.95, -84.6667), 83 (13.3333, -87.6167), 84 (14.9333, -84.6667), 85 (15.05, -84.8833), 86
(15.781249, -86.786535), 87 (14.95, -85.8833), 88 (15.4167, -87.3167), 89 (15.4333, -87.9167), 90 (14.05, -86.4833), 91
(15.55, -87.8833), 92 (15.7333, -87.45), 93 (15.0667, -84.8333), 94 (14.0333, -86.95), 95 (14.15475, -87.1513), 96 (15.6167,
-86.7667), 97 (13.9833, -86.4833), 98 (14.75, -84.45), 99 (15.0167, -84.2833), 100 (15.1333, -86.7333), 101 (14.2886, -86.85),
102 (15.2, -87.3667), 103 (14.9667, -88.0167), 104 (14.8833, -85.9), 105 (15.0833, -87.3333), 106 (15.7667, -87.499993), 107
(15.6333, -86.7833), 108 (15.1167, -86.7333), 109 (15.3167, -85.2833), 110 (15.1, -84.4333), 111 (15.3833, -86.25), 112
(15.6667, -86.7), 113 (14.7167, -84.45), 114 (13.4167, -87.45), 115 (13.4333, -86.8167), 116 (15.5, -88.0333), 117 (14.95,
-84.5167), 118 (15.6333, -87.05), 119 (14.7833, -84.4833), 120 (15.3, -83.8833), 121 (14.85, -84.53333333), 122 (14.1, -87.2),
123 (15.2, -86.7), 124 (15.0167, -84.65), 125 (15.7167, -87.7667), 126 (15.91636, -85.94941), 127 (15.7333, -87.6167), 128
(14.9167, -84.6833), 129 (15.35, -84.2333), 130 (14.9167, -84.6833), 131 (15.44669964, -87.78699951), 132 (14.0573,
-87.2114), 133 (15.85, -87.9333), 134 (15.954053, -85.90452).

Mexico; CONABIO (comp). 2023: 135 (15.0372394, -92.1452034), 136 (15.08611, -92.09028), 137 (15.36, -92.23), 138
(15347222, -92.693889), 139 (16.661111, -93.565278), 140 (15.083333, -92.252222), 141 (16.188611, -93.918056), 142
(16138806, -93.614055), 143 (15.479167, -92.846667), 144 (15.41, -92.63), 145 (16.83, -93.19), 146 (16.7080556,
93.0133333), 147 (15365278, -92.644444), 148 (15.3625, -92.654167), 149 (15.441667, -92.641667), 150 (15.384722,
-92.609722).
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Appendix 1. Continued.

Nicaragua; Kohler 2001, Sunyer 2009: 151 (12.955222, -85.230889), 152 (11.3080278, -85.9164167), 153 (11.324154,
-85.711263), 154 (11.844167, -85.988056), 155 (11.816667, -85.966667), 156 (12.041868, -86.155722), 157 (12.008864,
-86.287994), 158 (14.3535, -84.942), 159 (12.918273, -85.884966), 160 (11.29972, -85.764063), 161 (12.474348, -87.076823),
162 (14.296217, -84.918517), 163 (13.738586, -84.784889), 164 (14387767, -84.979917), 165 (11.172778, -84.990833), 166
(13.728917, -84.887361), 167 (14.355833, -84.947778), 168 (14.498056, -84.9475), 169 (13.585518, -85.704848), 170
(14.456931, -85.177629), 171 (13.011389, -85.236556), 172 (13.22, -86.330833), 173 (13.734722, -85.018056), 174 (13.01,
-85.988056), 175 (13.61963, -85.72331), 176 (14.459847, -84.981499), 177 (14.36533, -84.93495), 178 (11.43716, -85.82633).

Appendix II. Analysis for the selection of test data, based on the AUC, the TSS, and the COR, for the different models
considered. The values presented in bold are of greater magnitude.

RF AUC,,, TSS, ... COR,, MAH AUC,,,, TSS, ... COR,,
Data, , 20 0.97182 0.85728 0.84672 Data,_ 20 0.9174 0.6989 0.3657
Data,_,25 0.97203 0.85819 0.84711 Data,_ 25 0.9155 0.6978 0.3605
Data,_, 30 0.97373 0.86438 0.85175 Data, 30 0.9133 0.6933 0.3610
Data,_, 35 0.97151 0.86135 0.84840 Data,_ 35 0.9095 0.6777 0.3576
Data,__ 40 0.97227 0.86030 0.84849 Data, 40 0.9149 0.7027 0.3640
SVM AUC,,, TSS, .. COR,, MAH AUC,, TSS, ... COR,,
Data,_ 20 0.91274 0.72769 0.71894 Data,_ 20 0.8044 0.5820 0.5039
Data,_,25 0.91470 0.73157 0.72311 Data,_ 25 0.8048 0.5840 0.5043
Data_, 30 0.91453 0.72854 0.72212 Data, 30 0.8044 0.5834 0.5035
Data,_ 35 0.91447 0.73125 0.72281 Data,_,35 0.8082 0.5897 0.5100
Data, _ 40 0.91540 0.73182 0.72485 Data, 40 0.8043 0.5818 0.5035
GAM AUC,,, TSS, ... COR,, MAH AUC,, TSS,.., COR,,
Data,_ 20 0.87562 0.69883 0.68402 Data,_ 20 0.7186 0.3937 0.3770
Data,_, 25 0.87274 0.69094 0.67934 Data,_ 25 0.7202 0.3948 0.3797
Data_, 30 0.87644 0.68765 0.68765 Data,__ 30 0.7181 0.3925 0.3770
Data,__ 35 0.87848 0.70516 0.69000 Data,__ 35 0.7219 0.3990 0.3812
Data, _ 40 0.87689 0.69725 0.68092 Data, 40 0.7195 0.3950 0.3781
MaxEnt AUC,, TSS, .. COR,_, MAH AUC,, TSS,.., COR,_,
Data,_ 20 0.88535 0.68305 0.66135 Data,_ 20 0.4264 0.7305 0.2810
Data,_, 25 0.88934 0.69280 0.66690 Data, 25 0.4271 0.7290 0.2767
Data,_, 30 0.88462 0.68475 0.65757 Data_, 30 0.4280 0.7317 0.2865
Data,_, 35 0.88865 0.68230 0.66361 Data,_ 35 0.4269 0.7286 0.2795
Data,_ 40 0.88881 0.69639 0.66743 Data, _ 40 0.4272 0.7302 0.2849

Phyllomedusa - 24(2), December 2025




Montoya et al.

Appendix I11. Suggested ranges for the seven variables used in model generation. Values for variables that significantly
influenced distribution of the Micrurus divaricatus complex are highlighted in bold.

BIO2 BIO4 BIOY9 BIO12 BIO14 BIO15 BIO18
SVM 75 105 634 1359 189 243 8991 4242 14 838 405 1123 2465 6789
MaxEnt 7.7 128 433 1218 186 288  899.1 28285 14 303 405 753 123 913
GAM 10.7 84 1057 553 201 288 817 23359 14 245 419 63 123 1336
RF 84 12.5 553 115.7 20.5 27.7 13096 17612 14 78 405 702 2095 4565
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