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Abstract

The high-Andean forests formed by Polylepis rugulosa in southern Peru are key ecosystems
for biodiversity conservation and the provision of ecosystem services; however, they are
facing fragmentation and degradation processes associated with human activities and cli-
mate change. In this context, the present study modeled the near-term and future potential
distribution of P. rugulosa under the SSP1-2.6, SSP3-7.0, and SSP5-8.5 shared socioeconomic
pathways, considering three analysis periods: 2011-2040, 2041-2070, and 2071-2100. To
achieve this, occurrence records, bioclimatic variables, and topographic variables were
integrated in BIOMOD?2 and complemented with spatial analyses in QGIS. After control-
ling for multicollinearity using the Variance Inflation Factor (VIF), seven non-redundant
environmental predictors were retained and incorporated into an ensemble model built
from the four algorithms with the highest predictive performance: Random Forest (RF),
Gradient Boosting Machine (GBM), Flexible Discriminant Analysis (FDA) and Artificial
Neural Network (ANN). The final ensemble model achieved high predictive accuracy,
with True Skill Statistic (TSS) values close to 0.94 and ROC/AUC values ranging from
0.997 to 0.998. Continuous habitat suitability projections were subsequently reclassified
into four habitat suitability categories: most unsuitable, marginally unsuitable, marginally
suitable, and most suitable. Under the SSP3-7.0 scenario, the most suitable areas decreased
from 30,965 ha during 2011-2040 to 374 ha during 2071-2100, indicating a progressive con-
traction of favorable habitat. A spatiotemporal analysis was then conducted, in which areas
of habitat loss, stability, and gain were further disaggregated into specific projected habitat
categories: immediate loss, long-term loss, stable niche, expansion and establishment,
and delayed expansion. The probability density curves of key environmental variables
revealed that stable habitat was mainly associated with mean diurnal temperature ranges
of 10.5-11.5 °C, precipitation during the driest quarter of 35-45 mm, slopes of 30—-40°,
and altitudes of 4000-4500 m a.s.l. Finally, based on the projected habitat trajectories of P.
rugulosa, three strategic management typologies were defined: conservation in stable areas,
restoration in areas experiencing habitat loss, and preventive conservation and monitoring
in areas with future establishment potential.

Keywords: Polylepis; high-Andean forests; BIOMOD?2; climate change; habitat suitability;
spatiotemporal habitat dynamics; conservation; ecological restoration
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1. Introduction

In recent decades, climate change has become one of the main drivers of global
ecological transformation, altering the dynamics and distribution of numerous species.
One of its most evident effects is the geographic shift of organisms toward higher altitudes
or latitudes in search of more favorable environmental conditions [1]. This phenomenon
highlights the high sensitivity of ecosystems to climatic variations [2]. In addition, land-use
change reduces and fragments habitats, intensifying negative impacts on biodiversity and
compromising essential ecosystem services, such as water regulation, soil conservation,
and carbon sequestration [3].

In the Peruvian Andes, particularly in the southern region, temperature increases and
heterogeneous changes in precipitation have been recorded in recent decades [4]. These
trends may intensify and affect fragile ecosystems such as high-Andean forests. Among
them, Polylepis forests stand out for their ability to grow at extreme altitudes and for their
importance in the provision of ecosystem services [5]. In particular, their populations are
vulnerable due to their slow and limited regeneration, which increases their sensitivity to
external disturbances [6].

The conservation and restoration of Polylepis forests require recognizing not only
current habitat conditions, but also their possible future behavior. Areas that are currently
suitable may lose suitability under future climate scenarios, while other areas may acquire
favorable conditions over time, as reported in studies on the potential distribution of
Polylepis under climate change [7,8]. In this regard, identifying areas of potential habitat
persistence, loss or gain makes it possible to understand the spatiotemporal trajectories of
habitat in high-Andean landscapes subjected to climate change [7,9].

In this context, the present study aimed to evaluate the near-term and future potential
distribution of Polylepis rugulosa in southern Peru under different climate change scenarios,
using species distribution models (SDM) [10] and spatial analysis. Previous Polylepis
studies have generally focused on static habitat-suitability projections at broad geographic
scales, or species and regions other than P. rugulosa in southern Peru. Consequently, an
integrated regional assessment combining ensemble modeling, high-resolution micro-
topographic variables, multiple climate scenarios and periods, and explicit multitemporal
habitat trajectories remains lacking for this species in southern Peru.

To address this knowledge gap, the present study applies a robust ensemble modeling
approach using BIOMOD?2 [11] and spatial map algebra to quantify specific spatiotem-
poral trajectories including immediate loss, long-term loss, stable habitat, expansion and
establishment, and delayed expansion. These trajectories are subsequently translated into
operational strategic typologies for conservation, restoration, and preventive conservation
and monitoring. Altogether, this approach provides a spatially explicit framework to
support the ecological planning of high-Andean forests under climate change.

2. Materials and Methods
2.1. Study Area and Sampling Design

The study was developed in the high-Andean ecosystem of the southern region of Peru
(Arequipa, Moquegua, and Tacna). The modeling domain was defined by the combined
political boundaries of the Arequipa, Moquegua, and Tacna departments, encompassing
a total fixed spatial extent of 9,497,758 ha. This area is characterized by its topographic
heterogeneity and extreme climatic conditions that condition the spatial distribution of
relict forests. For the collection of occurrence data of Polylepis rugulosa, a preferential,
directed and stratified sampling design was carried out; this was based on expert judgment,
where the confirmed presences of the species were recorded and allowed the contextual
evaluation of the ecosystem, capturing the representativeness of the microhabitats without

https://doi.org/10.3390/£17080894


https://doi.org/10.3390/f17080894

Forests 2026, 17, 894

30f23

increasing field effort [12]. Expert knowledge was used to prioritize field surveys in areas
where P. rugulosa was considered likely to occur, an approach previously applied to guide
surveys of species of conservation concern [13].

For correct data structuring and to mitigate the regional aggregation bias, spatial
sampling by zones was carried out. The in situ evaluations were distributed across in-
dependent study areas, establishing a minimum separation distance of 1000 m between
areas. Within each area, the information survey was limited to the georeferencing of the
confirmed presences of the individuals at the scale of the bioclimatic variables (pixel). The
occurrence dataset was compiled from mixed sources, including direct field surveys and
project records, herbarium records, scientific articles, books, theses, and technical reports.
The spatial network of Polylepis rugulosa occurrence records throughout the model domain
is illustrated in Figure 1. In total, 324 georeferenced presence records were compiled; no
population was manually excluded, and the complete dataset was incorporated into the
modeling environment.

‘ Comprehensive sampling of Polylepis rugulosa within the model domain ‘
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Figure 1. Spatial distribution of Polylepis rugulosa occurrence records across the modeling domain.
Green points indicate the 324 spatially independent presence locations comprising the comprehensive
dataset utilized for the modeling environment. The dashed blue line delineates the spatial extent of

the study area.

Following the standardized methodological guidelines for SDM, the design required
the generation of background data or pseudo-absences, which allow the habitat to be ade-
quately discriminated [14,15]. The pseudo-absences were generated using the “disk” strat-
egy implemented in BIOMOD?2, which allows the definition of minimum and maximum
distances with respect to the presence records for the generation of pseudo-absences [16].
Three independent datasets of 1000 pseudo-absences each were generated. The number of
pseudo-absences corresponded approximately to three times the 324 presence records, con-
sistent with the guidance provided in the official BIOMOD documentation, and provided
adequate representation of the available environmental background. Multiple datasets
were used because repeated pseudo-absence selections are recommended to evaluate the
influence of alternative spatial samples on model performance; the use of three sets of
1000 pseudo-absences has also been applied in previous BIOMOD2-based plant model-
ing [14,16,17]. These three pseudo-absence datasets were subsequently combined with
repeated training and testing partitions to evaluate the stability of model performance
across alternative data configurations [18].
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A minimum distance of 1000 m was established to avoid selecting pseudo-absences
too close to confirmed presences where similar local environmental conditions and spatial
pseudoreplication may occur. This distance also matched the minimum separation between
sampling areas and corresponded to ten cells of the 100 m environmental grid. A maximum
of 50 km was used to avoid selecting excessively distant background environments while
retaining contrasting climatic and topographic conditions within the regional context.
Because both overly restricted and overly broad background extents can influence model
calibration, variable importance, and spatial projections, this value was treated as a study-
specific geographic restriction rather than an ecological or dispersal threshold [19].

2.2. Environmental Variables and Collinearity Analysis

To characterize the ecological niche, bioclimatic and topographic variables were col-
lected from high-resolution databases. A total of 19 bioclimatic variables were collected
from the Climatologies at High Resolution for the Earth’s Land Surface Areas version 2.1
(CHELSA v2.1) dataset and its projections derived from the Coupled Model Intercompari-
son Project Phase 6 (CMIP6) [20] because they provide high-resolution climatic information
for ecological applications and species distribution models [21]. CMIP6 brings together
standardized climatic simulations from different global models, useful for evaluating future
climate change scenarios [22]. Three Shared Socioeconomic Pathways (SSPs) were used:
SSP1-2.6, SSP3-7.0, and SSP5-8.5, which represent a gradient of low, medium, and high
climate pressure, respectively. The projections were obtained from the Max Planck Institute
Earth System Model version 1.2 high-resolution configuration (MPI-ESM1-2-HR), devel-
oped by the Max Planck Institute for Meteorology, whose data are available through the
Earth System Grid Federation (ESGF) archive [23]. The periods analyzed were 2011-2040,
2041-2070, and 2071-2100, consistent with the Sixth Assessment Report of the Intergov-
ernmental Panel on Climate Change (IPCC AR6) for the exploration of possible climate
futures [24].

In addition to the bioclimatic variables, topographic variables derived from the Digital
Elevation Model (DEM) and from Advanced Land Observing Satellite (ALOS) Phased
Array type L-band Synthetic Aperture Radar (PALSAR) [25] were used to capture the
microclimatic variations that may modify the local suitability of the site [7] and improve
the capacity of the model to understand the heterogeneity of mountainous regions [26].
The variables derived from the DEM were altitude, slope, the Topographic Wetness Index
(TWI), the Topographic Position Index (TPI), and the Mid-Slope Position Index (MPI). The
last three topographic variables were mathematically defined as follows:

e TWI: Estimates the potential accumulation of water in the soil, an important factor
for plant development [27], especially when dealing with areas of high heterogeneity.
This index was formulated as:

X
TMH:dn(mnB>, (1)

where « represents the catchment area of a basin and 3 expresses the local slope
in radians.

e TPI: Quantifies the difference in altitude between a central cell and the mean elevation
of its adjacent cells; empirically, it identifies ridges, valleys, and flat areas [28]. It was
formulated as:

1 n
TH:%—HZL, @
i=1

where Z expresses the altitude of the central cell and Z; is the elevation of each cell
adjacent to the central one.
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e  MPL Identifies the relative spatial location of a point within an elevation profile,
allowing discrimination between a valley bottom and the top of a mountain [29].
Mathematically, it is defined as follows:

ZO - Zmin

Zmax - Zmin

MPI = , 3)
where Z expresses the altitude of the cell, while Zax and Z i respectively represent
the maximum and minimum altitude within the study area. Consequently, integrating
the topographic variables, the initial set of predictors was made up of 24 variables.

To guarantee the spatial comparability between variables and allow their integration
into the modeling, all layers were standardized to a common grid of 100 x 100 m [30]. The
layers with different resolutions were adjusted through bilinear interpolation, with the
purpose of obtaining a homogeneous grid for the analysis [31].

Prior to model calibration, the initial set of 24 environmental predictors was screened
for multicollinearity using the vifcor function of the usdm package (version 2.1.7) in R
(version 4.4.3; R Core Team, Vienna, Austria), with the threshold parameter set to th = 0.8.

Correlation thresholds used to control predictor collinearity in species distribution
modeling vary among studies, including values of 0.7, 0.8, and 0.85 [32]. In this study,
a threshold of 0.8 was selected to remove strongly redundant predictors while retaining
moderately correlated variables representing complementary climatic and topographic
processes within the environmentally heterogeneous high-Andean landscape.

This procedure iteratively identified the pair of variables with the highest correlation
above the established threshold. After collinearity screening, seven non-redundant envi-
ronmental predictors were retained, including four bioclimatic variables, Mean Diurnal
Temperature Range (BIO 02), Temperature Seasonality (BIO 04), Precipitation Seasonality
(BIO 15), and Precipitation of the Driest Quarter (BIO 17), and three topographic variables,
slope, TWI, and TPI. The excluded predictors were BIO 01, BIO 03, BIO 05, BIO 06, BIO 07,
BIO 08, BIO 09, BIO 10, BIO 11, BIO 12, BIO 13, BIO 14, BIO 16, BIO 18, BIO 19, altitude,
and MPI. The definitions of the bioclimatic variables follow the standard CHELSA nomen-
clature [20,21]. All retained predictors showed VIF values below 3, indicating the absence
of severe multicollinearity, as shown in Table 1. This selection reduced redundancy among
predictors while retaining complementary climatic and topographic information.

Table 1. Environmental variables resulting from the collinearity analysis.

Variable Type VIF1
BIO 02 Temperature 2.186
BIO 04 Temperature 1.798
BIO 15 Precipitation 1.867
BIO 17 Precipitation 2.493
Slope Topography 1.554

TWI Topography/Moisture 1.733
TPI Topography/Relief 1.235

L VIF: Variance Inflation Factor.

The complete Pearson correlation matrix of the 24 initial environmental predictors is
provided in Table S1 in the Supplementary Materials. This subset was introduced into the
BIOMOD?2 environment for the generation of the projections.

2.3. Species Distribution Modeling

Spatial pre-processing was performed in QGIS (version 3.44.11; QGIS Association,
Griit, Switzerland). The ALOS PALSAR DEM (native resolution of 12.5 m) and the con-
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tinuous bioclimatic variables were resampled to a 100 m resolution grid using bilinear
interpolation. No categorical variables were included in the model. Within this frame-
work, the high-resolution topographic layers carry the true fine-scale environmental signal,
whereas the interpolated bioclimatic layers represent smoothed macroclimatic gradients.
The ensemble modeling framework was implemented using the BIOMOD?2 package (ver-
sion 3.4.6) within the R environment (version 4.4.3; R Core Team, Vienna, Austria).

In SDM, calibration acts as a learning process. It consists of jointly analyzing the
presence data and the variables introduced to identify the environmental preferences of the
species, which allows empirical establishment of which characteristics define its habitat.

For model calibration, the CMIP6 projection for 2011-2040 under SSP3-7.0 was used
as a near-term reference period rather than as a historical climatological baseline. This
period corresponds to the first 30-year projection interval available in CHELSA-CMIP6
and allows consistent comparison with the subsequent 2041-2070 and 2071-2100 periods
using the same climate model, spatial resolution, and downscaling procedure [20]. A
recent plant species distribution study similarly used 2011-2040 as the reference period for
comparison with mid- and long-term climate projections [33]. SSP3-7.0 was selected as an
intermediate-to-high pathway without representing the most extreme scenario. Although
the three SSPs show comparatively limited differences in temperature during 20112040,
their trajectories diverge more clearly toward the middle and end of the century [24], as
shown in Figure 2. Therefore, projected changes were interpreted relative to the 2011-2040
SSP3-7.0 near-term reference period.

Comparison of mean annual temperature across the model
domain (study area)
©—S55P1-2.6 ¢ SSP3-7.0 ——e=—SSP5-8.5
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Figure 2. Mean annual temperature averaged across the model domain under SSP1-2.6, SSP3-7.0, and
SSP5-8.5 for the 2011-2040, 2041-2070 and 2071-2100 periods.

The modeling strategy is based on an ensemble forecasting approach. This method al-
lows the generation of individual projections from different algorithms/models; then, these
projections are assembled into a TSS-weighted mean ensemble model (EMwmeanByTSS),
which helps reduce inter-algorithmic uncertainty [11].

A cross-validation design was established through the random partitioning of the
324 presence data. A total of 80% of the records were assigned to the training set for the
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calibration of the algorithms, reserving 20% of the data as a testing set for the independent
evaluation. A comparable 80/20 training-testing partition has been previously applied in
BIOMOD2-based habitat-suitability modeling using repeated cross-validation [34]. This
random partition was repeated 3 times to reduce dependence on a single data split.

Under this data partitioning system, multiple predictive algorithms/models were
calibrated, grouped into four analytical families:

e  Regression-based models: Generalized Linear Models (GLM) [35] and Generalized
Additive Models (GAM) [36];

e C(Classification models: Flexible Discriminant Analysis (FDA) [37] and Classification
Tree Analysis (CTA) [38];

e  Machine learning models: Artificial Neural Networks (ANN) [39], Random Forest
(RF) [40], and Generalized Boosting Models (GBM) [41];

e  Ecological profile models: Surface Range Envelope (SRE) [42].

To guarantee the stability of the modeling, each algorithm was subjected to an iterative
calibration design [43]. The replicates were obtained by combining the three indepen-
dent sets of pseudo-absences with the three iterations of partitioning for cross-validation.
Consequently, each algorithm was adjusted through 9 independent mathematical execu-
tions, ensuring that the predictive performance does not depend on a single spatial or
sample configuration.

After calibration, the predictive capacity of the individual models was evaluated using
the 20% of data reserved during partitioning, repeating this process three times, from which
the following performance metrics were obtained: True Skill Statistic (TSS) and Receiver
Operating Characteristic/ Area Under the Curve (ROC/AUC). This type of partitioning is
frequently used in predictive models, since it allows evaluation of the performance of a
model without using data that were included in its training [44].

The predictions of the different models were assembled through EMwmeanByTSS,
which assigns greater statistical weight to those algorithms that showed better performance
in the cross-validation [16], which allows consideration of the inter-algorithmic uncertainty
associated with the variability between models [11] and, in this study, favored greater
sensitivity of the ensemble.

The assembled model was evaluated using the same performance metrics on the 20%
of the test data [45] used for the calibration of the individual models (TSS and ROC/AUC).
However, with the purpose of maximizing the understanding of the model performance,
the sensitivity rate was previously extracted, which refers to the capacity of the model to
correctly predict presences, and the specificity rate, which refers to the capacity to correctly
identify absences. Both rates are obtained automatically when applying a cutoff threshold,
allowing the real precision to discriminate the suitable habitat to be quantified.

Raster-format outputs were generated corresponding to three modeling products:
habitat suitability, relative probability of occurrence, and inter-algorithmic uncertainty.
Habitat suitability was represented through binary values of 0 and 1, where 0 indicated
unsuitable conditions and 1 indicated suitable conditions for the species [16]. The relative
probability of occurrence was expressed through continuous values between 0 and 1, which
indicate the relative degree of environmental favorability of each cell for the presence of
the species. For its part, inter-algorithmic uncertainty was estimated through the coefficient
of variation of the predictions between models [16], whose values start from 0 and increase
as the disagreement between models increases. This approach allows representation of the
methodological variability associated with species distribution modeling [11], both for the
near-term reference period and for the climate pathways introduced.

For each modeled period—scenario combination, BIOMOD?2 generated continuous
habitat-suitability rasters with values ranging from 0 to 1, where higher values represented
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greater relative environmental suitability for P. rugulosa, as well as binary suitability rasters
with values of 0 and 1. These two outputs were processed separately. The continuous
rasters were used for categorical habitat-suitability analysis, whereas the binary rasters were
reserved for the subsequent multitemporal assessment of habitat loss, stability, and gain.

2.4. Multitemporal Evaluation and Dynamics Analysis

For the categorical interpretation of habitat suitability, the continuous rasters gen-
erated by BIOMOD?2 were exported to SAGA GIS (version 9.12.4; SAGA User Group
Association, Hamburg, Germany) and independently reclassified for each period-scenario
combination using the Jenks Natural Breaks method. This data-driven procedure identifies
breakpoints that minimize variability within classes while maximizing differences among
classes. Following previous species distribution studies [15,46], the continuous values were
grouped into four categories: most unsuitable, marginally unsuitable, marginally suitable,
and most suitable.

Because each period and climate scenario produced a different distribution of continu-
ous suitability values, the Jenks breakpoints were calculated separately for each projection
and therefore varied among maps. This variation was an expected consequence of applying
a data-driven classification to different projected conditions and has also been reported
when Jenks was applied separately to current and future habitat-suitability projections [47].
The resulting categories were interpreted as relative suitability levels specific to each
period—scenario combination rather than fixed absolute probability intervals shared by
all projections.

The categorical rasters were subsequently imported into QGIS, where the same cate-
gory names and cartographic scheme were maintained across projections. The number of
raster cells assigned to each category was quantified and converted into hectares according
to the raster-cell area. Accordingly, comparisons among periods and scenarios referred to
changes in the spatial extent assigned to each relative suitability class. Consequently, the
relative percentage for each suitability class was calculated using the total categorized area
of its respective projection as the denominator, rather than a fixed regional extent.

To visualize the spatial changes in habitat suitability across the three analyzed periods,
the binary habitat suitability maps corresponding to the near-term reference period, the
medium-term future, and the long-term future were used. In these maps, each cell presents
only two possible values: 1 when it was classified as suitable for the species and 0 when it
was classified as unsuitable. Subsequently, the three binary maps were combined through
map algebra by applying Equation (4)

(RpL * 1) + (Rmr % 10) + (Rpr * 100), (4)

where Rp;, represents the binary raster layer of habitat suitability for the near-term reference
period (2011-2040), Ryt represents the binary raster layer of the medium-term future
period (2041-2070), and R;r represents the binary raster layer of the long-term future
period (2071-2100). The multipliers 1, 10, and 100 were used to assign a different temporal
position to each period within the final code: units for the near-term reference period, tens
for the medium term, and hundreds for the long term. In this way, the resulting value does
not represent a weighted sum of suitability, but rather a temporal code that indicates in
which periods a cell was classified as suitable.

From this operation, areas of habitat loss, gain, and stability were identified, categories
used in studies of potential distribution of plant and tree species to summarize the projected

https://doi.org/10.3390/£17080894


https://doi.org/10.3390/f17080894

Forests 2026, 17, 894

9o0f23

spatial changes in suitable habitat [7,9]. For example, a cell suitable in the three periods
generates the code 111, calculated as:

(1%1) 4 (1%10) + (1%100) = 111, (5)

which corresponds to stability; whereas a cell suitable only in the near-term reference
period generates the code 1, calculated as:

(1%1) 4 (0%10) + (0% 100) = 1, (6)

which corresponds to loss. The codes that indicated suitability in the three periods were
classified as stability. The codes that indicated suitability in the near-term reference period,
but absence of suitability in one or both future periods, were classified as loss. In contrast,
the codes that indicated absence of suitability during the near-term reference period, but
presence of suitability in one or both future periods, were classified as gain. In addition,
map algebra allowed the generation of more specific categories, subdividing loss into
“immediate loss” and “long-term loss”, and gain into “expansion and establishment”
and “delayed expansion”. Specifically, stable habitat corresponded to cells classified as
suitable during all three periods; immediate loss represented cells suitable only during
the near-term reference period; long-term loss represented cells that remained suitable
through the medium-term period but became unsuitable in the long term; expansion and
establishment represented cells initially unsuitable but suitable from the medium-term
period onward; and delayed expansion represented cells classified as suitable only during
the long-term period.

Each generated category was quantified in hectares, and a net balance was calculated
to analyze the general behavior of the available habitat across the three periods in each of
the analyzed scenarios.

2.5. Influence of Environmental Variables and Proposal of Strategic Typologies

Finally, the relative importance of the climatic and topographic variables in habitat
suitability was analyzed. To estimate the influence of each predictor, a method was used
that consisted of randomly permuting the data of each environmental variable (predictor),
converting the information of this variable into erratic information. For each predictor,
10 random permutations were executed. The importance of each predictor was estimated
by quantifying the decrease in the correlation between the original prediction and the
prediction obtained after the permutation of each variable.

To diagnose the relationship between habitat dynamics and the associated environ-
mental variables, value density curves were developed for the variables introduced. The
curves were generated through kernel density estimation, which allowed identification of
ranges of environmental conditions associated with habitat loss, stability, or gain.

Finally, a reclassification oriented toward the formulation of strategic typologies was
carried out, so that the projected spatial dynamics of the habitat could be translated into
useful operational categories for planning conservation and restoration actions, given
that distribution models can be used as support tools for spatial decision-making and
the definition of management priorities [48-50]. For the reclassification, the temporal
behavior of the habitat was considered, and the dynamic categories were reorganized into
three strategic typologies: stable habitat areas were assigned to conservation; immediate
loss and long-term loss areas were grouped as restoration; and expansion and establishment
areas, together with delayed expansion areas, were classified as preventive conservation
and monitoring.
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3. Results

The findings derived from both the predictive modeling and the environmental analy-
sis for the Polylepis forests are presented below.

3.1. Predictive Performance and Inter-Algorithmic Uncertainty Evaluation of the Ensemble Model

The evaluation through cross-validation demonstrated that supervised machine learn-
ing algorithms such as RF, GBM, and ANN, as well as the classification algorithm FDA,
outperformed the linear statistical models in predictive capacity, a performance that is
reflected in the metrics shown in Table 2.

Table 2. Performance metrics of the algorithms (Testing data).

Aleorithm True Skill Statistic (TSS) ROC/AUC 2
& (Mean + SD) ! (Mean + SD) !
RF3 0.933 + 0.016 0.991 + 0.006
GBM * 0.925 + 0.003 0.987 + 0.006
FDA 0.915 + 0.021 0.968 + 0.001
ANN © 0.894 + 0.033 0.967 + 0.024
CTA7 0.892 + 0.018 0.956 + 0.008
GAM 8 0.888 + 0.041 0.946 + 0.022
GLM ° 0.820 + 0.034 0.910 + 0.017
SRE 10 0.643 + 0.051 0.822 + 0.025

1 8D: Standard Deviation. 2 ROC/AUC: Area Under the ROC Curve. 3 RF: Random Forest. * GBM: Gradient
Boosting Machine. 5 FDA: Flexible Discriminant Analysis. © ANN: Artificial Neural Network. 7 CTA: Classification
Tree Analysis. 8 GAM: Generalized Additive Model. ® GLM: Generalized Linear Model. 1° SRE: Surface
Range Envelope.

By applying EMwmeanByTSS to the 9 modeling replicates, a sensitivity rate of 98.45%
and a specificity rate of 95.88% were obtained. From these parameters, it can be concluded
that the model showed adequate discriminatory performance, recording a ROC/AUC
value of 0.997 and a TSS of 0.943.

Additionally, the evaluation of spatial inter-algorithmic uncertainty evidenced high
predictive consistency in the cores of the projected presence zones, supported by coefficient
of variation (CV) values lower than 10%. In biometry and spatial modeling, this threshold is
accepted as a statistical indicator of low variance and high reliability [51,52], demonstrating
robust algorithmic consensus for these areas. In contrast, the methodological divergence of
each model caused the highest peaks of inter-algorithmic uncertainty to remain confined
to the ecotonal margins. This increase in variance toward the geographic limits is an
expected analytical behavior in the ensemble approach, since in the zones of change
the environmental conditions become suboptimal. In response to this change in habitat
suitability, the different algorithmic families respond with greater sensitivity and define
their mathematical tolerance thresholds in a divergent manner, which naturally increases
predictive disagreement and, consequently, the coefficient of variation.

3.2. Habitat Suitability and Spatiotemporal Change
3.2.1. Near-Term and Future Habitat Suitability

The classification through Natural Breaks (Jenks) allowed the quantification of habitat
suitability into four categories. For the near-term reference period (2011-2040), it was
determined that the “Most suitable” category covers an extension of 30,965 ha, constituting
12.12% of the total categorized surface for that period, while for the period 2041-2070
(85P3-7.0 pathway), it is shown that the “Most suitable” category decreases to 9990 ha,
representing only 4.86% of the total categorized area for that period. Finally, toward the
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long-term future period (2071-2100), it is observed that the “Most suitable” category covers
a total surface of 374 ha, representing only 0.22% of the total categorized area for that period.
Figure 3 shows the habitat suitability projections for the near-term reference period

(2011-2040).

’ Near-term reference period (2011-2040) under the SSP3-7.0 scenario ‘
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Figure 3. Spatial distribution of the four habitat-suitability categories projected for Polylepis rugulosa
during the near-term reference period (2011-2040) under SSP3-7.0.

Similarly, Figure 4 shows the habitat suitability projections for the medium-term future
period (2041-2070) for the SSP3-7.0 pathway.

’ Medium-term future (2041-2070) projection under the SSP3-7.0 scenario
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Figure 4. Spatial distribution of the four habitat-suitability categories projected for Polylepis rugulosa
during the medium-term period (2041-2070) under SSP3-7.0.

Finally, Figure 5 shows the habitat suitability projections for the long-term future
period (2071-2100) for the SSP3-7.0 socioeconomic pathway:.
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| Long-term future (2071-2100) projection under the SSP3-7.0 scenario |
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Figure 5. Spatial distribution of the four habitat-suitability categories projected for Polylepis rugulosa
during the long-term period (2071-2100) under SSP3-7.0.

The quantification of habitat suitability has shown coincidence patterns for the three
future pathways, showing greater criticality in the most extreme scenario, the long-term
future period of the SSP5-8.5 pathway. Figure 6 synthesizes the quantification for the
three pathways.

Habitat dynamics across suitability categories
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g L .
g g § = § SSP3-7.0 30,965 38,662 171,367 114,529
z228% o e - .
g &
&

SSP1-2.6 I\v:«g@
£6,333]

R 80,848
S
g
< SSP3-7.0 41,287 179,420} 74,708
g
v
<
S ssp5-85
3 )3
g
§
N
(=3
g
£
g
50
1=
=]
—

50,000 100,000 150,000 200,000 250,000 Ha.

Figure 6. Projected area, expressed in hectares, of the four habitat-suitability categories for Polylepis
rugulosa across the three SSPs and analysis periods.

3.2.2. Future Change Scenarios and Net Territorial Balance

The dynamics analysis through map algebra estimated a progressive deterioration
until the end of the century (period 2071-2100). The net territorial balance evidences that,
in the SSP3-7.0 socioeconomic pathway, there are approximately 100,663 ha of stable habitat.
This stability contrasts sharply with the 154,086 ha that have been categorized as medium-
and long-term loss. When evaluating the compensation offered, 67,915 ha was estimated
as habitat gain, mostly by altitudinal expansion; the ecosystem registers a net deficit of
—86,171 ha.
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Figure 7 shows the spatial distribution of the five habitat-dynamics categories projected
under SSP3-7.0: stable habitat, immediate loss, long-term loss, expansion and establishment,
and delayed expansion.

[ Multitemporal analysis (2011-2100) — Spatial dynamics under the SSP3-7.0 scenario ‘
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Figure 7. Spatiotemporal habitat dynamics of Polylepis rugulosa under SSP3-7.0, derived by overlaying
binary suitability maps for 2011-2040, 20412070 and 2071-2100. The mapped trajectories comprise
stable habitat, immediate loss, long-term loss, expansion and establishment, and delayed expansion.

Habitat vulnerability showed a greater dependence on the severity of the climate sce-
nario. While in optimistic pathways such as SSP1-2.6 a negative net balance of —68,516 ha
was recorded, in more critical pathways such as SSP5-8.5 this deficit reached its greatest
magnitude, with a net loss of —101,636 ha.

As illustrated in Figure 8, the total net balance for the three analyzed pathways is
shown, confirming the generalized trend toward ecosystem deterioration and habitat
contraction, establishing SSP5-8.5 as the scenario of greatest criticality.

Synthesis of multitemporal habitat balance (2011-2100)
175,000

154,086
150,000 130,792 137,025
119,935
125,000
100,000
75,000 62,276 67,915 65,736
50,000 35,389
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Figure 8. Total projected areas of habitat loss, stability, gain, and net change for Polylepis rugulosa
under SSP1-2.6, SSP3-7.0, and SSP5-8.5 from 2011 to 2100. Areas are expressed in hectares.
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3.3. Determining Factors of the Habitat and Delimitation of Intervention Typologies
3.3.1. Relative Importance of Variables and Modeled Environmental Associations

The relative importance analysis identified the following variables as the most influen-
tial: (BIO 17), (BIO 02), (BIO 15), and (BIO 04). Among the topographic variables, slope
presented the greatest relative contribution, followed by the TWI and TP

Table 3 shows, in percentage values, the importance/influence that the different
environmental variables introduced into the model had in the climate projections and
determination of the ecological niche.

Table 3. Relative importance of environmental variables.

. Environmental Dimension Mean Permutation-Based
Variable Name .
Represented Importance Score
BIO 17 Precipitation of the driest Water avallablhty in the driest 39.17%
quarter period of the year
BIO 02 Mean diurnal temperature Daily thermfﬂ variation in the 30.90%
range environment
BIO 15 Precipitation seasonality Temporal variation in rainfall 29.92%
during the year
BIO 04 Temperature seasonality Annual thermal variation 19.22%
SLOPE Slope Terrain inclination 9.39%
TWI Topographic Wetness Index Relative tendency toward m oisture 1.45%
accumulation to relief
TPI Topographic Position Index Relative position of a site within 1.22%

the relief

* Relative importance was estimated in BIOMOD2 using a random permutation procedure. The values represent
the mean permutation-based importance score obtained from 10 permutations for each predictor. Because each
predictor was evaluated independently, these values are not additive or normalized contributions and are not
expected to sum to 100%.

The analysis of the probability density curves reveals a marked segregation of values
for the predictive variables between the areas projected to experience habitat loss and those
that will allow habitat stability and/or development.

Regarding the macroclimatic variables, the ecosystem evidences a high sensitivity
to water stress. On one hand, the density curve of Precipitation of the Driest Quarter
demonstrates that the areas projected to experience immediate and long-term loss are over-
whelmingly concentrated in regimes of extreme aridity. In contrast, stable habitat was more
frequently associated with higher precipitation values showing its highest density between
35 and 45 mm. In terms of temperature, stable habitat showed its highest density within a
narrower Mean Diurnal Temperature Range, with the highest density occurring between
10.5 °C and 11.5 °C, evidencing a low tolerance to extreme variations in thermal amplitude.

This behavior is even more defined in the curves of the two variables with the greatest
influence, which are shown in Figure 9.

Regarding geomorphology, the model projects habitat contraction and a shift toward
higher altitudes. The probability density of distribution according to altitude indicates that
the net loss zones surround the lower altitudes, from 3000 to 3800 m a.s.l. Consequently,
the stable habitat shifts to higher altitudes, showing its highest-density range between 4000
and 4500 m a.s.l. On the other hand, the areas categorized as expansion and establishment
or delayed expansion were associated with a modeled shift toward higher-altitude areas
even exceeding 4500 m a.s.l.
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Habitat dynamics of Polylepis forests
Variable: BIO 17 - SSP3-7.0 scenario
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Figure 9. Kernel density distributions of Precipitation of the Driest Quarter (BIO 17, mm; upper panel)
and Mean Diurnal Temperature Range (BIO 02, °C; lower panel) across habitat-dynamics categories
and analysis periods under SSP3-7.0.

Additionally, the altitudinal shift is linked to an affinity for topographic complexity.
The slope curve acts as a modulator, such that vulnerability to climate change is exacerbated
in flat or gently inclined terrain, with loss peaks between 5° and 15°, while stable habitat
was more frequently associated with steeper slopes, from 30° to 40°. This preference is
corroborated by TWI, where its grouping in low values, from 5 to 7, and the coincidence
with neutral values of TPI demonstrate that the habitat is configured on mid-mountain
slopes, well drained, where the rugged topography buffers climatic extremes.

This pattern is observed with greater clarity in variables such as slope and altitude,
whose probability density curves are shown in Figure 10.

This ecological niche characterization has been reflected in the other climate trajecto-
ries (SSP1-2.6 and SSP5-8.5), where the probability density curves express similar patterns.
However, these environmental ranges represent modeled associations with projected habi-
tat trajectories and should not be interpreted as experimentally demonstrated physiological
or ecological thresholds.
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Topographic affinity and habitat dynamics of Polylepis forests
Distribution density according to the terrain slope - SSP3-7.0
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Figure 10. Kernel density distributions of terrain slope (degrees; upper panel) and altitude (m a.s.1,;
lower panel) across the projected habitat-dynamics categories of Polylepis rugulosa under SSP3-7.0.

3.3.2. Proposal for Strategic Typologies

Based on the methodological reclassification of the spatiotemporal trajectories of the
habitat, three strategic intervention typologies were obtained for the evaluated scenarios:
conservation, restoration, and preventive conservation and monitoring. The surface area
corresponding to each typology varied across climate scenarios, demonstrating differences
in the magnitude of the areas oriented toward each type of intervention. These results are
summarized in Table 4.

Table 4. Quantification of areas by strategic typology.

S . Conservation Restoration Preventive Conservation and
cenarto (ha) (ha) Monitoring (ha)

SSP1-2.6 119,395 130,792 62,276

SSP3-7.0 100,663 154,086 67,915

SSP5-8.5 65,736 137,025 35,389

4. Discussion
4.1. Model Performance and Environmental Factors

Ensemble modeling allows for reduced dependency on individual algorithms and
strengthening of the robustness of the projections. In this study, EMwmeanByTSS assigned
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greater weight to models with higher discrimination capacity, following consensus ap-
proaches applied in species distribution models [53]. The high performance of the final
ensemble confirmed an adequate capability to differentiate between suitable and unfavor-
able areas, which is consistent with using TSS as a metric that integrates sensitivity and
specificity [54]. The higher sensitivity observed is useful for conservation purposes because
it reduces the risk of omitting marginal or ecotonal areas with potential relevance for future
management or restoration actions.

The relative importance of the selected variables indicates that the potential distribu-
tion of Polylepis rugulosa is strongly influenced by dry-season water availability and daily
thermal variability. The predominance of Precipitation of the Driest Quarter (BIO 17) likely
reflects the importance of water availability during the most restrictive period of the year.
In the seasonally dry environments of southern Peru, reduced precipitation during this
period may intensify water limitation and hydraulic stress, thereby constraining forest
regeneration and persistence. This interpretation is consistent with the high predictive
importance of BIO 17 and with physiological evidence indicating that drought events affect
xylem-vessel traits and drought adaptability in Peruvian Polylepis species [55].

The high importance of Mean Diurnal Temperature Range (BIO 02) suggests that
habitat suitability is also associated with the difference between daytime and nighttime
temperatures. Strong daily thermal fluctuations are characteristic of high-elevation environ-
ments and may impose contrasting thermal conditions over short periods. Similar patterns
have been reported for other Polylepis species, with BIO 02 identified as an influential
predictor of the potential distribution of Colombian Polylepis species [56] and as one of the
principal variables explaining the current and projected distribution of P. tarapacana in the
Altiplano [57]. Therefore, the combined importance of BIO 17 and BIO 02 suggests that
the suitability of P. rugulosa is associated with the interaction between dry-season water
limitation and daily thermal variability.

Likewise, slope, TWI, and TPI provide information regarding exposure, drainage,
moisture, and landform position—factors relevant to microsite stability and the generation
of favorable topoclimatic conditions [7,27,58]. In addition, density curves allowed for
identifying the environmental ranges associated with the trajectories of habitat loss, sta-
bility, and gain, which helps understand under what conditions the habitat is maintained,
contracts, or gains suitability, beyond merely identifying its spatial displacement [59].

4.2. Spatiotemporal Contraction of Suitable Habitat

The reclassified suitability projections show a progressive reduction in favorable
habitat for Polylepis rugulosa forests toward the end of the century. Under SSP3-7.0, the
“most suitable” category decreased from 12.12% during the near-term reference period to
0.22% in the long-term future, suggesting a severe loss of optimal climatic and ecological
conditions. This trend is consistent with previous studies on Polylepis, which have reported
reductions in suitable habitat and possible shifts toward higher elevations under climate
change scenarios [8,25]. The spatiotemporal analysis reinforces this trend, as the net balance
was negative under the same scenario and intensified under SSP5-8.5, indicating that
areas of gain do not compensate for projected losses and suggesting a possible altitudinal
compression of the habitat. In this context, the disaggregation of habitat loss, stability,
and gain into more specific categories allowed the temporal dimension of change to be
incorporated, differentiating trajectories occurring from the medium term from those
projected toward the end of the century. This facilitates the recognition of areas requiring
early attention, areas of climatic persistence, and sectors with future establishment potential,
which are relevant for the spatial planning of management strategies [48,60,61].
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4.3. Habitat Trajectories and Strategic Management Implications

Species distribution models are useful tools for guiding the planning of conservation
and restoration strategies, as they allow for projecting current and future environmental
suitability under different climate scenarios [11,48]. In this study, differentiating between
areas of stability, loss, and gain permitted the interpretation of the temporal behavior of
the habitat and its translation into strategic management typologies. This approach is
consistent with the use of distribution models as support tools for prioritizing and planning
conservation actions [48], as well as with the identification of areas of permanence and
change under future climate scenarios [62].

In this regard, persistent areas can guide conservation actions due to their potential
role as climate refugia [60], whereas zones with projected loss are linked to restoration,
since early interventions in sites that are still usable can contribute to sustaining ecological
functions and vegetation cover [63]. Finally, areas with future suitability can be oriented
toward preventive conservation and monitoring, as they represent sectors that require
safeguarding against pressures that could limit their subsequent establishment [64]. In this
manner, planning is not based solely on generally projected climate suitability but rather
incorporates a more differentiated interpretation of the projected habitat. This is useful for
identifying areas of persistence, vulnerable zones, and sectors with future establishment
potential—relevant criteria for guiding priority interventions [49,60].

4.4. Limitations and Future Research

Although species distribution models allow for projecting environmentally favorable
areas, their results must be interpreted as estimates of potential suitability and not as a
direct delimitation of areas suitable for immediate intervention. This is because SDMs are
primarily based on statistical relationships between occurrence records and environmental
variables; thus, they do not explicitly incorporate all ecological processes that condition
actual habitat occupancy [10]. Furthermore, biotic factors such as dispersal, competition,
herbivory, or mutualistic interactions can modify the effective distribution of species, even
within climatically favorable areas [65].

The field surveys followed a preferential, expert-informed sampling design, which
was appropriate for directing sampling effort toward areas where P. rugulosa was consid-
ered likely to occur [13]. While preferential presence data can theoretically retain spatial
sampling bias associated with accessibility [66], this risk was inherently mitigated in our
study. Because P. rugulosa populations have been historically restricted to steep, highly
inaccessible relict patches due to anthropogenic pressure, the sampling design did not favor
easily accessible routes; rather, it required high-effort field campaigns to reach these isolated
environments. Furthermore, surveys were distributed across independent sampling areas
separated by at least 1 km (equivalent to 10 pixels of our spatial grid) to effectively reduce lo-
cal spatial clustering. Consequently, no additional post hoc corrections (such as spatial bias
layers or target-group background approaches) were applied, as generating these would
require systematic multi-species historical records that are currently unavailable for this
rugged region. Ultimately, the combination of our high-effort field surveys and rigorous
spatial thinning provides a robust representation of the species’ environmental niche.

In addition, the models did not explicitly incorporate land-use change, grazing in-
tensity, fire occurrence, human disturbance, or soil physicochemical properties. These
factors can influence the degradation, regeneration, and persistence of Polylepis forests,
even in areas with favorable climatic and topographic conditions [67,68]. Their omission
may therefore lead to an overestimation of potential suitability in areas subject to intense
anthropogenic pressure or unfavorable soil conditions.
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Additionally, a first-order limitation of this study is the use of a single Global Circu-
lation Model (GCM), the MPI-ESM1-2-HR. Although this high-resolution climate model
is widely used and validated in the scientific literature to represent climate gradients in
complex mountainous regions such as the Andes, end-of-century projections are inherently
subject to high global climate variability. By relying on a single GCM, the spatial projec-
tions do not capture inter-model (inter-GCM) variance, which is typically the dominant
component of long-term uncertainty. Therefore, the values presented in this study strictly
reflect inter-algorithmic uncertainty (the mathematical divergence among the RE, GBM,
FDA, and ANN models), and the cartographic results must be interpreted as one possible
climate trajectory within a broader range of probable futures. Future research should
incorporate a multi-GCM ensemble to partition and comprehensively evaluate all sources
of climate uncertainty.

Additionally, we acknowledge a spatial scale mismatch among predictors. Interpolat-
ing the ~1 km CHELSA v2.1 bioclimatic data to a 100 m grid does not generate genuine
microclimatic information. Consequently, the fine-scale spatial patterns observed in our
suitability maps are strictly driven by the high-resolution topographic constraints from
the ALOS PALSAR DEM, rather than localized climate shifts. Future modeling should
integrate topoclimatic downscaling techniques to better reflect true microclimatic realities.

Finally, projected habitat gains via altitudinal expansion toward Andean summits
(>4500 m) reflect purely theoretical climatic envelopes. These modeled gains ignore the
hard elevational ceiling of the mountains (e.g., physical topographic limits and lack of soil
substrate) as well as severe dispersal lags. Consequently, such high-altitude expansions are
unlikely to represent realizable biological range shifts within the end-of-century timescale.

In this regard, the results obtained should be understood as a macroenvironmental
baseline for planning, which requires local validation before guiding specific conservation
or restoration actions. In the case of Polylepis, implementation must consider ecological
field criteria, such as the availability of seed trees, seed dispersal, soil erosion, and livestock
pressure—factors that can condition natural regeneration and forest establishment [69].
Regarding dispersal mechanisms, a climatically favorable zone will not necessarily be occu-
pied by Polylepis if it is located far from seed trees or forest fragments, because seed arrival
at the site may be limited. The natural regeneration of Polylepis tends to be concentrated
near trees or forest edges, highlighting the importance of considering connectivity between
patches before prioritizing areas for restoration [69,70]. Similarly, competition with herba-
ceous vegetation and herbivory or trampling associated with livestock can limit seedling
establishment, even when the site presents favorable environmental conditions. These
factors can affect the early stages of regeneration and reduce the natural recovery of the
forest; therefore, they must be considered in field validation and the design of restoration
actions [71,72].

Likewise, microsite selection is highly relevant, given that microenvironmental
elements—such as the presence of rocks, altitude, land use, and local site characteristics—
can influence early seedling performance [71,73]. Additionally, biological facilitation
through nurse plants can reduce microenvironmental stress and favor initial survival
in exposed areas [74]. In accordance with Polylepis restoration experiences, these actions
should be accompanied by site protection, control of local pressures, and subsequent
monitoring to evaluate establishment and adjust management [75].

Future research could complement this approach by incorporating more detailed biotic
variables, such as natural regeneration, seed availability, mycorrhizae, or interactions with
dispersing fauna, to improve the ecological interpretation of the projections [76].
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5. Conclusions

e  The ensemble model in BIOMOD2 showed high discrimination metrics within the
adopted repeated random holdout validation framework when modeling the current
and future suitability of Polylepis rugulosa forests in southern Peru. The potential
distribution of the species was mainly influenced by seasonal water availability and
thermal variability, while slope contributed to interpreting the role of topography as a
local habitat modulator.

e  The reclassified projections demonstrated a progressive reduction in favorable habitat
for P. rugulosa toward the end of the century. Under the SSP3-7.0 scenario, the “most
suitable” areas decreased markedly between the near-term reference period and the
long-term future, whereas SSP5-8.5 showed the greatest habitat restriction.

e  The spatiotemporal analysis allowed for identifying early attention areas, zones with
climatic persistence, and sectors with future establishment potential for P. rugulosa.
This differentiation provided a useful basis for formulating conservation strategies
in stable areas, restoration actions in areas of projected habitat loss, and preventive
conservation and monitoring in areas with future suitability.

e  The proposed strategic typologies allow the translation of projected habitat trajectories
of P. rugulosa into management criteria under climate change. However, their imple-
mentation must consider local validation and ecological field assessments, given that
projected climate suitability alone does not guarantee the effective establishment or
persistence of the species.
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