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Article 
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Abstract: Although treeline ecotones are significant components of vulnerable mountain ecosystems 
and key indicators of climate change, treelines of the Southern Hemisphere remain largely out of 
research focus. In this study, we investigate, for the first time, the current and future distribution of 
the treeline species Nothofagus pumilio in the Southern Andes using a Species Distribution Modelling 
approach. The lack of modelling studies in this region can be contributed to missing occurrence data 
for the species. In a preliminary study, both point and raster data were generated using a novel 
Instagram ground truthing approach and remote sensing. Here we tested the performance of the two 
datasets: a typical binary species dataset consisting of occurrence points and pseudo-absence points 
and a continuous dataset where species occurrence was determined by supervised classification. We 
used a Random Forest (RF) classification and a RF regression approach. RF is applicable for both data 
sets, has a very good performance, handles multicollinearity and remains largely interpretable. We 
used bioclimatic variables from CHELSA as predictors. The two models differ in terms of variable 
importance and spatial prediction. While the RF classification model was mainly modelled by 
temperature variables, the RF regression model was mainly modelled by precipitation variables. Heat 
deficiency is the most important limiting factor for tree growth at treelines. It is evident, however, 
that water availability and drought stress will play an increasingly important role for the future 
competitiveness of treeline species and their distribution. Modelling with temperature variables in 
the RF classification model led to an overprediction of the potential distribution of the species in 
summit regions and in glacier areas, while the RF regression model led to a spatial prediction with 
small-scale details. The time-consuming and costly acquisition of complex species information 
should be accepted in order to provide better predictions and insights into the potential current and 
future distribution of a species.  

Keywords: climate change; Nothofagus pumilio; random forest algorithm; species distribution 
modelling; southern andes; treelines  
 

1. Introduction 

The application of modelling approaches including Species Distribution Modelling (SDM) has 
rapidly increased recently in order to generate insights into the sensitivity and shifts of treelines in 
response to climate change [1]. Warming rates in high mountain regions are, on average, greater than 
the global mean, resulting in ecosystems being particularly stressed by changing climatic conditions 
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[2]. The natural elevational position of the treeline is defined by heat deficiency [3] and is globally 
approximately aligned with the 6.4 °C isotherm [4]. Consequently, treeline shift in response to 
warming is frequently investigated and widely recognised as a key indicator of climate change [5]. 
However, observed responses are rather inconsistent, spanning the entire gradient from static 
treelines with insignificant responses to dynamic treelines with substantial treeline advance [6,7]. 
Globally, the proportion of advancing elevational treelines has been increasing from 52 % [8] to 66 % 
[9,10]. In the Northern Hemisphere, 90 % of treelines are reported to be advancing [11], whereas 
treelines in the Southern Hemisphere are responding weaker to climatic changes [10]. Certain 
relationships between treeline form, which can vary between gradual and abrupt, and treeline 
dynamics have been suggested [12]. Factors such as seedling mortality and dieback processes play 
critical roles in shaping treeline form and influencing possible shifts [13]. While gradual treelines are 
more likely to advance to higher elevations, abrupt treelines, as formed by Nothofagus in the Southern 
Hemisphere, are more stable due to increased seedling mortality above closed forest stands or due to 
anthropogenic disturbances [13].  

Treelines and the shift of treelines have extensively been studied in the last decades [1,14], 
however, comparatively few studies focused on treelines of the Southern Hemisphere [9,10]. A recent 
review study examining the impact of climate change on Andean biomes found that those in the 
southern Andes remain the least studied [15]. For example, to our knowledge, there is no SDM study 
investigating the entire current and future distribution of important treeline species in the Southern 
Andes. Nothofagus pumilio (Poepp et Endl.) Krasser (southern or lenga beech) is forming an abrupt 
treeline over approximately 2000 km latitudinal extent from 35 °S to 56 °S in the Southern Andes. The 
treeline is naturally abrupt due to seedling dieback outside the protecting tree stands [16], only in 
some cases the treeline is influenced by anthropogenic disturbances like grazing, forestry or fire 
resulting in more diffuse treeline ecotones [13]. The uppermost trees are often in a krummholz growth 
form [17]. The treeline follows a 6.6 °C isotherm [18], while increases of 1.2 to 4.0 °C in mean annual 
temperatures and decreases of up to 30 % in mean annual precipitation are predicted for high-
elevation catchments in the southern Andes [19,20]. It is therefore of interest to study the changes in 
the Southern Andean treeline as a result of global warming. 

Recent research has explored changes at the treeline of N. pumilio through small-scale 
dendrochronological and experimental studies [21–25]. N. pumilio is highly sensitive to variations in 
temperature and precipitation, which are often associated with phase shifts in Antarctic Decadal 
Oscillation (AAO) also known as the Southern Annular Mode (SAM), the El Niño Southern 
Oscillation (ENSO) and Pacific Decadal Oscillation (PDO), as highlighted in recent studies [21–23]. 
Increases in radial growth due to rising temperatures have been observed when precipitation levels 
are sufficient [21,24,25]. Warm and dry springs lead to an increased tree growth at humid treeline 
sites but to a decrease in tree growth and an increase of tree mortality due to drought at drier treeline 
sides. Furthermore, high precipitation in late spring often connected with a prolonged snow cover 
results in a decrease in tree growth [21]. Accordingly, tree growth is highest at mesic sites, followed 
by wetter sites, while growth rates at drier sites continue to decline [24]. Suitable climatic conditions, 
particularly rising mean spring and summer temperatures, also promote the establishment of N. 
pumilio seedlings above the current treeline, on both humid and dry slopes, thereby facilitating 
treeline advance [22,23]. Additionally, warmer springs can improve seed quantity and quality [26] 
which further increases the possibility of seedlings becoming established. However, drought or soils 
with low water capacity are important controlling factors, causing drought stress for seedlings and 
adult trees [27] and ultimately preventing a treeline advance. 

In this study, we model the potential current and future distribution of N. pumilio based on the 
species’ suitable bioclimatic conditions, following fundamental concepts of Species Distribution 
Modelling (SDM). SDM models are typically constructed using binary species occurrence data and 
environmental variables, often climate data [28]. While global climate data sets, such as the CHELSA 
bioclimatic variables that we use here [29,30], are readily available, the availability of unbiased 
species occurrence data is a major challenge for SDM studies. Field studies, which can generate 
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reliable occurrence data, are both time-consuming and costly. Moreover, many study sites, 
particularly in topographic complex regions like high mountains are inaccessible. When species data 
are not collected through field studies, they are primarily obtained from open-source databases such 
as the Global Biodiversity Information Facility (GBIF, https://www.gbif.org/). However, these 
databases often contain various forms of bias, as highlighted in recent studies [31,32]. Consequently, 
using these point occurrences in SDM approaches can lead to inaccurate or misleading model results. 
A promising approach for the investigation of large study areas, especially in regions with limited 
accessibility, is the use of remote sensing to survey species occurrences. Remote sensing data on a 
species can provide more complex, continuous data and thus further modelling opportunities. 
However, there is still a need for ground truthing to verify that the species of interest are actually 
present in the remotely sensed area. In a previous study we developed an Instagram ground truthing 
approach, that created less-biased occurrence points, that were subsequently used to validate remote 
sensing occurrence data of N. pumilio, resulting in two valid occurrence datasets [33].  

Here, we present an initial holistic approach to model the potential distribution of N. pumilio 
based on two input datasets: a binary point dataset and a continuous raster occurrence dataset 
derived from supervised classification. While we adopted a standard modelling approach, we also 
test an innovative technique incorporating continuous raster data. We hypothesise that this approach 
will yield more detailed insights into the species' potential current and future distribution due to the 
increased complexity of input data. 

To investigate the effect of different species input datasets, our aims are (1) to model the current 
distribution of N. pumilio under prevailing climate conditions, and (2) assess potential range shifts 
under climate change conditions, and (3) evaluate model performance and model complexity with 
regard to ecological site factors. 

2. Materials and Methods 

2.1. Study species and study area 

N. pumilio is the most orophilous and widespread species of the Nothofagus genus on the South 
American continent, extending from 35 °S to the southernmost tip of Tierra del Fuego (see Figure 1). 
As an indicator of the orotemperate belt, it forms mono-species forests at the treeline [34]. The species 
is sometimes accompanied by the morphologically and ecologically similar species N. antarctica, with 
which it can form mixed stands. Hybrids between the two species are also known [35]. The evergreen 
N. betuloides dominates in the lowlands and especially in the (hyper-) humid west. 

The study area is characterised by two extreme gradients. One is the temperature gradient, 
which results from the elevation of the southern Andean Cordillera (up to 3000 m), and the other is 
the precipitation gradient, which is considered to be the most extreme precipitation gradient on Earth. 
While precipitation extremes of up to 10,000 mm/yr occur on the windward side, west of the Andes, 
there is a precipitation decrease to less than 300 mm/yr on the leeward side, east of the Andes [36]. 
Northern Patagonia has been substantially affected by the effects of climate change. Mean annual 
temperatures have risen by up to 1 °C since 1950. While there are no negative trends in precipitation 
in most areas, precipitation totals are decreasing by 5 % in Northern Patagonia. Climate models 
predict a decrease in precipitation of up to 30 % and an increase in temperature of between 1.5 and 
3 °C [20].  
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Figure 1. Point and raster occurrence data of Nothofagus pumilio created by a novel Instagram ground truthing 
approach [33].2.2. Input data. 

2.2.1. Species data 

The two species occurrence datasets used were generated using a novel Instagram ground 
truthing approach (IGTA) designed to reduce sampling and spatial bias often present in existing 
databases. The IGTA aimed at reducing this bias by using a very public and worldwide used social 
media platform (https://www.instagram.com/) and by including remote sensing data [33]. The study 
species and area are particularly well-suited for an Instagram-based analysis, as deciduous N. pumilio 
forms mono-species forests at the treeline, making it an especially attractive photo motif in autumn 
and occurs in a highly touristic region, where tourists and hikers frequently take and share photos 
on social media. By searching for suitable posts with the species and the photos’ location clearly 
identifiable as well as a strict catalogue of criteria 1238 occurrence points were created extending from 
36.88 °S to 55.03 °S. These IGTA points were then used to validate remote sensing data created using 
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Sentinel-2 level 2A data and supervised classification [33]. With this approach two data sets were 
created: A point occurrence dataset and a spatial raster dataset of the species N. pumilio (Figure 1).  

For the IGTA point dataset the first step in modelling was to ensure that only one point was set 
in a raster cell at the target resolution of 30 arc sec, ~ 1 km (raster cell size of the climate data). After 
deleting duplicate points, 999 points remained in the model as “presence” data. For “absence” data, 
10,000 pseudo-absence points were generated. This process involved first constructing an alpha hull 
around the presence points and applying a 100 km buffer, within which pseudo-absence points were 
randomly generated. To prevent the overwriting of occurrence cells during this process, a 5 km buffer 
was placed around the presence points. For the final modelling dataset, values from the climate 
dataset were extracted for both presence and absence points. The two datasets were then merged and 
supplemented with a binary indicator variable specifying whether N. pumilio was present (presence 
= 1) or absent (absence = 0). 

The second dataset was derived from a supervised classification (Kappa values: summer scenes 
classification 0.89, autumn scenes classification 0.96), in which occurrences of deciduous forest at the 
treeline were classified to represent the distribution of N. pumilio [33]. Gaps in the dataset resulted 
from missing Sentinel-2 data or areas affected by shadows and cloud cover. The original dataset has 
a spatial resolution of 20 m. For modelling purposes, N. pumilio cover values were aggregated to the 
target resolution (~1 km), resulting in percentage values ranging from close to 0 % up to a maximum 
of 99.96 %. The raster data covers a latitudinal range from 33.49 °S to 56.27 °S. 

2.2.2. Bioclimatic predictors 

Global climatological datasets such as CHELSA [29,30] and Worldclim [37,38] are standards for 
large-scale SDM studies. Due to their free accessibility, the datasets are widely used and cited, 
allowing for some comparability of modelling studies. Since other studies suggest that the CHELSA 
dataset performs better in topographically highly complex areas such as high mountains [39,40], we 
decided to use this dataset. We utilised the 19 Bioclim variables from version 2.1 with a 30 arc sec (~1 
km) resolution [29,30]. The “ClimDatDownloadR” R package was used to download and pre-process 
the data [41,42]. To enhance ecological interpretability, we included only variables derived for 
quarters. To further mitigate multicollinearity and exclude irrelevant variables, we applied the 
VSURF R package, which follows a two-step procedure. First, it identifies variables relevant for 
interpretation, and subsequently, it eliminates redundant variables for prediction [43]. Through this 
approach, two additional variables were removed from the initial subset. The variables used in the 
model are listed and described in Table 1. 

For future prediction CHELSA version 2.1 provides selected CMIP6 scenarios of the bioclimatic 
variables. Future Bioclim variables were created using representative concentration pathway (RCP) 
scenarios, that represent a range of potential greenhouse gas emission pathways, from a low-emission 
(RCP2.6) to a high-emission development (RCP8.5). We used the SSP126 (RCP2.6), SSP370 (RCP7) 
and SSP585 (RCP8.5) scenarios for the years 2041 to 2070 and 2071 to 2100 from the MPIESM1-2HR 
model [30].  

Table 1. CHELSA Bioclim variables calculated for quarters and seasonality variables used in the analysis. The 
variables bio 9 and bio 16 have been excluded by the VSURF analysis. 

Short name Long name Used in analysis 
bio 4 temperature seasonality [°C/100] 1 X 

bio 8 mean daily mean air temperatures of the wettest 
quarter [°C] 

X 

bio 9 mean daily mean air temperatures of the driest quarter 
[°C] 

excluded by VSURF 

bio 10 mean daily mean air temperatures of the warmest 
quarter [°C] 

X 
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bio 11 mean daily mean air temperatures of the coldest 
quarter [°C] 

X 

bio 15 precipitation seasonality [kg m-2] 2 X 
bio 16 mean monthly precipitation amount of the wettest 

quarter [kg m-2 month-1] 

excluded by VSURF 

bio 17 mean monthly precipitation amount of the driest 
quarter [kg m-2 month-1] 

X 

bio 18 mean monthly precipitation amount of the warmest 
quarter [kg m-2 month-1] 

X 

bio 19 mean monthly precipitation amount of the coldest 
quarter [kg m-2 month-1] 

X 

1standard deviation of the monthly mean temperatures; 2the coefficient of variation is the standard deviation of 
the monthly precipitation estimates expressed as a percentage of the mean of those estimates. 

2.3. Model approach and model algorithm 

We follow the basic concepts of Species Distribution Modelling (SDM) to analyse the 
relationship between the species' current distribution and suitable abiotic conditions, as well as its 
potential future distribution under climate change scenarios [44,45]. 

Several algorithms have been established for SDMs. In addition to linear regression approaches 
such as Generalised Linear Models (GLMs), Generalised Additive Models (GAMs) and Multivariate 
Adaptive Regression Splines (MARS), machine learning algorithms such as Random Forest (RF), 
Maximum Entropy (MaxEnt) and Artificial Neural Networks (ANN) are established methods [46]. 
We chose RF because it can be used for classifying binary data (Random Forest Classification), as well 
as for regression approaches with continuous data (Random Forest Regression) [47]. Furthermore, 
machine learning approaches such as RF not only demonstrate strong predictive power and model 
performance but are also unaffected by multicollinearity, making them particularly well-suited for 
climatic datasets with many highly correlated variables [48]. However, some authors criticise that the 
interpretability of the models decreases as machine learning methods are “black boxes” compared to 
simpler linear approaches (e.g. GLMs) [46,48,49]. Random Forest combines both strengths: it is a 
robust and powerful approach that remains largely interpretable. In the following we analysed two 
models: (1) RF classification with the point dataset and (2) RF Regression with continuous data from 
the raster dataset. We apply a k-fold cross-validation to determine the best model and use appropriate 
validation metrics for each model. The results of the models are then compared visually. 

Data processing and modelling were conducted in R (version 4.4.1 [50]). Maps were created 
using SAGA GIS (https://saga-gis.sourceforge.io [51]) and ArcGIS Pro (version 2.7.0 [52]). 

2.4. Model calibration and evalution 

We used 10-fold cross-validation to determine the best model. The presence-absence point 
dataset, and the continuous raster dataset were randomly divided into a training and a test dataset. 
The training dataset contains 80 % and the test dataset 20 % of the total dataset. Several validation 
metrics were used to validate the models. Threshold-independent metrics such as AUC and 
threshold-dependent metrics such as TSS are appropriate for the presence-absence approach. 
Furthermore, we created confusion matrices and calculated overall accuracy. The explained variance, 
the mean of the squared residuals and the R2 are suitable for validating the RF regression for the 
continuous approach. 100 trees were calculated for both, RF classification and RF regression. The best 
model was then projected onto the CHELSA data calculated with the CMIP6 scenarios (SSP126, 370, 
585 for the time spans of 2041 – 2070 and 2071 – 2100). 
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3. Results 

3.1. Current distribution range of N. pumilio 

The optimal model for predicting the current distribution of N. pumilio was identified through 
10-fold cross-validation. The results of the cross-validation for both models are presented in Tables 3 
and 4 in the appendix section. The best-performing RF classification model achieved an accuracy of 
97.74 %, with a threshold-independent AUC of 0.9919 and a threshold-dependent TSS of 0.8467. 
Bioclimatic variables bio 8 (mean daily mean air temperature of the driest quarter) and bio 11 (mean 
daily mean air temperature of the coldest quarter) emerged as the most influential predictors for 
model accuracy (Accuracy Importance ranking, from most to least important bioclimatic variable: 8, 
11, 19, 4, 15, 10, 18, 17, cf. Table 1). Additionally, Gini Importance was calculated to assess the most 
frequently used variables for decision at nodes, with bio 11 and bio 8 again emerging as the primary 
split criteria for the RF classification model (Gini Importance ranking: 11, 8, 18, 17, 19, 4, 10, 15). The 
highest-performing RF regression model attained an R2 value of 0.6680 and the lowest RMSE of 
140.92. While temperature variables were the most important predictors in the RF classification 
model, precipitation-related variables, particularly bio 15 (precipitation seasonality) and bio 19 (mean 
monthly precipitation amount of the coldest quarter), played a dominant role in the RF regression 
model (Accuracy Importance ranking: 15, 19, 4, 11, 18, 8, 17, 10). Gini Importance analysis for the RF 
regression model indicated that bio 11 was the most critical variable for splits, followed by bio 15 
(Gini Importance ranking: 11, 15, 18, 8, 17, 4, 10, 19). 

A RF model consists of multiple individual decision trees, making it challenging to interpret the 
specific thresholds used at each node. However, the extraction of partial dependence plots (PDP) for 
individual variables allows for an interpretation of the influence of specific bioclimatic predictors 
within the RF model. We employed the “partialPlot” function from the “randomForest” (version 4.7-
1.2 (2024), [53]) R package to assess the influence of the most important variable in each model. The 
resulting PDP are presented in Figure 2. For the RF classification model, the x-axis displays the values 
of the bioclimatic variable bio 8, while the y-axis represents the predicted probability for class 1 (i.e., 
presence of N. pumilio). At low temperatures in the wettest quarter (below - 5 °C), the predicted 
probability of occurrence is high, clearly decreasing towards 5 °C and remaining consistently low 
above this threshold. This indicates that the model predicts the presence of N. pumilio primarily in 
colder environments during the wettest quarter. In the RF regression model, the x-axis shows the 
values of bio 15, and the y-axis represents the predicted cover values of N. pumilio. The plot reveals 
greater variability, but cover values are relatively high in areas with moderate precipitation 
seasonality (0 to 30 %). However, there is a marked decline in predicted cover values in regions with 
high precipitation seasonality (70 to 100 %). Two key assumptions emerge: cover values are greater 
in areas with lower precipitation seasonality, suggesting that N. pumilio prefers regions with more 
stable precipitation patterns and the species is less likely to occur in areas with highly variable 
precipitation e.g. with phases of drought.  

The spatial predictions of the two models revealed a more compact distribution in the RF 
classification model, with a slightly broader extent towards the west and east for the RF regression 
model. The binary RF classification model predicted a northern extent of up to 36.35 °S and a southern 
extent of 55.45 °S, whereas the RF regression model extended from 35.24 °S to 55.24 °S (Figure 3). In 
the southern regions, including Tierra del Fuego, the RF regression model depicted a more 
homogeneous distribution. IGTA points were lacking in this area resulting in gaps in the predicted 
occurrence. While the RF classification model tended to overpredict in unvegetated summit regions 
and glaciated areas, the RF regression model provided a more fine-grained representation, capturing 
vegetated valleys more accurately. When compared with a digital surface model (DSM, ALOS Global 
Digital Surface Model, 30 m), it was evident that the RF classification model predicted suitable 
climatic conditions in higher areas as distribution areas, while in the RF regression model they were 
omitted. The opposite was true for lower valleys. Here, the RF regression model predicted suitable 
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climatic conditions of N. pumilio, while the RF classification model did not. The described small-scale 
differences between the models are illustrated in Figure 4. 

 

Figure 2. Partial Dependence Plot (PDP) of (a) the Random Forest Classification and (b) Random Forest 
regression model indicating the influence of the most important variables. 

(a) (b) 
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Figure 3. Predicted probability of Nothofagus pumilio occurrence of (a) the Random Forest classification model 
(here abbreviated as Point model) and (b) predicted cover values of N. pumilio of the RF regression model (here 
Raster model). 

(a) (b) 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 May 2025 doi:10.20944/preprints202505.2267.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202505.2267.v1
http://creativecommons.org/licenses/by/4.0/


 10 of 21 

 

 

Figure 4. Small-scale details of the Random Forest classification model (here abbreviated as Point model) and 
Random Forest regression model (here Raster model) compared with a satellite basemap and a Digital Surface 
Model (DSM), which shows the elevation of the raster cells covered by the model results. 
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3.2. Future distribution range of N. pumilio 

Using CMIP6 data provided by CHELSA for the SSP scenarios, we predicted the potential future 
distribution of N. pumilio with both models. Predictions were generated for the SSP126, SSP370, and 
SSP585 scenarios for two future periods: 2041–2070 and 2071–2100. Figures 5a and 5b illustrate the 
potential distribution of N. pumilio for 2041–2070, while Figures 6a and 6b in the appendix depict 
projections for 2071–2100. To further quantify these changes, we calculated the total area covered by 
N. pumilio pixels in each model. A direct comparison of absolute values was not feasible, as different 
thresholds were applied in the binary representation of the models, which could distort the results. 
However, we calculated the future projected area as a percentage of the current distribution area, 
allowing for a meaningful comparison of relative changes (Table 2). For the RF classification model, 
the SSP scenarios for 2041–2070 indicated a progressive decline in occurrences across the northern 
range. Additionally, occurrences shifted towards higher elevations and the more humid western 
regions, while a slight decline was also observed in the south. These trends intensified from 2071 to 
2100, with a further reduction in western occurrences. The overall contraction in N. pumilio 
distribution was reflected in the decreasing area of grid cells that are covered by a models result. The 
current distribution area of N. pumilio calculated by the RF classification model is 39,732.83 km². Even 
under the relatively mild SSP126 scenario, only 37.54 % of this area (14,916.48 km², see Table 2) 
remained, with further declines projected for more extreme scenarios and later time periods. A slight 
increase in area was observed for SSP585 during 2041–2070, which can be attributed to an expansion 
in the west. The RF regression model predicted less pronounced changes in N. pumilio cover values, 
which might have been partially due to the use of a threshold for generating a binary representation. 
Unlike the RF classification model, which assigned values of 1 (presence) or 0 (absence), the RF 
regression model predicted a continuous coverage percentage. For visualisation and quantitative 
analysis, a threshold of 30 % was applied, classifying all values above 30 % as presence (1) and all 
values below 30 % as absence (0). Both models indicated a decline in occurrences in the north. 
However, in contrast to the RF classification model, the RF regression model suggested that N. pumilio 
is more likely to persist at higher elevations also in the north. Total decreases in distribution area and 
the westward shift were less pronounced, and occurrences in the east were more likely to remain. 
Overall, an upward shift in elevation was evident across the species' range. 

Table 2. Predicted covered area of Nothofagus pumilio under different SSP scenarios. 

  time span 2041 - 2070 time span 2071 - 2100 
 model area [km2] area [%] area [km2] area [%] 

po
in

t m
od

el
 

SSP126 14916.48 37.54 14794.67 37.24 

SSP370 9594.11 24.15 7856.97 19.77 

SSP585 11527.92 29.01 6206.62 15.62 

ra
st

er
 m

od
el

 

SSP126 30143.13 75.06 28893.18 71.95 

SSP370 22077.23 54.97 17090.35 42.56 

SSP585 27348.67 68.10 15758.20 39.24 
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Figure 5. Potential future distribution of Nothofagus pumilio modelled by (a) the Random Forest classification and 
(b) RF regression model using CMIP6 SSP Scenarios for CHELSA Bioclim variables for the time span of 2041 to 
2070. 

(a
) 

(b
) 
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4. Discussion 

The treeline species Nothofagus pumilio is highly sensitive to climate variations, as reflected in its 
radial growth patterns and seedling establishment above the treeline. Consequently, research into 
the species' treeline dynamics in response to climate change has already gained some attention. Many 
studies have examined growth variations using dendrochronology, providing insights into the 
species' response to climate variations, mostly related to expressions in ENSO, PDO and AAO/SAM 
over the past century [21,24,25]. Other research has focused on seedling establishment [23] or assessed 
the quantity and quality of N. pumilio seeds [16,54,55]. However, large-scale Species Distribution 
Modelling (SDM) approaches investigating the current and future development of the species are 
lacking. In this study, we calculated two Random Forest (RF) models using a binary and a continuous 
species dataset to model the current and future potential distribution of the species. Both models, RF 
classification and RF regression, achieved reasonable results and high performance values. The RF 
algorithm is well-suited for this study due to its strong predictive power and, more importantly, its 
applicability to both datasets, enabling direct comparability. Moreover, RF is a well-established 
algorithm that facilitates comparisons between different modelling approaches within the field of 
SDM [46,56]. While binary approaches are mainly used in SDM, the use of a continuous target 
variable generated from remote sensing, rather than the generation of abiotic predictors, is still a 
novel approach. Other studies investigating topographic complex regions have already discussed the 
loss of knowledge due to the use of binary data at 1 km spatial resolution [49]. Here, we demonstrated 
an information gain using 1 km-resolution data while incorporating continuous variables. 

4.1. Current distribution range of N. pumilio 

Differences between the two models were apparent across all analyses. In terms of spatial 
prediction, the RF regression model captured fine-scale details more accurately and was less prone 
to overprediction at high elevations. Additionally, the key predictors for the RF models varied. While 
temperature variables had the highest importance (Accuracy Importance) in the RF classification 
model, precipitation variables had the highest importance in the RF regression model. The orophilous 
species N. pumilio is particularly adapted to the extreme climatic conditions of high mountain 
ecosystems. The species shows high phenotypic plasticity. While occurring at lower elevations as an 
erect tree up to a height of 35 m, it shows krummholz growth forms at the treeline [57]. As a deciduous 
species, it reduces transpiration in the months when frost-drought can be a problem [58]. Heat 
deficiency is considered to be the most important site factor for treeline formation worldwide. The 
treeline of N. pumilio follows an isotherm of 6.6 °C [18]. The influence of temperature was shown in 
the RF classification model by the high importance of bio 8 (mean daily air temperature of the driest 
quarter) and bio 11 (mean daily air temperature of the coldest quarter), and in both models by the 
fact that the variable bio 11 has a very important influence on the decisions at the nodes of both 
models (Gini Importance). However, when modelling a species in high mountains, the influence of 
elevation can also be represented by temperature variables. Authors analysing the sensitivity of N. 
pumilio to climate change using changes in tree rings have found a correlation with precipitation 
regimes in addition to temperatures. The species occurs in humid to arid regions and is well adapted 
to medium to low precipitation sums that occur at high elevations due to advective precipitation. 
This is also shown by its occurrence as far as the arid east, where it sometimes forms two treelines: 
an alpine treeline and a xeric treeline towards the arid steppes [59]. However, particularly in northern 
Patagonia, increasingly low precipitation during the spring and summer months negatively affects 
tree growth [21,60]. In more southerly regions, high spring precipitation is primarily associated with 
prolonged snow cover, leading to a shortened growing season, which in turn also hinders tree growth 
[21,61,62]. Between 1900 and 2020, tree growth was found to correlate most strongly with rising 
temperatures on mesic sites, followed by wetter sites, while growth rates declined on drier sites [24]. 
Some authors state that all treelines in southern South America have experienced a negative growth 
trend due to drought since the 1980s and even suggest that the limitation at the treeline has changed 
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from cold-limited to drought-limited [25,63]. Our results of the RF regression model seem more 
plausible in this context, as the precipitation variables bio 15 (precipitation seasonality) and bio 19 
(mean monthly precipitation of the coldest quarter) played an important role. Both variables reflect 
annual precipitation distribution patterns. Bio 15 suggests that N. pumilio is unlikely to occur in 
regions with high precipitation seasonality, which may be associated with periods of drought. Bio 19, 
on the other hand, may be linked to precipitation in the form of snow, the resulting snow cover, and 
water availability following thaw. 

4.2. Future distribution range of N. pumilio  

Abrupt treelines respond less to global warming than diffuse treelines, primarily due to higher 
seedling mortality outside the protecting forest stand climate [13]. The emergence and establishment 
of seedlings represent the most critical life stage for trees at the treeline, with the availability of 
species-specific safe sites being the basic precondition for seedling recruitment [64,65]. Seed 
production, fruit dispersal, seed viability, and seedling establishment all decline with increasing 
elevation [16]. Higher temperatures and an extension of the growing season can thus facilitate 
seedling emergence and survival [18,22,23,54,60], a precondition for a future treeline advance. 
However, the comparatively slow advance or persistence of the treeline in the southern Andes is also 
linked to multi-faceted interactions with edaphic, topographic, biotic and other factors, including the 
development of alpine mats [23,27]. In addition, a deterioration in growth conditions due to drought 
is predicted for occurrences at lower elevations as well as at the treeline, based on studies examining 
radial tree growth [25,63]. The use of CMIP6 SSP scenarios from CHELSA showed an advance to 
higher elevations in both models. The scenarios are based on global circulation models and CO2 
concentration estimates. It should be noted that less periodic variations caused by different phases of 
ENSO, PDO and AAO/SAM cannot be fully modelled in the scenarios [66]. While the RF classification 
model showed a significant decrease in the northern range, lower cover values of the RF regression 
model remained at higher elevations. The result that N. pumilio occurrences decreased at lower 
elevations is consistent with previous findings [54], highlighting a decrease in the number of 
seedlings and a reduction in survival at lower-elevated sites. A review study modelling biome-level 
changes predicts a reduction of area with suitable climatic conditions for temperate deciduous forests 
of approximately 30 % under the RCP8.5 scenario for the period 2040–2070 [15]. Our results from the 
RF regression model are congruent with these findings, whereas the RF classification model predicts 
an even greater decline, which can be attributed to overprediction at high elevations. In particular, 
the RF classification model predicted a shift towards the wetter western region. It will be necessary 
to investigate the future competitive relationships with dominant tree species in this area (e.g. 
N. betuloides). In summary, precipitation conditions/drought stress will play a significant role in 
future competitive relationships and successful regeneration of Nothofagus species in the southern 
Andes. 

5. Conclusions 

To our knowledge, this is the first SDM study that models the current and future distribution of 
N. pumilio across its entire distribution range in the southern Andes. Even though the distribution 
range encompasses two extreme climatic gradients both models were able to comprehensively 
predict the current potential distribution and its future development. The direct comparison of model 
approaches highlighted major differences of the model results and the advantages of using more 
complex, continuous data. Continuous data can provide better insights into suitable bioclimatic 
conditions for N. pumilio occurrence leading to more detailed spatial predictions and meaningful 
predictors based on variable importance. However, we acknowledge that such data are rarely 
available, difficult to obtain across large study areas, and may still contain gaps that introduce bias. 
Climatic parameters represent the principal limiting factors at the alpine treeline, and bioclimatic 
variables have already proven effective in capturing the climatic conditions at the treeline of the 
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southern Andes. In the future we will embed biotic variables and try to model other influences such 
as fire, grazing and forestry. 
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Appendix A 

Appendix A.1 

 

Figure 6. Potential future distribution of Nothofagus pumilio modelled by (a) the Random Forest classification and 
(b) RF regression model using CMIP6 SSP Scenarios for CHELSA Bioclim variables for the time span of 2071 to 
2100. 
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) 

(b
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Appendix A.2 

Table 3. Individual binary point model 10-fold cross-validation performance results. The best model (model no. 
4) is highlighted in bold caps. The numbers for the confusion matrix (cfm) are: 00 true negative, 01 false positive, 
10 false negative and 11 true positive. 

N

o 

set.see

d 

cfm (train)  

(00, 01, 10, 11) 

cfm (test)  

(00, 01, 10, 11) 

Accurac

y 

(test) [%] 

AUC TSS  

(test, without 

threshold) 

1 123 7774, 105, 152, 

645 

1936, 36, 31, 

166 

0.9691 0.986

6 

0.8060 

2 321 7736, 106, 154, 

680 

1977, 29, 27, 

136 

0.9742 0.992

8 

0.8108 

3 456 7762, 115, 154, 

645 

1946, 30, 23, 

170 

0.9756 0.992

2 

0.8383 

4 654 7736, 118, 158, 

664 

1968, 25, 24, 

152 

0.9774 0.991

9 

0.8467 

5 789 7790, 104, 159, 

623 

1926, 38, 26, 

179 

0.9705 0.992

9 

0.8116 

6 987 7768, 112, 157, 

639 

1939, 39, 27, 

164 

0.9696 0.990

0 

0.7941 

7 111 7774, 105, 151, 

646 

1945, 42, 22, 

160 

0.9705 0.989

4 

0.7809 

8 222 7757, 110, 163, 

646 

1954, 38, 25, 

152 

0.9710 0.986

8 

0.7874 

9 333 7755, 103, 143, 

675 

1958, 33, 30, 

148 

0.9710 0.988

6 

0.8026 

10 444 7731, 122, 154, 

669 

1969, 36, 24, 

140 

0.9723 0.989

0 

0.7834 

Table 4. Individual raster model 10-fold cross-validation performance results. The best model (model no. 8) is 
highlighted in bold caps. 

No. set.seed explained var. (train) RMSE1 (train) RMSE1 (test) R2 (test) 

1 123 65.44 147.24 141.76 0.661 

2 321 65.53 146.12 146.27 0.657 

3 456 65.38 147.02 141.42 0.666 

4 654 65.51 146.32 145.14 0.659 

5 789 65.43 146.34 146.30 0.659 

6 987 65.57 145.74 145.31 0.661 

7 111 65.52 146.38 142.82 0.663 

8 222 65.29 147.30 140.92 0.668 

9 333 65.48 146.72 143.09 0.661 

10 444 65.47 146.46 142.80 0.664 
1 Root mean square error 
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