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Summary: Biodiversity is increasingly threatened by human land use and climate change, making predictive modeling cru-
cial for conservation planning and the identification of  priority conservation areas. Large-scale species distribution projec-
tions can be improved by integrating remotely sensed vegetation indices, as they reflect important vegetation and habitat 
characteristics. The Normalized Difference Vegetation Index (NDVI) and Normalized Difference Water Index (NDWI) 
indicate vegetation productivity, while texture metrics derived from these indices reveal habitat structure. When combined 
with climatic variables, these indicators can significantly improve the accuracy of  species distribution models (SDMs). In 
this study, we evaluated the performance of  SDMs using vegetation indices, texture metrics, and climatic variables to predict 
the distribution of  the Violet-throated Metaltail (Metallura baroni), a microendemic hummingbird restricted to the environ-
mentally complex high-altitude regions of  the southern Ecuadorian Andes. Using a backward-selection and cross-validation 
approach for predictor selection and the Maximum Entropy (MaxEnt) algorithm, we compared model performance using 
AUC values. Our results demonstrate that incorporating habitat structure indicators (NDVI- and NDWI-derived texture 
metrics) together with climatic variables significantly improves SDM performance, allowing better discrimination of  shrub 
ecosystems where M. baroni occurs. This approach highlights the importance of  integrating key aspects of  habitat structure 
as indicators of  resource availability, which directly influence the distribution of  bird species in complex landscapes.
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1	 Introduction  

Biodiversity is facing unprecedented threats 
from human land use and climate change, which 
are driving habitat loss, fragmentation, and shifts 
in species distributions (He et al. 2019). In this 
context, predictive modeling of biodiversity distri-
butions has become a critical tool for developing 
effective conservation strategies and identifying 
priority areas for protection (Onoh et al. 2024). 
Among the most widely used tools for this purpose 
are Species Distribution Models (SDMs), which 
predict species’ geographic ranges by combining 
occurrence data with environmental predictors 
such as climate, habitat structure, and topography 
(Elith et al. 2006, Franklin 2023). These mod-
els are grounded in ecological niche theory, which 
posits that species distributions are shaped by the 
interplay of abiotic and biotic factors within their 
fundamental and realized niches (Hutchinson 
1957, 1959).

The Niche concept encompasses diverse as-
pects of ecology, evolution, and conservation 
biology. It refers to the diversity of resources or 

environments used by an individual, population, 
species, or clade (Hutchinson 1959, MacArthur 
& MacArthur 1961). However, biotic interactions 
and resource availability further constrain spe-
cies distributions within their fundamental niche 
(Lembrechts & Lenoir 2019, Colwell & Rangel 
2009). SDMs leverage this theoretical framework 
to predict species distributions by correlating oc-
currence data with environmental predictors, pro-
viding valuable insights into habitat suitability and 
species-environment relationships (Carscadden et 
al. 2020, Guisan & Zimmermann 2000).

Due to the importance of climatic variables for 
species distributions, especially in mountain sys-
tems (Santillán et al. 2018), species distribution 
models have traditionally been based on coarse-
grained climate data (e.g., WorldClim) with resolu-
tions above 0.5 km², which often fail to capture 
microclimatic variability and are inadequate for 
modelling species with restricted ranges smaller 
than 0.1 km² (Tomlinson et al. 2020). However, 
recent advances in remote sensing and habitat 
modelling have enabled the development of high-
resolution predictors, such as those derived from 
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LiDAR (Acebes et al. 2021, Farrell et al. 2013) 
or hyperspectral satellites imagery and vegetation 
indices, which significantly improve the ability of 
habitat models to predict species distributions in 
topographically complex regions (Barry 2008, 
Barbet-Massin & Jetz 2014). Vegetation indices, 
such as the normalized difference vegetation in-
dex (NDVI) and the normalized difference water 
index (NDWI), provide quantitative measures of 
vegetation density, productivity and moisture con-
tent, and serve as indicators of habitat quality and 
resource availability (GAO 1996, Pettorelli et al. 
2011). Furthermore, texture metrics derived from 
gray-level co-occurrence matrices (GLCMs) capture 
fine-scale habitat heterogeneity, which is critical 
for species that rely on specific habitat structures 
(Haralick et al. 1973, Wallis et al. 2017, Farwell 
et al. 2020). Habitat structure and heterogeneity 
are aspects closely linked to the availability of re-
sources that support bird populations (Mills et al. 
2023). The integration of vegetation proxies with 
climatic variables has proven effective in modeling 
species distributions, particularly for critically en-
dangered species such as the kakapo (Strigops ha-
broptilus) (Fisher et al. 2019) and the California 
condor (Gymnog yps californianus), (Phillips 2005). 
Wood et al. (2013) used image texture to predict 
avian density and species richness. In the Andes of 
South America, studies have successfully modeled 
the ecological niches of endemic hummingbirds 
using climatic variables and NDVI (Rodríguez & 
Bonaccorso 2016, Tinoco et al. 2023). However, 
for microendemic species with highly restricted 
distributions, SDMs that incorporate both habitat 
structure and climatic variables remain scarce.

This study aims to evaluate the performance 
of SDMs by combining habitat predictors such as 
climate (temperature, precipitation), vegetation in-
dices (NDVI, NDWI) and habitat structure met-
rics (textural metrics) to model the distribution of 
Metallura baroni, a microendemic hummingbird re-
stricted to the high-altitude regions of the southern 
Andes of Ecuador. We hypothesize that the inclu-
sion of habitat structure proxies will significantly 
improve model accuracy, enabling better discrimi-
nation of the species’ habitat conditions (Rahbek 
& Graves 2000, Wallis et al. 2017, Marston et 
al. 2023). By integrating high-spatial-resolution re-
mote sensing data with traditional climatic predic-
tors, this study seeks to advance our understanding 
of species-environment relationships in complex 
ecosystems and inform conservation strategies for 
range-restricted species.

2	 Methods

Workflow for constructing and evaluating spe-
cies distribution models (SDMs) for M. baroni using 
environmental predictors. The process begins with 
data preparation, including the review and filtering 
of occurrence records, acquisition of bioclimatic 
and Landsat imagery, and the calculation of vegeta-
tion (NDVI) and water (NDWI) indices. Predictors 
are selected and refined to address collinearity, fol-
lowed by the construction of four MaxEnt models 
combining bioclimatic variables with NDVI, NDWI, 
or both. Finally, the models are evaluated to assess 
their performance.

2.1	 Study area

The area where M. baroni inhabits is a tropi-
cal high-mountain zone characterized by environ-
mental complexity due to steep elevation gradients. 
These conditions produce a variety of montane 
ecosystems (Tinoco et al. 2009, Carrasco et al. 
2022). Specifically, M. baroni is found in the western 
and eastern Andean ranges (Fig. 1), above 3000 m 
above sea level in the central-southern Ecuadorian 
provinces of Azuay, Cañar, and Morona Santiago 
(Tinoco et al. 2009, Carrasco et al. 2022). The area 
is mainly covered by montane forest and páramo, 
the latter including a wide variety of vegetation 
types (scrub, Polylepis forest, herbaceous páramo) 
(MAE 2013, Carrasco et al. 2022). The climate 
is typical of the high tropical mountains of the 
Andes, where temperature and precipitation are de-
termined by altitude, solar exposure and synoptic 
forcing (Navarrete et al. 2022). The mean monthly 
air temperature ranges from 5 to 12 °C, and the dai-
ly air temperature can fluctuate considerably from 
0 to 20 °C. Annual precipitation averages between 
1200 and 1500 mm annually (Córdova et al. 2018).

2.2	 Occurrence database

Records of M. baroni occurrence in Ecuador were 
obtained from the Global Biodiversity Information 
Facility (GBIF, 2021) using the gbif function of the 
dismo package in R (Hijmans et al. 2024). Initially, 
356 records were collected and subjected to statisti-
cal filtering (Sullivan et al. 2014) to reduce potential 
autocorrelation among points (Aiello-Lammens et 
al. 2015, Feng et al. 2019). After filtering, a total of 
63 occurrence records were retained for SDM devel-



139Remotely-sensed vegetation and habitat structure can serve as suitable surrogates to predict the distribution...2026

opment using the MaxEnt platform. This number is 
considered sufficient, as MaxEnt performs well even 
with relatively small sample sizes (van Proosdij et al. 
2016, Cavalheri et al. 2024).

2.3	 Climate predictors

Climate information was obtained from 
WorldClim (Worldclim 2021), a spatially interpo-
lated monthly climate dataset for global land areas at 
a spatial resolution of 30 seconds (~1 km²), based on 
records from 9,000–60,000 weather stations world-
wide (Fick & Hijmans 2017). This spatial resolution 
corresponds to one of the finest scales currently 
available for global bioclimatic variables and has 
been widely used in species distribution modeling 
studies (Fick & Hijmans 2017). The predicted distri-
bution based on these data is also broadly consistent 
with the known distribution range for Metallura bar-
oni (Tinoco et al. 2009, Carrasco et al. 2022); how-
ever, higher-resolution climate data would be pref-
erable for species with such restricted distributions. 
Regional initiatives, such as Enhancing Adaptive 
Capacity of Andean Communities through Climate 
Services (ENANDES) initiative, aim to generate 

higher-resolution climatic datasets for the Andean 
region; however, these products are still in the imple-
mentation phase and therefore are not yet available 
for download (CRC-OSA/CIIFEN 2024, CIIFEN 
n.d.). Hence, WorldClim is the most accessible data-
set currently available. 

The full set of 19 climatic variables available 
from WorldClim expresses spatial variation in an-
nual means, seasonality, and interactions among 
climatic factors (Stoica 2018). Among these, tem-
perature and precipitation are particularly relevant 
for the distribution and ecology of birds in high-
mountain environments such as the Andes (Fjeldså 
et al. 2012, 2023). In our case, we analyzed the col-
linearity among the 19 WorldClim variables to se-
lect a subset of predictors. This analysis was based 
on occurrence records, which reflect the environ-
mental space occupied by the species, although they 
likely do not fully represent all available environ-
mental conditions. To address this limitation, ad-
ditional variables related to habitat structure were 
incorporated in subsequent modeling steps. The 
climatic predictors showing the lowest collinearity 
were maximum temperature of the warmest month 
(bio5), precipitation seasonality (bio15), and precip-
itation of the wettest quarter (bio16) (Tab. 1). 

Fig. 1: Study area in the Azuay and Cañar provinces, southern Ecuador. The black dots indicate occurrence records of  M. Bar-
oni from Global Biodiversity Information Facility (GBIF) through gbif function of  the dismo R package (Hijmans et al. 2024).
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These data were resampled to match the spatial 
resolution of Landsat ETM+ (30 m pixel size) using 
the ‘disaggregate’ function with bilinear interpola-
tion from the ‘raster’ package in R (R Development 
Core Team 2019). This procedure was applied to 
ensure spatial alignment among predictors within 
the modeling framework and does not imply any 
increase in the resolution or information content 
of the climatic variables. The bilinear interpolation 
method is based on a distance-weighted average of 
values in both the x and y directions (Fletcher & 
Fortin 2018).

Similarly, the selected climatic predictors were 
considered ecologically relevant, as they capture 
key patterns of temperature and precipitation that 
strongly influence the distribution of M. baroni 
(Tinoco et al. 2009, Carrasco et al. 2022), par-
ticularly in high-Andean environments where cli-
matic conditions constrain species physiology and 
resource availability.

2.4	Remote sensing predictors

To construct the vegetation indices, satellite im-
ages from the Landsat program were used because 
of the large amount of information available across 
multiple years, in addition to its wide application in 
ecological studies (Pettorelli et al. 2011). Landsat 
7 ETM+ multispectral images with a spatial resolu-

tion of 30 m were selected from the High-Resolution 
Global Maps Project (Hansen et al. 2013). To gener-
ate a cloud-free mosaic, Landsat images acquired be-
tween 1999 and 2012 from the Global Forest Change 
dataset (Global Forest Change 2021) were used 
and subsequently subjected to orthorectification and 
atmospheric corrections. Subsequently, a topograph-
ic C-correction (Riaño et al. 2003) was applied to 
compensate for the effects of slope and aspect on the 
land-surface reflectance, which is known to strongly 
affect classification accuracy in mountainous areas 
(Tassi et al. 2021). 

Subsequently, spectral bands 4, 5, 6, and 7 avail-
able from the already-corrected Landsat images, 
corresponding respectively to Red (RED), Near 
Infrared (NIR), Shortwave Infrared 1 (SWIR1) and 
Shortwave Infrared 2 (SWIR2), were used to cal-
culate two normalized indices: NDVI and NDWI 
(Tab.  1). These indices are calculated as the nor-
malized difference between specific spectral bands. 
NDVI is the most recognized vegetation index and 
indicates vegetation productivity and health (Wallis 
et al. 2016, Huang et al. 2021). NDVI is derived from 
the normalized difference between the RED chan-
nel (0.66 μm) and NIR channel (0.86 μm), where the 
contrast is obtained between the high reflectance 
of the vegetation in the infrared and its low reflec-
tance in the red region of the spectrum. NDWI is 
derived from the difference between the NIR (0.86 
μm) and the SWIR (1.24 μm) bands and indicates 

Tab: 1: Climatic variables from Wordclim data (resolution ~1 km2) and texture metrics derived from gray-level co-occurrence 
matrices (GLCMs) calculated from vegetation indices (NDVI, NDWI) 

Climatic Variable Description

BIO 5 Maximum Temperature. Warmest Month
BIO 15 Seasonality in precipitation. Coefficient of  

variation
BIO 16 Precipitation of  the wettest quarter

Remote Sensing data (Landsat TM) Formula Description

Normalized difference vegetation 
index (NDVI)

Sensitive to chlorophyll pigments

Normalized difference water index 
(NDWI)

Sensitive to leaf  water content

Habitat structure.
Variance, texture metric

This is a measure of  the dispersion of  the 
values around the mean

Habitat structure.
Entropy, texture metric

It measures the disorder of  the values

Pi= probability of  each pixel value, ME = mean, j and n are the number of  rows or columns. 
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canopy water content (water stress) and ground-cov-
er moisture (Gao 1996). NDWI is known to be in-
dependent of and complementary to NDVI because 
it extends the spectral information from the 0.86 
μm band used NDVI to 1.24 μm (Qiao et al. 2012, 
Ghalehteimouri et al. 2024), and the contrast is 
obtained between the moderate reflectance of water 
in the SWIR and its strong absorption in the infra-
red. When used together with NDVI, these indices 
improve the ability to discriminate among different 
vegetation characteristics (Zeng et al. 2020), which 
is suitable for the study area as it presents a variety 
of vegetation types. 

From these two vegetation indices, texture sta-
tistics derived from the gray-level co-occurrence 
matrix were calculated using the glcm package in R 
(Zvoleff 2015, Liang et al. 2020). The matrix can 
be calculated for each pixel and recalculated by sta-
tistics applied to the surrounding neighborhood of 
pixels through a moving or fixed window algorithm 
(Farwell et al. 2020, Wallis et al. 2023). These 
textural metrics have been assessed, particularly in 
bird studies, in multiple habitat types (Farrell et 
al. 2013, Culbert et al. 2012)), especially in tropical 
mountain forests, where they offer the possibility 
of selecting the area or number of pixels according 
to the home range of the species studied (Culbert 
et al. 2012, Wallis et al. 2016, 2017).

To adjust texture statistics to the habitat scales 
of M. baroni, a 9 × 9 pixel moving window was used, 
corresponding to 270 × 270 m. Among the eight first- 
and second-order texture metrics, two statistics were 
selected: variance and entropy of NDVI and NDWI, 
as these were identified as the least correlated (Tab. 1). 
Furthermore, these metrics provide information on 
the structural contrast of the vegetation (variance) 
and its complexity or disorder (entropy) (Haralick 
et al. 1973, Culbert et al. 2012), which may reveal 
preferences in vegetation structure for animal species 
(Wood et al. 2012, 2013), and in this case, when com-
pared with occurrence points, may reveal the habitat 
preferences of M. baroni.

2.5	Selection of  climatic and habitat predictor

To select the most suitable variables for the 
SDMs, variables were first grouped according 
to their nature and characteristics (Vaughan & 
Ormerod 2005): (1) bioclimatic variables, (2) the 
NDVI index and their textures, and (3) the NDWI 
index and their textures, as these groups represent 
distinct environmental processes. This grouping 

helps preserve the diversity of ecological processes 
during variable selection.

An initial removal of redundant predictors was 
performed using the ‘findCorrelation’ function 
from the caret package in R (Kuhn 2008). This 
technique is widely used as a preliminary step to 
reduce redundancy among predictors before imple-
menting predictive models. The algorithm exam-
ines the correlation matrix and, when two variables 
exhibit an absolute correlation greater than a pre-
defined threshold (cutoff = 0.7), commonly used 
threshold in ecological modeling to reduce redun-
dancy among predictors, it removes the variable 
with the highest average absolute correlation with 
the remaining variables (Kuhn 2008). The purpose 
of this procedure is to reduce predictors with re-
dundant information within each group, preserv-
ing the most representative variables in each group 
while retaining all those variables that represent 
different environmental processes.

Subsequently, partial least squares (PLS) regres-
sion was applied to the remaining predictors as an 
exploratory step to reduce dimensionality and iden-
tify the predictors most strongly associated with 
the environmental conditions of the presence lo-
cations. PLS is a multivariate regression technique 
particularly effective for handling multicollinearity, 
as it generates orthogonal latent vectors that maxi-
mize the covariance between the predictors and 
the response variable (Wallis et al. 2017, Hair & 
Alamer 2022). It is especially useful when work-
ing with a small number of samples (63 presence 
points) and a large number of predictors, a common 
condition in ecological studies (Carrascal et al. 
2009). This technique is widely applied in remote 
sensing, where correlated spectral bands can com-
plicate analyses, as it reduces a large set of predic-
tors to a smaller set of uncorrelated components 
(Carrascal et al. 2009, Wallis et al. 2016, Hair & 
Alamer 2022).

This final selection of predictors was carried 
out using the automated PLS regression approach 
implemented in the autopls package in R (Pereira 
et al. 2018). This package incorporates a selection 
procedure based on the VIP (Variable Importance 
in Projection) statistic and significance tests using 
jackknifing (Schmidtlein et al. 2012). The autopls 
algorithm was trained with 63 M. baroni presence 
points. During this process, a substantial number 
of predictors were removed, retaining only seven 
predictors: three bioclimatic variables and four tex-
tural statistics related to habitat structure (Tab. 2). 
This approach improves SDM performance, as 
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model accuracy can be compromised when using 
high-dimensional predictors with significant inter-
correlation, such as remotely sensed imagery and 
bioclimatic variables (Beyer et al. 1999, Wallis et 
al. 2023).

2.6	 Species distribution modeling

We used maximum entropy modeling (MaxEnt) 
(Phillips et al. 2006, Bertram et al. 2019), imple-
mented using the dismo (Hijmans et al. 2024) and 
rJava (Urbanek 2026) packages in R, to develop 
species distribution models (SDMs). Maxent has 
demonstrated excellent performance in identifying 
species distributions and habitat patterns using pres-
ence-only occurrence data (Elith et al. 2006, SU et 
al. 2021). Furthermore, MaxEnt performs well with 
few occurrence records in environmentally hetero-
geneous areas by using background points, defined 
as randomly sampled locations representing the en-
vironmental space available to the species within its 
accessible range (Vanderwal et al. 2009, Velazco 
et al. 2022).

In this study, 10,000 background points were 
randomly generated within the study area, following 
the default configuration commonly used in Maxent 
modeling. Several studies have shown that includ-
ing background points representing the available 
environmental space improves the model‘s ability to 
characterize species-environment relationships and 
enhances predictive performance (Phillips & Dubík 

2008, Velazco et al. 2022). These points represent 
the available environmental conditions against which 
the environmental characteristics of the presence lo-
cations are contrasted (Velazco et al. 2022). Maxent 
models were run using the algorithm‘s default con-
figuration, including the default regularization mul-
tiplier and automatically selected feature classes.

The excellent computational performance of 
Maxent enables the use of large numbers of input vari-
ables and allows the modeling of complex responses to 
environmental variables (Cord & Rödder 2011, Ahmed 
et al. 2020). Under the premise that species distribution 
models (SDMs) improve when climatic predictors are 
combined with habitat structure indicators (Elith & 
Leathwick 2009, Valerio et al. 2020), we constructed 
four model combinations to assess the relative influ-
ence of climatic variables and remotely sensed texture 
metrics on the distribution of M. baroni. Each model 
and their associated predictors are presented in Table 3.

The baseline model (BC) included only bioclimatic 
variables (bio5, bio15, bio16), whereas the remaining 
models incrementally incorporated NDVI textures 
metrics (BC + NV; vegetation structure), NDWI tex-
tures (BC + NW; water-related features), and both (BC 
+ NV + NW). This design tested whether texture met-
rics enhanced predictive accuracy beyond climate data 
alone while minimizing multicollinearity and capturing 
distinct habitat attributes. All Maxent runs used con-
sistent settings: convergence threshold (10-5), maximum 
iterations (1000), regularization (β = 10-4), and linear, 
quadratic, product, and hinge features (Phillips et al. 
2006, 2017). 

Tab. 2: Variable selection through ‘find correlation’ analysis and partial-least squares regressions (AutoPLS) with imple-
mented backward selection and leave-one-out (LOO) cross validation, for the three sets of  predictors variable combinations: 
climatic (Bioclimatic), NDVI and textural metrics (vegetation productivity and habitat structural indicator), and NDWI and 
textural metrics (vegetation water content and habitat structure indicator).

Variable Type Find Correlation
Selection

AutoPLS
Selection

AutoPLS 
Coefficients 

LOO R2 
AutoPLS

Significance 
level

19 Bioclimatics BC 4
BC 5
BC 15
BC 16
BC 19

-----
Bio 5
Bio 15
Bio 16
-----

-----
-0.12
 0.01
 0.05
-----

0.13
***
**
***

Vegetation and 
habitat structure  
(NDVI and 8 
textural)

NDVI_contrast
NDVI_correlation
NDVI_entropy
NDVI_variance

-----
-----

NDVI_entropy
NDVI_variance

-----
-----

-0.003
-0.046

-----
-----
0.02

-----
-----
***

Vegetation and 
habitat structure 
(NDWI and 8 
textural)

NDWI_correlation
NDWI_ entropy 
NDWI_variance

-----
NDWI_ entropy 
NDWI_variance

-----
0.008

-0.058

-----
0.04

-----
***
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2.7	 Model evaluation

We tested the SDMs performance (discrimina-
tion capacity and reliability), using the area under 
curve (AUC) of receiver operating characteristic 
(ROC) plots, obtained by plotting the sensitivity as a 
function of the commission error (1-specificity), for 
all possible thresholds of a probabilistic occurrence 
prediction (Mcpherson et al. 2004, Phillips et al. 
2017). The ROC curve provides a single measure of 
overall model accuracy that is independent of a par-
ticular threshold (Mcpherson et al. 2004, Phillips et 
al. 2017). For all four models, we estimate the vari-
ance of the AUC by a bootstrapping approach (999 
iterations), based on the fact that the AUC is equal 
to the probability that a true positive is ranked 
higher than a true negative (Cord & Rödder 2011, 
Muschelli 2020). The AUC value is a threshold-in-
dependent measure of accuracy commonly used to 
evaluate SDMs performance (ranging 0 to 1, where 
0.5 indicates model accuracy not better than ran-
dom and 1.0 indicates perfect model fit), (Phillips 
et al. 2017). 

To evaluate the significance of the M. baroni 
SDMs, we compared their AUC values with those 
of null models generated from random background 
points (Raes & ter Steege et al. 2007, Bohl et al. 
2019). For each of the four SDMs, null distributions 
were generated by randomly sampling 999 sets of 
background points (without replacement) and cal-
culating their corresponding AUC values. The upper 
limit of the 95% confidence interval (C.I.) was deter-
mined by ranking these null AUC values. Observed 

AUC values exceeding this threshold indicated that 
the models performed significantly better than ran-
dom, suggesting that M. baroni occurrence records re-
flect specific niche requirements rather than chance 
(Raes & Steege et al. 2007, Osborne et al. 2022).

Traditionally, model the accuracy has been 
interpreted on arbitrary AUC categories defined 
by researchers where values of 0.90-1.00 are con-
sidered excellent, 0.80–0.90 good, 0.70–0.80 fair, 
0.60–0.70 poor and 0.50–0.60 = fail (Su et al. 
2021). However, these classifications may lack eco-
logical relevance (Liu et al. 2015, Osborne et al. 
2022). To address this limitation, we select the max-
SSS method, which determines model thresholds by 
maximizing the sum of sensitivity and specificity 
(Liu et al. 2015). The maxSSS method is considered 
a threshold-selection approach for presence-only 
data because it accounts for the relative importance 
of omission and commission errors (Liu et al. 2015, 
Hintze et al. 2021). To compare the differences be-
tween thresholds derived from AUC and the max-
SSS statistic across the four models with the dif-
ferent combination of predictors, we performed 
a permutation test. We evaluated how the species 
presence points were associated with raster values 
exceeding the select threshold that would represent 
areas of high suitability for the species, accord-
ing to MaxEnt and the maxSSS statistic. For this 
analysis we used the ‘raster’ (Hijmans 2024) and ‘sp’ 
packages in R (Pebesma & Bivand 2005). The test 
generated 999 random points for comparison with 
the real presence points of the species (Meirmans 
2021, Astudillo et al. 2024)

Tab. 3: Combination of  selected predictors to model distribution area of Metallura baroni using MaxEnt (four models)

Model Predictor Data set Abbreviation

1 Bioclimatic (Wordlclim) Max Temperature of  Warmest Month (bio5), 
Precipitation Seasonality (Coefficient of  Variation) 
(bio15), Precipitation of  Wettest Quarter (bio16)

BC

2 BC + NDVI texture Max Temperature of  Warmest Month (bio5), 
Precipitation Seasonality (Coefficient of  Variation) 
(bio15), Precipitation of  Wettest Quarter (bio16), 
NDVI-entropy, NDVI-variance

BC + NV

3 BC + NDWI textures Max Temperature of  Warmest Month (bio5), 
Precipitation Seasonality (Coefficient of  Variation) 
(bio15), Precipitation of  Wettest Quarter (bio16), 
NDWI-entropy, NDWI-variance

BC + NW

4 BC + (NDVI + NDWI) 
textures

Max Temperature of  Warmest Month (bio5), 
Precipitation Seasonality (Coefficient of  Variation) 
(bio15), Precipitation of  Wettest Quarter (bio16), 
NDVI-entropy, NDVI-variance, NDWI-entropy, 
NDWI-variance

BC + NV + NW
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Finally, we evaluated the ecosystem areas fall-
ing within the maxSSS threshold by cross-referenc-
ing this information with the official ecosystems 
map of Ecuador (MAE 2013). We then performed 
a coefficient of variation analysis to determine 
whether differences in total area and in each eco-
system type among the different models were sig-
nificant (Fig. 2).

3	 Results

3.1	 Predictor selection 

To reduce the number of predictors and ensure 
the optimal performance of the Maxent models, 
two variable-selection analyses combining ‘find-
correlation’ and ‘PLS’ regression were performed. 
These analyses aimed to identify predictors with 
low intercorrelation and strong associations with 
the environmental conditions of M. baroni presence 
locations. These methods were applied to three dif-
ferent sets of predictors. In the first set, we used 
19 climatic variables from WorldClim. In the sec-
ond, we generated the NDVI index together with 
its eighth textural structure variables. In the third, 

we generated nine variables from NDWI, includ-
ing its eight texture variables. Different suitability 
patterns were identified among three types of pre-
dictors in relation to the focal species occurrence 
points, ranging from the highest LOO R2 values 
for climatic predictors to the lowest values for 
vegetation predictors (Tab.  2). The climatic vari-
ables maximum temperature of the warmest month 
(bio5), precipitation seasonality (bio15), and pre-
cipitation of the wettest quarter (bio16) showed the 
lowest correlation, variables known to be important 
determinants of bird species distribution (Fjeldså 
et al. 2012) (Tab. 2). 

In the second and third analyses, which included 
the vegetation indices NDVI, NDWI, (indicators of 
vegetation productivity) together with their textural 
metrics (indicator habitat structure), the entropy and 
variance metrics of both vegetation indices exhibited 
the lowest correlation. Thus, habitat structure indica-
tors were selected as the most relevant predictors for 
modeling the distribution of M. baroni over vegeta-
tion productivity indicators.

The weighted regression coefficients of the PLS 
analysis identified the magnitude and direction of 
the relationships between the predictors and the oc-
currence of M. baroni (Fig. 3). The temperature vari-

Fig. 2: Flowchart of  the modeling process. The methodology is divided into model construction and variable selection 
stages, including the acquisition and filtering of  species occurrence records, the acquisition and selection of  bioclimatic 
variables and vegetation indices using PLS analysis, the development of  four models, the statistical evaluation of  the mod-
els, and the analysis of  the results. Numbers in parentheses refer to the corresponding sections in the text.
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able maximum temperature of the warmest month 
(bio5) had a significant negative effect, while the pre-
cipitation variables precipitation seasonality (bio15) 
and precipitation of the wettest quarter (bio16) had 
a significant positive effect on the occurrence of M. 
baroni. The entropy metrics of NDVI and NDWI had 
no significant effect, whereas the variance metrics of 
NDVI and NDWI showed significant negative effect 
on the occurrence points of M. baroni (Fig. 3, Tab. 2). 
Regarding statistical performance, the percentage 
of contribution and the permutation importance 
of variables in species distribution models (SDMs), 
indicated that climatic variables showed a slightly 
greater contribution, while habitat structure vari-
ables showed a lower percentage of contribution to 
the occurrence of M. baroni (Tab. A1).

3.2	 SDM model performance

The distribution of M. baroni was modeled using 
four combinations of climatic and habitat structure 
predictors (Tab. 3). All models showed high predic-
tive performance (AUC > 0.94), the models includ-
ing habitat structure predictors achieving slightly 
higher AUC scores (AUC 0.98) than the climatic 
model (AUC = 0.94) (Fig. 4, Tab. 4).

The AUC values significantly differed from 
null models, confirming the niche specificity of 
M. baroni (Fig. 5). 

Permutation analysis applied to Maxent, using 
predictors related to habitat structure and consider-

ing the thresholds defined by Maxent and the max-
SSS statistic, revealed that the actual presence points 
of the species were significantly associated (p < 0.05) 
with pixels exceeding the threshold considered suit-
able for the species according to Maxent and the 
maxSSS statistic. This association was significantly 
stronger than that observed for the random points 
generated during the permutation test. In contrast, 
the model based solely on climatic predictors, us-
ing the threshold determined by Maxent (0.94), did 
not show a significant association (p = 1). This 
suggests that bioclimatic variables alone may be 
insufficient to accurately predict the species‘ distri-
bution (Tab. A2).

Thresholds based on the maxSSS method 
showed minor variations across models (Tab. 4, 
Fig. A1), but notable differences were observed in 
the area and vegetation types delineated from the 
official vegetation cover map of Ecuador. For ex-
ample, the model using only climatic predictors 
(BC) covered a larger area (354.7 Km2) compared 
to models incorporating habitat structure variables 
(238.4-148.5 km2) (Tab. 4). In particular, the model 
developed using the BC+NV+NW combination de-
lineated the smaller areas. The most notable change 
was the reduction in páramo areas, allowing a more 
precise delineation of the forest and scrub habi-
tats where M. baroni is found (Tinoco et al. 2009, 
Astudillo et al. 2024) (Tab. 4). 

On the other hand, coefficient of variation anal-
ysis indicated that the total areas captured within 
the thresholds defined by the maxSSS method dif-

Fig. 3: Magnitude and direction of  the weighted regression coefficients from the PLS analysis on 
the relationship between the predictors (temperature, precipitation, entropy, and variance texture 
metrics of  NDVI and NDWI) and the M. baroni occurrence points. Significance corresponds to: 
** p < 0.05, *** p < 0.001.
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fered significantly among the models developed 
with different combinations of predictors. The eco-
system types showing the greatest differences were 
the páramo and forests (CV > 30%). In contrast, 
shrub areas did not show significant differences 
(CV < 30%) (Tab. 5).

4	 Discussion 

4.1	 Predictor selection

Our results revealed that climatic variables and 
habitat structure predictors best explained the cur-
rent distribution of M. baroni. Model performance 

improved following a structured predictor-selection 
process which reduced redundancy and identified 
the variables most closely associated with the spe-
cies’ occurrence. This process involved the separate 
evaluation of climatic variables, vegetation indices, 
and habitat structure metrics prior to integrating 
the final set of predictors. Unlike previous studies 
that relied primarily on NDVI as an indicator of 
vegetation productivity (Tinoco et al. 2023), our 
approach incorporated texture metrics that provid-
ed additional information on habitat structure and 
environmental heterogeneity. This methodologi-
cal advancement allowed us to better capture the 
ecological requirements of M. baroni, particularly in 
complex ecosystems such as the tropical Andes.
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Fig. 4: Prediction maps of  M. baroni from Maxent models evaluating (a) BC variables, (b) BC+NV variables, (c) BC+NW 
variables, and (d) BC+NV+NW variables. Points indicate occurrence records of  M. baroni. Color legends indicate AUC 
values, values of  0.5 indicate that the model does not perform better than expected by chance and 1.0 indicate near-perfect 
predictive performance.

Tab. 4: Threshold values determined by the maxSSS index of  the four SDMs elaborated for M. baroni and their correspond-
ing areas extracted from the official ecosystem map of  Ecuador (MAE 2013) through cartographic overlay analysis

Variables 
Maxent 

AUC Threshold Total 
area Shrubland Forest Paramo Other

maxSSS km2 km2 % km2 % km2 % km2 %

BC 94.9 0.78 354.79 26.59 7.49 0.78 0.20 311.36 87.76 16.05 4.52

BC+NV 96.1 0.79 179.34 22.37 12.47 4.32 2.41 138.53 77.24 14.10 7.86

BC+NW 95.3 0.79 238.4 18.72 7.85 5.07 2.12 197.63 82.90 16.96 7.11

BC+NV+NW 95.9 0.81 148.53 18.98 12.78 6.51 4.38 109.22 73.53 13.80 9.29
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In this study, by combining climatic variables and 
vegetation indices and their associated textures met-
rics derived from remote sensing data, we obtained a 
more comprehensive representation of the environ-
mental conditions influencing the distribution of M. 
baroni. This approach enabled a better characteriza-
tion of the environmental context associated with 
the species’ occurrences and habitat requirements. 
This type of methodology, which integrates multi-
ple sources of environmental data, provides a more 

comprehensive understanding of species’ ecological 
niches and should therefore be considered in future 
species distribution modeling studies (Pettorelli et 
al. 2014, Franklin 2023).

The predictor-selection process highlighted 
temperature, precipitation, and texture metrics de-
rived from NDVI and NDWI emerged as the most 
relevant variables for explaining the distribution of 
M. baroni. These findings emphasize the combined 
role of climatic conditions and habitat structure in 
shaping species distribution in tropical mountain 
ecosystems. Similar patterns have been reported in 
previous studies, which have highlighted the im-
portance of vegetation-related variables in deter-
mining species distribution in mountainous regions 
( Jetz et al. 2007, Valerio et al. 2020).

Although the R² values obtained from the 
PLS analysis were relatively low, this was expected 
given the primary objective of identifying the least 
correlated predictors for use in MaxEnt models 
(Shmueli et al. 2019). Low R² values are not un-
common in PLS, as the method prioritizes reduc-
ing multicollinearity and identifying relevant pre-
dictors rather than maximizing explained variance 
(Abdi 2010, Goktas & Dirsehan 2024). This ap-

Fig. 5: Frequency histograms of  expected 95% confidence interval (C.I.) of  upper limit AUC values under a null model 
(Meirmans 2021), compared with the observed AUC values of  Maxent models. The null AUC was computed 999 times with 
an equal number of  points (63) randomly drawing without replacement from all available cells (histograms). The black pin 
indicates the mean observed AUC scores. The observed AUC values differed significantly from the distribution of  AUC val-
ues under the null model (Monte Carlo test, simulated p-value = 0.001), for the following models: a) BC model, b) BC+NV 
model, c) BC+NW model, and d) BC+NV+NW model. The p-value was estimated as: (number of  random values equal to or 
greater than the observed one + 1)/(number of  permutations + 1).
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Tab. 5: Coefficient of  variation analysis comparing the four 
types among models, to determine whether significant dif-
ferences existed between them

Comparative values of  the 4 models CV value [%]

Total Area 39.52

Shrubland 19.98

Forest 58.42

Paramo 47.24

Other 10.00

CV > 30% indicates high variability among values and CV < 
30% indicates low variability among values.
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proach helps ensure that the predictors included in 
the final SDM are both ecologically meaningful and 
statistically robust, reducing the risk of overfitting 
and improving model generalizability (Merow et al. 
2013, Omweno et al. 2021).

Our predictor selection process, guided by 
PLS analysis, highlights the value of integrating 
multiple data sources and applying dimension-
ality-reduction techniques to improve the eco-
logical relevance and predictive performance of 
SDMs. Both climatic variables and texture met-
rics revealed important environmental patterns 
associated with the distribution and habitat re-
quirements of M. baroni. Among the climatic pre-
dictors, whereas bio15 (precipitation seasonality) 
and bio16 (precipitation of the wettest quarter) 
showed a positive association. These relationships 
suggest that the distribution of M. baroni is closely 
linked to specific temperature and precipitation 
regimes characteristic of High-Andean ecosys-
tems. Given that this hummingbird is restricted 
to elevation between 3000 and 4100 m a.s.l., 
these results are consistent with its occurrence 
in cool, humid mountain environments such as 
Andean páramo (Tinoco et al. 2009, Carrasco 
et al. 2022). Similar patterns have been reported 
for the other mountain hummingbirds, whose 
distributions are strongly inf luenced by tempera-
tures and precipitation gradients (Santillán et al. 
2018). Furthermore, structurally complex habitats 
may contribute to maintenance of favorable mi-
croclimatic conditions, which are important for 
thermoregulation and the health of these species 
(Cabello et al. 2012, Jirinec et al. 2022).

For its part, the inclusion of NDVI and NDWI 
derived texture metrics highlights the importance 
of habitat structure and vegetation dynamics in 
shaping species distributions in complex land-
scapes such as the tropical Andes, particularly 
for M. baroni. This is especially relevant because 
habitat structure inf luences the availability of 
suitable space, shelter, and resources within the 
species’ distribution range, particularly in areas 
dominated by shrubby vegetation (Tinoco et al. 
2009, Carrasco et al. 2022). Previous studies 
have demonstrated the utility of remote sensing-
derived metrics in capturing fine-scale environ-
mental variability (Pettorelli et al. 2011, Wood 
et al. 2012, Wood et al. 2013, Franklin 2023, 
Buthelezi et al. 2024). By incorporating these 
metrics, our models provide a more nuanced un-
derstanding of the ecological drivers of M. baroni 
distribution. 

The inclusion of texture metrics, particularly 
variance and entropy, proved highly informative. 
These metrics capture vegetation heterogeneity, a 
critical factor for species that depend on specific 
habitat structures (MacArthur & MacArthur 
1961, K issling et al. 2008, Ciarle & Burns 2024). 
The variance metrics derived from NDVI and 
NDWI showed significant negative relationships 
in the PLS analysis, suggesting that M. baroni is 
associated with relatively homogeneous vegeta-
tion structures rather than highly heterogeneous 
landscapes. The importance of habitat structure 
for montane bird species is supported by numer-
ous studies highlighting its role in key ecologi-
cal functions such as nesting, foraging, and the 
maintenance of suitable microclimatic conditions 
(Daily et al. 2009, Leurs et al. 2023). These find-
ings suggest that the occurrence of M. baroni is in-
f luenced not only by climatic conditions but also 
by the structural characteristics of the vegetation, 
which may provide suitable shelter, foraging op-
portunities, and favorable microhabitats within 
high-Andean ecosystems (Braunisch & Suchant 
2010, Moudrý et al. 2021). 

4.2	SDM performance

One key reason for the improved performance 
of our models was the inclusion of texture metrics 
derived from NDVI and NDWI, which provided a 
more detailed representation of habitat structure. 
Although climatic variables accounted for the 
largest relative contribution to model predictions 
(94.9%), the addition of texture metrics - despite 
their modest contribution (0.4–1.2%) resulted in 
ecologically meaningful refinements of predicted 
habitat suitability. These improvements enhanced 
the delineation of fine-scale habitat conditions 
associated with M. baroni, particularly in shrub 
and forest habitats where vegetation structure 
may inf luence resource availability, shelter, and 
microclimatic conditions. This finding is consist-
ent with Wallis et al. (2017), who demonstrated 
that texture metrics are strongly associated with 
habitat complexity and species diversity in mon-
tane ecosystems. For microendemic species such 
as M. baroni, even modest improvements in model 
precision can be important for conservation plan-
ning, as they may help identify suitable habitats 
that would otherwise remain undetected.

In comparison with studies conducted in less 
complex ecosystems, such as lowland forests or 
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temperate regions, our models faced additional 
challenges due to the high environmental hetero-
geneity of the tropical Andes. Models based solely 
on climatic predictors predicted more extensive 
areas of suitable habitat, whereas the incorpora-
tion of habitat structure variables resulted in a 
more restricted and ecologically realistic repre-
sentation of the species’ potential distribution. 
This refinement increased model specificity and 
improved the discrimination of habitats associ-
ated with M. baroni. These findings underscore 
the importance of incorporating habitat struc-
ture indicators into species distribution models 
(SDMs), particularly in topographically and eco-
logically complex regions (Rödder & Lötters 
2009, Valerio et al. 2020, Su et al. 2021).

Our results also align with broader ecological 
studies highlighting the role of vegetation struc-
ture in shaping species distributions. For instance, 
Basile et al. (2021), MacArthur & MacArthur 
(1961), and Rotenberry (1985) demonstrated that 
bird species richness and abundance are closely 
associated with vegetation structure and com-
plexity. Similarly, Buermann et al. (2008) found 
that remote sensing data, including texture met-
rics, significantly improved the performance of 
SDMs for Andean bird species. By incorporating 
texture metrics into our modeling framework, 
we achieved a more detailed representation of 
habitat structure and environmental heteroge-
neity, improving the ecological realism of model 
predictions.

In contrast, the lack of a significant associa-
tion for the model based solely on climatic predic-
tors when evaluated using the MaxEnt threshold 
(p = 1, Tab. A1) suggests that bioclimatic variables 
alone may be insufficient to accurately predict the 
distribution of M. baroni. This result is consistent 
with previous studies showing that climatic vari-
ables, although highly informative, do not always 
capture the full complexity of species’ ecological 
requirements, particularly when distributions are 
strongly inf luenced by habitat structure and other 
fine-scale environmental characteristics (Elith & 
Leathwick 2009, Valerio et al. 2020).

While our model performed well, there are 
opportunities for further refinement. For exam-
ple, incorporating additional remote sensing data, 
such as LiDAR-derived canopy height or hyper-
spectral imagery, could provide even more de-
tailed information on habitat structure (Farell et 
al. 2013, Wallis et al. 2017). Future studies could 
also explore the temporal dynamics of vegetation 

and climate, as seasonal changes may inf luence 
the distribution of M. baroni and other montane 
species (Meirmans 2021, Buthelezi et al. 2024). 
Furthermore, the development of high-resolution 
climatic datasets for the Andes may help capture 
microclimatic variation that is not represented in 
currently available global products, thereby im-
proving predictions for microendemic species. 

5	 Conclusions

In conclusion, our study highlights the impor-
tance of integrating complementary environmental 
predictors to model species distributions in com-
plex ecosystems. Given the limited availability of 
high-resolution climatic data, we combined biocli-
matic variables with remote sensing-derived texture 
metrics from NDVI and NDWI to better represent 
both climatic conditions and habitat structure. This 
approach improved the ecological realism and pre-
dictive performance of species distribution models 
(SDMs) for M. baroni, a microendemic hummingbird 
of the tropical Andes, providing a more refined rep-
resentation of its ecological niche and valuable infor-
mation to support conservation planning in a region 
characterized by high levels of endemism.

In ecosystems such as the Andean páramo, al-
titudinal gradients often produce abrupt changes 
not only in climatic conditions but also in habitat 
structure, including the availability of shelter and 
food resources. Consequently, incorporating habitat 
structure variables can improve the representation 
of fine-scale environmental conditions influencing 
species distributions. While many SDM studies have 
focused on species with broad geographic ranges, 
microendemic species with highly restricted distri-
butions present additional challenges. In these cases, 
the spatial resolution of currently available climatic 
datasets may be insufficient to capture fine-scale 
environmental variability (Hemp & Hemp 2024), 
potentially leading to an overestimation of suitable 
habitat and a less accurate representation of species-
environment relationships.

Including habitat structure variables in SDMs re-
duced the extent of predicted suitable areas compared 
with models based solely on climatic predictors, sug-
gesting that the latter may overestimate species dis-
tributions, partly due to the limited spatial resolution 
of currently available climatic datasets. The incor-
poration of habitat structure information produced 
more spatially refined predictions, which could help 
optimize field surveys by reducing the area requir-
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ing in situ verification and enabling a more precise 
delineation of priority conservation areas. Overall, 
our results highlight the value of integrating multiple 
sources of environmental information to improve 
species distribution modeling and support conserva-
tion planning in regions characterized by high bio-
diversity and environmental complexity, such as the 
tropical Andes. Species distributions are influenced 
by climatic conditions, habitat characteristics, and 
land-cover dynamics. The interaction among these 
factors can strongly affect biodiversity patterns (He 
et al. 2019), highlighting the importance of integrat-
ing complementary environmental predictors in spe-
cies distribution models.
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Appendix

Tab. A1: Variable contribution in Maxent models using four different predictor combinations. Estimates of  the relative con-
tributions (% contrib) of  the environmental variables are presented. The model was evaluated on the permuted data, and the 
resulting decrease in training AUC is shown in the table, normalized to percentages (permutation importance), (Predictor 
selection 3.1).

Environmental 
variables

BC BC+NV BC+NW BC+NV+NW

% 
contrib

Perm 
important

% 
contrib

Perm 
important

% 
contrib

Perm 
important

% 
contrib

Perm 
important

Max temp warmest 
month (bio5) 78.9 48.2 73.6 42.3 75.8 54.4 71.4 39.7

Precipitation 
seasonality (bio15) 8.4 14.1 7.9 23.3 9.3 18.6 8.3 16.1

Precipitation wettest 
quarter (bio16) 12.7 37.7 9.6 29.3 11.7 24.9 10.2 34

NDVI entropy n.a. n.a. 8.2 4.3 n.a. n.a. 8.5 4.8

NDVI variance n.a. n.a. 0.7 0.9 n.a. n.a. 1 2

NDWI entropy n.a. n.a. n.a. n.a. 2.3 1.1 0.2 0.4

NDWI variance n.a. n.a. n.a. n.a. 1 1 0.4 2.9
n.a = no aport

Tab. A2: Permutation analysis used to determine the significance of AUC values ​​between the Maxent and maxSSS models 
(Model evaluation 3.2, 4.2)

Variable Maxent Threshold P_value maxSSS Threshold p_value

BC 0.94 1 0.78 0
BC + NDVI 0.97 0 0.79 0
BC + NDWI 0.95 0 0.79 0
BC + NDVI + NDWI 0.96 0 0.81 0

If  p_value < 0.05, the real presence points are significantly more associated with pixels above the threshold than random 
points. If  p-value is high, the association may be attributed to chance.
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Fig. A1: Binary map (green) represents areas selected by the maxSSS threshold from MaxEnt models for the predicted 
presence of  M. baroni, using (a) BC variables, (b) BC+NV variables, c) BC+NW variables, and (d) BC+NV+NW variables. 
Crosses indicate records of  occurrence of  M. baroni.
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