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A B S T R A C T

Accurately inferring plant functional trait composition, diversity, and redundancy across space and time is 
pivotal for understanding environmental change impacts on forests’ biodiversity and functioning. Here, we 
tested the capabilities of combining in-situ and remote sensing approaches to deliver accurate estimates of 
functional trait composition, diversity, and redundancy of temperate forest vegetation in South America (30◦S to 
53◦S) considering leaf and stem morphological, nutrient, hydraulic, and photosynthetic traits. We identified 
hydrological stress, soil properties, and topography as key drivers of plant functional trait distribution and 
variation. Further, hydrological stress and soil properties were key determinants of functional diversity and 
redundancy across a large latitudinal gradient. Functional diversity peaked across Mediterranean forests, 
occupying between 30◦S to 35◦S. Functional diversity and redundancy were both high at latitudes between 35◦S 
and 42◦S, coinciding with Valdivian rainforests. Conversely, functional redundancy peaked between 42◦S and 
48◦S, corresponding to Austral forests. Towards the southernmost extent of the study area, functional diversity 
and redundancy were both low between 48◦S and 53◦S, corresponding to the Magellanic subpolar forests. Our 
results highlight areas in South American temperate forests where both plant functional diversity and redun
dancy were maximal, hence potentially pointing towards areas more resilient to environmental change.

1. Introduction

Temperate forests show remarkable diversity in terms of species, soil 
composition, and the carbon dynamics within their ecosystems (Malhi 
et al., 2024, Malhi et al., 1999). In particular, due to their geographic 
isolation, temperate forests in Chile are highly endemic at species and 

higher taxonomic levels (Smith-Ramírez, 2004), and thus have become a 
priority for conservation (Echeverría et al., 2006). These temperate 
forests also provide essential contributions to people (Isbell et al., 2017), 
protecting watersheds, and absorbing and storing large amounts of 
carbon (Chen et al., 2023; Perez-Quezada et al., 2021; Urrutia-Jalabert 
et al., 2015a; Urrutia-Jalabert et al., 2015b). These forests therefore 

* Corresponding author.
E-mail address: xiongjie.deng@ouce.ox.ac.uk (X. Deng). 

Contents lists available at ScienceDirect

International Journal of Applied Earth  
Observation and Geoinformation

journal homepage: www.elsevier.com/locate/jag

https://doi.org/10.1016/j.jag.2025.104704
Received 20 March 2025; Received in revised form 26 June 2025; Accepted 26 June 2025  

International Journal of Applied Earth Observation and Geoinformation 142 (2025) 104704 

Available online 1 July 2025 
1569-8432/© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://orcid.org/0000-0002-7451-9732
https://orcid.org/0000-0002-7451-9732
https://orcid.org/0000-0003-3216-8329
https://orcid.org/0000-0003-3216-8329
https://orcid.org/0000-0002-6479-1652
https://orcid.org/0000-0002-6479-1652
https://orcid.org/0000-0001-9190-3229
https://orcid.org/0000-0001-9190-3229
mailto:xiongjie.deng@ouce.ox.ac.uk
www.sciencedirect.com/science/journal/15698432
https://www.elsevier.com/locate/jag
https://doi.org/10.1016/j.jag.2025.104704
https://doi.org/10.1016/j.jag.2025.104704
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jag.2025.104704&domain=pdf
http://creativecommons.org/licenses/by/4.0/


contribute to long-term carbon sequestration (Oliver et al., 2015) and 
further influence temperature, humidity, and precipitation patterns 
(Ellis and Eaton, 2021). However, these forests are under persistent 
threat from replacement by other land covers and uses, such as crops and 
exotic plantations, degradation (Echeverría et al., 2006), unsustainable 
logging, warming, and precipitation decrease (Miranda et al., 2017; 
Perez-Quezada et al., 2023; Urrutia-Jalabert et al., 2015a; Urrutia- 
Jalabert et al., 2015b). As a result, the interactions that underpin 
ecosystem functions and benefits to people have become progressively 
fragile (Donohue et al., 2016). Therefore, it is essential to understand 
how ecosystem functioning and biodiversity vary across environmental 
gradients and respond to key environmental drivers in such temperate 
forests. This knowledge is crucial for anticipating long-term ecosystem 
resilience and nature’s contributions to people (Bjorkman et al., 2018; 
Cardinale et al., 2012).

Previous studies exploring relationships between biodiversity and 
the environment predominantly relied on taxonomic methods to assess 
the impact of biodiversity on ecosystem functioning (Meyer and 
Kröncke, 2019). In contrast to taxonomic methods, trait-based ap
proaches focus on functional traits, i.e., traits that represent their 
morphological, physiological, biochemical or phenological characteris
tics. These traits are thought to be highly relevant to plant responses to 
the environmental stress and their impact on wider ecosystem properties 
(Díaz et al., 2013). By analysing functional traits, we can better under
stand how plants adjust or adapt to different environmental conditions 
(Kergunteuil et al., 2019), explain productivity in forests (Zhang-Zheng 
et al., 2024a, Zhang-Zheng et al., 2024b), and shed light on the role of 
plants in ecosystem processes (Díaz et al., 2013). Two metrics are widely 
used to quantify functional trait composition: the community-weighted 
mean (CWM) and community-weighted variance (CWV). CWM and 
CWV correspond to the average and variance in trait values within a 
community, weighted by the relative abundance (Laliberté and Legen
dre, 2010) or basal area (Aguirre-Gutiérrez et al., 2025; Pla et al., 2012) 
of each species. CWM represents the dominant trait values within a 
community and reflects the average functional characteristics shaped by 
the most abundant species, while CWV measures the trait diversity 
within the community and indicates the range and variability of func
tional strategies present.

Functional diversity is a vital component of biodiversity that cap
tures the range and distribution of plant functional traits across spatial 
scales (Díaz et al., 2013; Ma et al., 2019). It is a determinant of 
ecosystem processes (Hooper et al., 2005), ecosystem resilience to 
environmental change (Aguirre-Gutiérrez et al., 2025; Folke et al., 
2004), and provision of nature’s benefits to people (Díaz et al., 2007; 
Laliberté and Legendre, 2010). As a commonly used functional diversity 
metric, functional dispersion quantifies the extent of trait dissimilarity 
within plant communities (Cadotte et al., 2013), elucidating how 
divergent or convergent species are in a community in terms of their 
functional traits. It is expected that higher functional dispersion (i.e., 
variation in plant trait values in the community) would render higher 
resilience to environmental change as at least some species should be 
able to thrive under the changing conditions (Hooper et al., 2005).

In addition, functional redundancy is the degree to which multiple 
species within an ecosystem show similar functional attributes and 
therefore are assumed to perform similar ecological roles or functions. 
This potentially suggests that when one species disappears, other species 
with similar trait values would be able to carry out the same ecosystem 
functions than the species lost (Rosenfeld, 2002). Ecosystems with low 
functional redundancy may be more vulnerable to environmental 
changes because there are fewer functionally similar species able to fill 
the roles of the species that are lost (Rosenfeld, 2002). Hence, functional 
redundancy is thought to be important for ecosystem stability and 
resilience in the face of disturbances, including extreme climatic events 
(Oliver et al., 2015). Therefore, assessing both functional diversity and 
redundancy in an ecosystem is particularly relevant for understanding 
forest resilience to environmental change (Carmona et al., 2016; 

Schneider et al., 2017).
Trait-based approaches have been valuable in describing and pre

dicting ecosystem functions at the individual-to-plot scales. However, 
their upscaling to whole ecosystems and beyond has proven challenging 
(Suding et al., 2008). Still, recent advances in remote sensing techniques 
have allowed upscaling of some functional traits to global scales and the 
assessment of functional diversity continuously in space for relatively 
small areas (Hauser et al., 2021; Helfenstein et al., 2022; Schneider 
et al., 2017). Remote sensing platforms, including light detection and 
ranging (LiDAR), multispectral, and image spectroscopy data from both 
drone and satellite sensors, enable continuous and repeatable data 
acquisition that can be used to model and map functional traits across 
ecosystems (Aguirre-Gutiérrez et al., 2025; Wang and Gamon, 2019). 
Specifically, high-resolution LiDAR and spectral (including multispec
tral and image spectroscopy) data acquired from drone platforms can be 
used to characterise forest structural attributes (e.g., canopy height) and 
canopy reflectance properties, respectively, both of which are closely 
linked to functional traits (Asner et al., 2017; Camarretta et al., 2020; 
Kamoske et al., 2021). These detailed measurements at local scales offer 
critical insights into trait-environment relationships but are often 
spatially constrained. By integrating such plot-scale observations with 
coarser-resolution satellite-based remote sensing data, it becomes 
possible to bridge the spatial “scale-gap” (Thomson et al., 2021) to 
extend trait-based ecological information from individual plots to entire 
landscapes or regions (Jetz et al., 2016; Thomson et al., 2021; Wang and 
Gamon, 2019). The multiscale integration of remote sensing and trait- 
based ecology represents a scalable and essential approach for under
standing functional biodiversity across complex landscapes, particularly 
in data-poor regions such as the temperate forests of South America 
(Kier et al., 2005; Sheffield et al., 2018).

Despite the capabilities of remote sensing approaches to upscale and 
predict some functional attributes, there is a lack of understanding about 
mapping and predicting variability in plant functional traits distribution 
(Butler et al., 2017) and plant functional diversity and redundancy at 
large spatial scales (Hortal et al., 2015), particularly in temperate forests 
beyond North America and Western Europe (Echeverría-Londoño et al., 
2018). Besides remotely sensed imagery, environmental variables are 
also crucial for mapping plant functional traits and inferring functional 
diversity and redundancy as they shape the conditions under which 
plants grow and interact (Fortunel et al., 2014; Krishnadas et al., 2018; 
Wieczynski et al., 2019). Variation in climate, soil properties, topog
raphy, and hydrological stress directly influence the expression and 
performance of plant functional traits. These traits, in turn, determine 
how plants interact with each other and their environment, affecting 
overall community structure and ecosystem processes (Díaz et al., 2013; 
Zirbel et al., 2017). Variation in these biotic and abiotic drivers underpin 
the adaptation capacity of plants, and it could be expected that higher 
variation in ecological niches would also lead to a wide array of vege
tation functional trait adaptation.

Here, we combined leaf and stem trait data measured in-situ from 
8104 individual trees across 16 permanent forest plots in Chile with 
multi-scale remotely sensed data from multiple platforms and diverse 
environmental variables to model and predict community-level plant 
functional composition across a large latitudinal and environmental 
gradient using the Random forests algorithm. Trait data included leaf 
and stem morphological traits, leaf nutrients, hydraulic, and photosyn
thetic traits. The plots were distributed across a large latitudinal 
gradient extending from Mediterranean climate at ~ 30◦S to cold 
temperate climate at ~ 53◦S, covering a large annual rainfall 
(450–4500 mm) and mean annual temperature gradient (5.7–13 ◦C). 
Our main objectives were to 1) test if and to what extent functional trait 
composition, diversity, and redundancy can be inferred using remotely 
sensed data; 2) evaluate how community-level tree functional trait 
composition, diversity, and redundancy vary across the latitudinal and 
environmental gradients using both field-based data and spatially 
explicit model predictions; and 3) identify and quantify the main 
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environmental drivers of distributions of functional trait composition, 
diversity, and redundancy. We expect higher tree trait variation and 
higher functional diversity and lower redundancy in areas with more 
varied climate, topography and soil conditions. Conversely, we expect 
lower trait variation and higher functional redundancy in areas where 

climates are more restrictive, or more extreme for plant growth, such as 
in very cold or very warm areas often impacted by drought.

Fig. 1. Schematic of the process followed to model and map plant functional trait composition, diversity, and redundancy across forests in the study area. (A) 
Geographic locations of seven sites across a large latitudinal gradient. Site locations are shown by cyan rectangles with black boundaries. The number in brackets 
after the abbreviated site name corresponds to the number of plots in that site. Plot sizes within each site are shown by the size of the cyan rectangle (0.36 ha, 0.6 ha, 
or 1.0 ha plots). Note that all the rectangles are magnified for visualisation purposes. The background map is based on the WorldCover v200 land use and land cover 
product. (B) Detailed information on species richness and the number of traits measured in the field for each plot. The size of each dot indicates the elevation of the 
plot. Note: there is no trait measurement in plots COR1, MAG1, SPT1, and TRA2, but the species identified in these plots also exist in other plots. (C) Mapping plant 
functional trait composition, diversity, and redundancy with remote sensing and trait-based methods. This process integrates field-collected trait data with advanced 
remote sensing technologies. In the field, we collected leaf and stem samples from individual trees, and these samples were subsequently analysed in the lab to 
measure and calculate plant functional traits (see Supplementary: Sampling design and Trait measurements). We also obtained drone-level multispectral images and 
handheld LiDAR data for most forest plots. For plots without drone multispectral images (SPT1, ALE2, COR1, COR3, and MAG1) or handheld LiDAR data (COR1 and 
COR3), Planet SuperDove multispectral images and the global forest canopy height (GFCH) product were used. Trait community-weighted means and variances were 
calculated, representing trait averages and variability, and functional diversity and redundancy were derived from these traits at plot level. We used Random forests 
regression to establish the link between multispectral, LiDAR, environmental variables and functional traits. To extend these insights from plot to landscape level, we 
utilised satellite-based remotely sensed data, including Sentinel-2 (multispectral reflectance), the GFCH product (LiDAR-derived canopy height), environmental 
variables including TerraClimate (climatic variables), SoilGrids (soil properties), SRTM (topography), and ECOSTRESS (hydrological stress). (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
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2. Methods and materials

2.1. Study area

The study area spans the temperate forests of Chile, South America, 
which covers a broad latitudinal gradient from approximately 30◦S to 
53◦S. This range encompasses diverse forest ecosystems, including 
Mediterranean forests (~30◦S to ~ 35◦S) (Cueto et al., 2025), Valdivian 
rainforests (~35◦S to ~ 42◦S) (NAHUELHUAL et al., 2007), Austral 
forests (~42◦S to ~ 48◦S) (Huertas Herrera et al., 2023), and Magellanic 
subpolar forests (~48◦S to ~ 53◦S) (Rozzi et al., 2023). The local climate 
varies considerably along this gradient, with a wide range of environ
mental conditions, including significant variation in annual precipita
tion (450–4500 mm) and mean annual temperature (5.7–13 ◦C). In the 
northernmost Mediterranean zone, the climate is characterised by hot, 
dry summers and mild, wet winters (Kaiser et al., 2008). Between 35◦S 
and 42◦S, the climate transitions to a temperate rainforest type, typical 
of the Valdivian rainforests, where consistent high annual rainfall (often 
exceeding 3000 mm) and cooler temperatures create a humid environ
ment (Tecklin et al., 2011). Further south, from 42◦S to 53◦S, the climate 
shifts to colder, wetter conditions in the Austral forests and Magellanic 
subpolar forests, which experience frequent rainfall and cold spells (Le 
Roux, 2012; Rozzi et al., 2023).

2.2. Field measurements

We conducted vegetation censuses of 8104 individuals (identified to 
species level) with diameter at breast height ≥ 10 cm across 16 vege
tation plots in seven sites along a wide latitudinal and elevational 
gradient (from 327.34 to 1251.71 m). Specifically, there are three 0.36- 
ha plots in Las Cabras (CAB), three 0.36-ha plots in Radal Siete Tazas 
(RAD), two 1-ha plots in San Pablo de Tregua (SPT), two 0.6-ha plots in 
Alerce Costero National Park (ALE), two 1-ha plots in Correntoso (COR), 
two 1-ha plots in Trapananda National Reserve (TRA), and two 1-ha 
plots in Magallanes National Reserve (MAG) (Fig. 1A, B and Tables S1 
and S2). These plots largely represent temperate forests, but the CAB 
plots are also representative of drier and shrubby vegetation. Here, for 
simplicity we refer to all of them as “forests”. The field data collection 
was carried out between 10 February 2020 and 25 January 2022. To get 
a holistic view of community dynamics and acquire a comprehensive 
assessment of functional diversity and redundancy within temperate 
forests, we measured and calculated a diverse set of leaf and stem 
functional traits spanning four functional categories (Tables S3 and S6). 
These included: eight morphological traits: leaf fresh weight (FW, g), 
leaf dry weight (DW, g), leaf area (LA, cm2), specific leaf area (SLA, 
cm2⋅g− 1), leaf mass per area (LMA, g⋅cm− 2), leaf dry matter content 
(LDMC, mg⋅g− 1), trunk wood density (TWD, g⋅cm− 3), and branch wood 
density (BWD, g⋅cm− 3). SLA and LMA were derived from directly 
measured traits (i.e., LA and FW), although SLA and LMA are mathe
matically inverses, they offer different insights. SLA is commonly used in 
growth analyses due to its positive linear relationship with relative 
growth rate, whereas LMA is more intuitive when analysing structural 
investment in leaves (Poorter et al., 2009). Six nutrients (i.e., leaf 
chemical traits): calcium (Ca, %), potassium (K, %), magnesium (Mg, 
%), nitrogen (N, %), and phosphorus (P, %) content in leaves, and the 
ratio of leaf nitrogen content and leaf phosphorus content (N/P, unit
less). Five hydraulic traits: water potential at which 50 % and 88 % of 
hydraulic conductivity is lost (P50 and P88, MPa), minimum water 
potential (WPmd, MPa), and safety margin for P50 and P88 (SM50 and 
SM88, MPa). Five photosynthetic traits: temperature at the carbon 
compensation point (TmaxL, ◦C), temperature of optimum photosyn
thesis (Topt, ◦C), photosynthetic rate at optimum temperature (Aopt, 
µmol⋅CO2⋅m− 2⋅s− 1), breadth of the temperature optimum (TspanL, ◦C), 
and temperature at which the maximum quantum yield of the photo
system II declines to 50 % (T50, ◦C). Together, these traits offer insights 
into different aspects of plant function: physical structure, nutrient 

cycling and ecosystem productivity, water transport strategies, and the 
efficiency of energy capture and utilisation. Plant traits were collected 
for the most abundant species, so that we have a coverage of at least 80 
% of the plot’s basal area with trait values.

2.3. Plot level remote sensing: Multispectral images and laser scanning

We implemented drone missions to obtain high-resolution multi
spectral images (~5 cm pixel) using the MicaSense Altum multispectral 
camera across 11 plots. We also collected handheld LiDAR data using the 
ZEB1 3D handheld laser scanner from GeoSLAM across 14 plots. For the 
plots without drone multispectral or handheld LiDAR data due to 
environmental constraints, we obtained analysis-ready SuperDove 
multispectral (3 m, containing either five or eight bands, see Table S7) 
satellite images from PlanetLabs (https://www.planet.com/) and also 
extracted canopy height information from the global forest canopy 
height (GFCH) product (Potapov et al., 2021) (Table S8).

We processed the six-band MicaSense Altum-PT multispectral images 
using the Pix4Dmapper software (https://www.pix4d.com/product/ 
pix4dmapper-photogrammetry-software/), following the workflow 
outlined in the MicaSense Pix4D processing guide (https://support. 
micasense.com/hc/en-us/articles/115000831714-How-to-Process 
-MicaSense-Sensor-Data-in-Pix4D). The main steps included image 
radiometric correction and calibration (no correction for the long-wave 
infrared (LWIR) band because the thermal imager in Altum was already 
radiometrically calibrated) using reflectance panel and sunshine sensor 
data, and generation of reflectance maps for each spectral band. We then 
merged the reflectance maps into one multi-layer virtual raster (.vrt file) 
using the gdalbuildvrt programme of the Geospatial Data Abstraction 
Library (Rouault et al., 2024) in the command line for each plot. Finally, 
we loaded the.vrt file into the QGIS software and exported it as a raster (. 
tif file) for each plot. Note that we kept the blue, green, red, red edge, 
and near-infrared (NIR) bands due to their consistent presence in both 
drone images and SuperDove satellite images. Additionally, we calcu
lated four vegetation indices, the normalised difference vegetation index 
(NDVI) (Myneni et al., 1995), normalised difference red edge index 
(NDRE) (Gitelson and Merzlyak, 1994), soil-adjusted vegetation index 
(SAVI) (Huete, 1988), and modified soil-adjusted vegetation index 
(MSAVI) (Qi et al., 1994) to model the functional trait composition, 
diversity, and redundancy (Table S9). These indices were selected 
because they are sensitive to vegetation structure, canopy greenness, 
and photosynthetic activity, which are closely related to plant functional 
traits. NDVI and NDRE are widely used indicators of chlorophyll content 
and photosynthetic potential, making them relevant for modelling traits 
linked to productivity and leaf function (Aguirre-Gutiérrez et al., 2025; 
Helfenstein et al., 2022; Sun et al., 2024). SAVI and MSAVI adjust for soil 
background effects and are especially useful in areas with varying 
vegetation cover, which helps to better capture spatial heterogeneity 
relevant to functional trait distributions and biodiversity metrics 
(Aguirre-Gutiérrez et al., 2025; Hussain et al., 2020; Sun et al., 2024; 
Wang et al., 2016). For the LiDAR data, we generated canopy height 
from the LiDAR point cloud using the LAStools processing software (htt 
ps://rapidlasso.de/) or directly from the GFCH product. When using 
LAStools, we first removed outliers with the LASview tool. Ground 
points were classified with the LASground_new tool using hyperfine 
search criteria to accurately identify ground points. We then extracted 
canopy height for all returns above a 2-m threshold with the LASheight 
tool following default settings, thus separating canopy from understory 
vegetation, and we removed duplicate returns with the LASduplicate 
tool.

2.4. Environmental variables

We obtained variables related to climate, soil properties, topog
raphy, and hydrological stress. For climatic data, we collected three 
long-term monthly climatic variables and calculated their mean values 
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(1983 to 2022), namely temperature, vapour pressure deficit (VPD), and 
climatological water deficit (CWD), using the TerraClimate dataset 
(Abatzoglou et al., 2018) at a spatial resolution of ~ 4 km (https://www. 
climatologylab.org/terraclimate.html). Furthermore, we calculated the 
maximum climatological water deficit (MCWD), which is defined as the 
most negative value of CWD, to describe the accumulated water stress 
that occurs across a dry season (Malhi et al., 2009): 

CWD(n) = CWD(n− 1) +P(n) − E(n) (1) 

Max(CWD(n)) = 0 (2) 

CWD(0) = CWD(12) (3) 

MCWD = Min(CWD(0),CWD(1), ...,CWD(12)) (4) 

where n (n = 1, 2, …, 12) is the index of a month over a calendar year, 
and P and E are precipitation (mm/month) and evapotranspiration 
(mm/month). We set CWD(6) = 0 as June is normally the wettest month 
in Chile (Araya-Osses et al., 2020) and therefore assume the soil is 
saturated and applied this calculation to the mean annual cycle of pre
cipitation (Malhi et al., 2009). We also calculated the additive inverse of 
MCWD whereby positive MCWD values are an intuitive indication of 
increases in water stress.

We gathered soil data from the SoilGrids database (https://soilgrids. 
org/) at a spatial resolution of 250 m (Hengl et al., 2017). All soil var
iables were extracted for the top 30 cm layer and averaged across depth 
intervals (0–5  cm, 5–15  cm, and 15–30  cm) using depth-weighted 
means (Quick and Chadwick, 2011). The following five variables were 
summarised at the plot level: cation exchange capacity at pH 7 (CEC, in 
mmol(c)/kg), pH in water (pHH2O, pH × 10), soil organic carbon (SOC, 
in dg/kg), clay and sand content (both in g/kg). These variables capture 
key aspects of soil fertility and structure. Specifically, CEC reflects the 
soil’s ability to retain and exchange nutrients, directly influencing plant 
nutrient availability. pHH2O reveals soil acidity or alkalinity, which 
affects nutrient solubility and species tolerance. SOC represents the 
amount of organic matter, often linked to soil health and stress condi
tions. Finally, soil texture (clay and sand content) affects water-holding 
capacity, drainage, and root penetration, which are critical for plant 
growth and habitat suitability.

For topographic data, we obtained the digital elevation model from 
the shuttle radar topography mission (Farr et al., 2007) at 30 m (https 
://cmr.earthdata.nasa.gov/search/concepts/C1000000240-LPDAAC 
_ECS.html) and derived slope and aspect.

Lastly, using the ECOsystem Spaceborne Thermal Radiometer 
Experiment on Space Station (ECOSTRESS) (Fisher et al., 2020) we 
extracted evapotranspiration (ET), evaporative stress index (ESI), and 
water use efficiency (WUE) as indicators of hydrological stress. Specif
ically, we accessed 4383, 3917, and 4095 tiles for ET, ESI, and WUE, 
respectively, through AppEEARS at ~ 70 m spatial resolution (htt 
ps://appeears.earthdatacloud.nasa.gov/) from 01 November 2019 to 
31 January 2023.

2.5. Predicting community level traits and functional diversity and 
redundancy with satellite remote sensing

We used Sentinel-2 multispectral data (10 m) from the European 
Space Agency (Drusch et al., 2012) and the GFCH product (30 m) for 
predicting functional trait composition, diversity, and redundancy 
across forest areas in Chile. The Sentinel-2 mission comprises a 
constellation of two identical satellites, Sentinel-2A and Sentinel-2B, 
operating synergistically to capture imagery of the Earth’s surface. 
These satellites are equipped with a multispectral instrument, capturing 
data across 13 spectral bands, ranging from visible to infrared wave
lengths. This extensive spectral coverage allows for detailed analysis of 
vegetation health and land cover changes, making Sentinel-2 images 

invaluable for applications in ecology, forestry, and climate studies.
Specifically, we used the COPERNICUS/S2_SR_HARMONIZED 

collection available through Google Earth Engine (https://earthengine. 
google.com/) cloud computing platform (Gorelick et al., 2017), which 
provides atmospherically corrected and harmonised Level-2A surface 
reflectance data. As part of additional pre-processing, we masked cloud 
and cirrus pixels using the QA60 band (bits 10 and 11), and rescaled 
reflectance values to a 0–1 range by dividing by 10000. A median 
composite was generated from cloud-free images between 10 February 
2020 and 25 January 2022 and clipped to the study area for analysis.

2.6. Identification of trait-trait correlations

We tested correlations between all functional traits (Fig. S1) and 
proposed the mean absolute within-category correlation index (MACI) 
that is defined as follows to identify key functional traits: 

MACI =
∑M

m=1
∑M

n=1

⃒
⃒Cm,n

⃒
⃒

M
(5) 

where M is the total number of different functional traits in the same 
category (i.e., morphological, nutrient, hydraulic, and photosynthetic 
traits), and in an M × M correlation matrix, m and n indicate the ordinal 
numbers of traits, where Cm,n stands for the correlation value between 
the mth and the nth functional traits within the same trait category.

By setting the threshold as 0.9, functional traits whose MACI values 
were greater than 0.9 were excluded as they were highly correlated with 
other traits in the same category. We selected: 1) morphological (Mor) 
traits: FW, DW, LA, SLA, and TWD; 2) leaf nutrients (Nutr): N, P, Ca, and 
Mg content in leaves; 3) hydraulic (Hydr) traits: P50, P88, and WPmd, 
and 4) photosynthetic (Pho) traits: TmaxL, Topt, TspanL, and T50.

2.7. Calculating functional trait composition

We calculated the community weighted mean (CWM) and variance 
(CWV) of every functional trait using the individual’s basal area as the 
weighting factor. Specifically, CWM and CWV are defined as follows: 

CWM =

∑N
i=1BAi × ti
∑N

i=1BAi
(6) 

CWV =

∑N
i=1BAi × (ti − CWM)

2

∑N
i=1BAi

(7) 

where N is the total number of tree individuals in a community (i.e., a 
single plot), and BAi and ti denote the basal area and trait value of the ith 
individual, respectively.

2.8. Calculating functional diversity and redundancy

We calculated functional dispersion as a measure of functional di
versity. Functional dispersion (FDis) (Laliberté and Legendre, 2010) is 
defined as the mean distance in multidimensional trait space of indi
vidual species to the centroid of all species. FDis quantifies the effective 
number of functionally distinct species for a given level of species 
dispersion and measures the spread and variability of species within the 
trait space. We calculated FDis across the four functional trait categories 
(morphology, nutrients, hydraulics, and photosynthesis) using the 
“dbFD” function of the R “FD” package (Laliberté et al., 2014): 

FDis =
∑N

i=1BAi × zi
∑N

i=1BAi
(8) 

where BAi is the basal area of species i in a plot, and zi stands for the 
distance of species i in a plot to the weighted centroid of the N individual 
species in the trait space.

In addition, functional redundancy (FRed) measures the extent to 
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which species within a community share similar functional roles and 
helps infer the resilience and stability of ecosystems by indicating 
whether there are backup species that can compensate for the loss of 
others in terms of functional roles (Ricotta et al., 2016). To calculate 
FRed across the four functional trait categories, we employed the 
“uniqueness” function of the R “adiv” package (Pavoine, 2020). Spe
cifically, in a community composed of N species: 

FUni =
∑N

i=1pi ×
∑N

j=1pjδij
∑N

j=1pj(1 − pi)
(9) 

FRed=1-FUni                                                                              (10)

where FUni is functional uniqueness that refers to the distinctiveness 
of species with similar traits measured at community level. pi (where 0 
< pi ≤ 1 and 

∑N
i=1pi = 1) represents the relative abundance of species i, 

and δij denotes the pairwise functional dissimilarity between species i 
and j, where δij = δji and δii = 0.

2.9. Predicting functional trait composition, diversity, and redundancy at 
plot level

We modelled CWM, CWV, functional diversity, and redundancy as a 
function of climate, soil, topography and the remote sensing data 
described above. For all remote sensing predictors, we calculated their 
mean and variance at the plot level. The data were then divided into 
seven categories: 1) spectral bands: blue, green, red, NIR, and red edge, 
2) vegetation indices: NDVI, NDRE, SAVI, and MSAVI, 3) LiDAR, 4) 
climate: temperature, VPD, and MCWD, 5) hydrological stress: ET, ESI, 
and WUE, 6) topography: slope and aspect, and 7) soil: CEC, clay, sand, 
pHH2O, and SOC. To simplify the model and avoid overfitting, we also 
tested the correlation between all variable’s mean values (Fig. S2) and 
applied the MACI to each of them, dropping those whose MACI values 
were greater than 0.9. Eventually, mean and variance values of red, red 
edge, NIR, NDVI, NDRE, SAVI, MSAVI, height, MCWD, temperature, ET, 
ESI, WUE, slope, aspect, CEC, clay, sand, pHH2O, and SOC were 
selected.

We then used machine learning (Random forests regression 
(Breiman, 2001)) to model the CWM, CWV, functional diversity and 
redundancy as a function of the above-mentioned variables. To optimise 
the two key parameters of the Random forests regression, namely the 
number of trees and the number of variables randomly selected at each 
split, we tested different combinations. The number of trees ranged from 
5 to 100 with a step of 5, and the number of variables ranged from 1 (the 
minimum number of input bands) to 20 (the maximum number of input 
bands). To evaluate model performance, we split the dataset into 70 % 
for training and the remaining 30 % for testing. We then calculated the 
mean absolute error (MAE), root mean square error (RMSE), and coef
ficient of determination (R2) to comprehensively evaluate the perfor
mance of all models. We also evaluated our models based on a leave-one- 
out cross-validation approach using the “caret” package in R (Kuhn, 
2008). The optimal model is determined as the one with minimum 
RMSE value.

2.10. Key drivers of functional trait composition, diversity, and 
redundancy

To uncover key drivers of functional trait composition, diversity, and 
redundancy, we tested the importance of each input variable (VarImp) 
from the models created above. VarImp was calculated using the 
decrease in node impurities (i.e., the mean reduction in residual sum of 
squares), as implemented in the varImp function of the R “caret” pack
age (Kuhn, 2008). We also calculated mean VarImp scores of each of the 
seven groups of input data to explore how different variables contribute 
to mapping functional traits and assessing FDis and FRed, after nor
malising the individual variable importance scores to express their 

relative contribution.

2.11. Scaling up from plots to the full study area

We identified forest sites across the study area by generating a forest 
mask using the “tree cover” class from the 10-m WorldCover v200 land 
use and land cover product (https://worldcover2021.esa.int/) (Zanaga 
et al., 2022). Then, we collated Sentinel-2 multispectral images from 
2019 to 2023 and conducted pre-processing and applied all the optimal 
parameters gained from above to the Random forests regression via the 
Google Earth Engine (https://earthengine.google.com/) cloud 
computing platform (Gorelick et al., 2017) to predict functional trait 
composition, diversity, and redundancy (Fig. 1C).

3. Results

3.1. Spatial distribution of functional trait composition, diversity, and 
redundancy

We obtained spatial predictions of the trait community weighted 
mean (CWM) and variance (CWV) for each functional trait (Fig. 2, all 
trait maps see Figs. S3 to S10), as well as functional diversity (FDis) and 
redundancy (FRed) across the study area within forested regions. A 
bivariate map showing the joint distribution of FDis and FRed was 
presented in Fig. 3 (separate maps were provided in Figs. S11 and S12). 
Our models for CWM had an average R2 = 0.61, while for CWV they had 
an average R2 of 0.44 (Tables S10 to S13). The average R2 for assessing 
the FDis and FRed were 0.48 and 0.52, respectively (Table S14).

For functional traits, there is a noticeable pattern in the latitudinal 
distribution between approximately 35◦S and 42◦S, where CWM and 
CWV values for almost all functional traits are relatively low compared 
to neighbouring regions. We also found distinct spatial distribution 
patterns of FDis and FRed across the gradient explored. Notably, we 
observed a latitudinal gradient wherein both FDis and FRed are high 
within a narrow band, primarily between latitudes 35◦S and 42◦S. 
Within this range, FDis exhibits a range from 0.86 to 2.06 with a mean 
value of 1.13 (mean values of 1.22, 1.21, 0.83, and 1.27 for FDisMor, 
FDisNutr, FDisHydr, and FDisPho, respectively, Fig. S11). Similarly, FRed 
ranges from 0.31 to 0.63 with a mean of 0.46 (mean values of 0.44, 0.46, 
0.48, and 0.46 for FRedMor, FRedNutr, FRedHydr, and FRedPho, respec
tively, Fig. S12). There is a divergence in the dominance of the different 
metrics. Specifically, FDis is higher, with the mean value peaking at 1.29 
(mean values of 1.53, 1.13, 1.30, and 1.21 for FDisMor, FDisNutr, FDisHydr, 
and FDisPho, respectively, Fig. S11) between latitudes 30◦S and 35◦S. In 
contrast, within the latitudinal range of 42◦S to 48◦S, FRed dominates 
across the four trait groups with the mean value reaching 0.54 (mean 
values of 0.56, 0.52, 0.54, and 0.52 for FRedMor, FRedNutr, FRedHydr, and 
FRedPho, respectively, Fig. S12). Finally, both FDis and FRed are low 
between 48◦S to 53◦S, with mean FDis being 0.71 (mean values of 0.65, 
0.81, 0.66, and 0.71 for FDisMor, FDisNutr, FDisHydr, and FDisPho, 
respectively, Fig. S11) and mean FRed being 0.23 (mean values of 0.24, 
0.23, 0.20, and 0.24 for FRedMor, FRedNutr, FRedHydr, and FRedPho, 
respectively, Fig. S12).

3.2. Drivers of functional trait composition, diversity, and redundancy 
across the latitudinal gradient

Based on variable importance (VarImp) analysis for CWM (Fig. 4 and 
Figs. S13 to S16), the top-ranking variable for predicting CWMMor and 
CWMNutr is hydrological stress (mean VarImp = 31.99 for CWMMor and 
mean VarImp = 36.22 for CWMNutr), while soil properties contribute the 
most in predicting CWMHydr (mean VarImp = 23.32) and CWMPho 
(mean VarImp = 36). Climate follows closely after hydrological stress 
and soil properties for predicting CWMNutr (mean VarImp = 21.74) and 
CWMHydr (mean VarImp = 19.20). For CWV (Fig. 4 and Figs. S13 to 
S16), soil properties are identified as the most important variable in the 
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case of morphology, nutrients, and hydraulics (mean VarImp = 41.60, 
24.97, and 33.99 for CWVMor, CWVNutr, and CWVHydr, respectively). 
Notably, topography ranks first in predicting CWVPho (mean VarImp =
23.67), and it is also the second most important predictor for CWVMor 
(mean VarImp = 28.65) and CWVNutr (mean VarImp = 21.23).

Hydrological stress and soil properties emerge as the predominant 
drivers of FDis and FRed (Fig. 5) across all trait groups, with notable 
mean VarImp of 27.97 and 21.28 for FDis, and 28.13 and 22.88 for 
FRed, respectively. Moreover, hydrological stress is the only type of 
variable whose importance scores were consistently high for driving 
both FDis and FRed in all trait groups, while plant canopy height 
contributed little to predicting FRed of morphology, nutrients, and 
photosynthesis.

Soil properties (VarImp = 30.81 for FDis) and climate (VarImp =
36.27 for FRed) emerge as the primary drivers in terms of morphology. 
For leaf nutrients, the importance of hydrological stress (VarImp =
33.29 for FDis and VarImp = 48.76 for FRed) and soil properties (Var
Imp = 25.15 for FDis and VarImp = 21.58 for FRed) is prominent. When 
considering hydraulic traits, hydrological stress (VarImp = 43.60) and 
soil properties (VarImp = 33.75) are found as the most important drivers 
of FDis and FRed, respectively. Lastly, photosynthetic FDis and FRed are 
notably driven by hydrological stress (VarImp = 21.50 for FDis and 
VarImp = 27.84 for FRed) and soil properties (VarImp = 20.15 for FDis 
and VarImp = 26.87 for FRed). Additionally, climate also demonstrates 
high importance in driving FDis (VarImp = 17.32) and FRed (VarImp =
21.48) of photosynthesis as it ranks third closely to soil properties for 
both metrics.

4. Discussion

4.1. Inferring plant functional trait composition, diversity, and 
redundancy using remote sensing approaches

The integration of plot-level in-situ plant functional traits with 
remotely sensed data acquired across multiple spatial scales and plat
forms provided not only a comprehensive understanding of trait distri
butions and variances, but also holistic insights into functional diversity 

and redundancy (inferred by FDis and FRed in this study). Using mul
tispectral drone imagery and handheld LiDAR scans acquired at the plot- 
level, we obtained detailed spectral and structural information of forest 
functional composition at fine scales. Then, we used the satellite data to 
upscale our results to the extent of the full study area. In doing so, we 
demonstrate the potential to scale up plot-level ecological understand
ing with high accuracy across large latitudinal and environmental 
extents.

The ability to scale up from plot-level data to large spatial extents 
with remote sensing allows us to generate maps that predict the spatial 
distribution and variation of plant functional trait composition, di
versity, and redundancy across vast areas. By combining multispectral 
and LiDAR data with in-situ measurements, remote sensing proves to be 
a high-resolution and cost-effective means to monitor and predict the 
distribution and variability of trait composition, diversity, and redun
dancy with optimal predictive accuracies (Objective 1). These spatially 
explicit predictions further allowed us to evaluate how functional trait 
composition, diversity, and redundancy vary across broad latitudinal 
and environmental gradients (Objective 2), and to identify the most 
important environmental drivers shaping their distribution and varia
tion across the landscape (Objective 3). Together, these outcomes 
highlight the potential of integrating field-based trait data and multi- 
source remote sensing to advance landscape-scale assessments of 
biodiversity and forest function. These predictions are crucial for 
assessing how climate change, extreme weather events, and other 
environmental stressors may affect forest resilience (Helfenstein et al., 
2022), and are therefore not only vital for conservation and forest 
management strategies but also for developing responses to mitigate the 
impacts of environmental change.

4.2. Variation of plant functional traits across latitudinal and 
environmental gradients

The intermediate region of the study area includes the 
Mediterranean-Temperate transition zone (35.5◦-39.5◦S), as well as a 
rainy, temperate climate zone south of 40◦S (up to 48◦S), characterised 
by a temperate climate with dry summers and warm temperatures 

Fig. 2. Geographic distribution (CWM) and variation (CWV) maps of SLA and leaf nitrogen (N) content. Distribution and variation maps of all traits are included in 
Figs. S3 to S10.

X. Deng et al.                                                                                                                                                                                                                                    International Journal of Applied Earth Observation and Geoinformation 142 (2025) 104704 

7 



(Sarricolea et al., 2017). Despite the overall favourable climatic condi
tions, including cold to moderate temperatures and sufficient moisture 
(Cavieres et al., 2007), the reduced trait variability within plant com
munities suggests a regime characterised by ecological homogenisation 
(Gámez-Virués et al., 2015). Forests in this area are characteristic of the 
temperate type with mostly evergreen species (Pérez et al., 2003). The 
dominance of species with similar functional traits in this area may be 
attributed to the convergence of environmental factors, such as soil 
properties (Grime, 2006) and topographic features (Schmitt et al., 
2020), which limits the dominance of more diverse functional strategies 
among plant species. Furthermore, more moderate temperatures, 
compared to the north and south of this area, and the absence of a 
pronounced dry season, especially toward the south, may contribute to 
the stabilisation of plant communities (Isbell et al., 2015) and the 
reduction in trait variability (Dell et al., 2011) by minimising the in
fluence of seasonal water availability on species composition and 
functional trait distributions.

In the central portion of the study area (spanning from approxi
mately 30◦S to 35◦S), several functional traits, i.e., FW, DW, TWD, P50, 
and P88, consistently exhibited both high CWM and CWV values, likely 
driven by the Mediterranean climatic conditions of this region 
(Garreaud et al., 2020). Considering that this pattern mainly appears in 
morphological and hydraulic traits that are paramount for species sur
vival and reproduction in Mediterranean climates with prolonged 

drought, high temperatures, and winter rainfall, high CWM indicates 
prevalent trait values optimised for these climatic conditions 
(Bruelheide et al., 2018). Small, thick leaves and deep root systems, 
which enhance water retention and uptake efficiency, are characteristic 
of this type of climate (Wasson et al., 2012). Concurrently, high trait 
variance suggests species’ abilities to fine-tune these traits to specific 
microhabitats (Denelle et al., 2019) or respond to localised variations in 
resource availability (Candeias and Fraterrigo, 2020), contributing to 
the community’s ecological diversity and resilience within the Medi
terranean ecosystems.

Conversely, in the southern portion of the study area, the observed 
increase in both CWM and CWV values for most traits reflects a shift in 
ecological dynamics within a cold oceanic (temperate/subpolar) climate 
regime, spanning from approximately 42◦S to 53◦S. This higher trait 
variability suggests an ecological setting characterised by colder tem
peratures and maritime influences (Vilà-Cabrera et al., 2015). The 
dominance of traits with higher CWM values indicates a commonness of 
functional strategies adapted to the colder environmental conditions 
(Bjorkman et al., 2018) typical of this southernmost region. Traits 
related to temperature responses, such as TmaxL and Topt, exhibited 
notably higher CWM values, indicating the persistence of certain func
tional strategies adapted to the cooler temperatures (Laughlin et al., 
2018). Additionally, the dominance of cold-adapted species and the 
presence of diverse ecological niches shaped by maritime influences 

Fig. 3. Bivariate maps of FDis and FRed for morphologic, nutrient, hydraulic, and photosynthetic traits within Chilean temperate forest ecosystems. In the legend 
located in the bottom right, the horizontal axis represents the range of FDis values, while the vertical axis similarly represents the range of FRed values. The colour 
gradient shows the joint distribution of FDis and FRed, where grey indicates low values of both variables, turquoise indicates high FDis and low FRed, magenta 
represents high FRed and low FDis, and navy indicates high values of both variables. Individual maps of FDis and FRed are shown in Figs. S11 and S12. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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contribute to the higher trait variability observed in the southern region.

4.3. Understanding plant functional diversity and redundancy across 
temperate forests

Functional diversity and redundancy complement each other in 
capturing different aspects of community structure and functioning. 
High diversity with low redundancy may indicate a community with 
diverse strategies, while low diversity coupled with high redundancy 
may suggest a more functionally homogeneous community (Mouchet 
et al., 2010).

As expected, we reveal a combination of both high FDis and FRed 
emerging from dense tree cover and high species diversity in the inter
mediate region of the study area, spanning between latitudes ~ 35◦S 
and ~ 42◦S. This region is a biodiversity hotspot (Echeverría et al., 2006; 
Myers et al., 2000), where favourable climatic conditions and varied 
habitats facilitate the coexistence of a diverse array of plant species with 
distinct functional traits (Kraft et al., 2015). In light of the transition 
from the Mediterranean climate in the north to the more temperate rainy 
climate in the south, the observed high FDis signifies the presence of a 
wide range of functional strategies among plant communities, while the 
concurrent high FRed suggests a robustness in ecosystem functioning 
and resilience to ongoing environmental changes and human distur
bances (Oliver et al., 2015). This balance between FDis and FRed sug
gests a high-resilience system, well-adjusted to a mild climate with 
ample moisture (Correia et al., 2018). However, considering this re
gion’s status as a highly threatened area in which forests have experi
enced extensive conversion to exotic forest plantations (Braun et al., 
2017; Miranda et al., 2017), the high FDis and FRed emphasises the 

importance of preserving ecological integrity. With reduced trait vari
ability and increased environmental homogenization in this transitional 
zone, conservation efforts could target restoration, habitat connectivity 
enhancement, and community engagement to mitigate degradation.

The high FDis observed across ~ 30◦S and ~ 35◦S, characterised by 
Mediterranean climate with long dry and hot summers, demonstrates 
the remarkable adaptation of the regional flora to the harsh environ
mental conditions. The observed extensive variability in plant functional 
traits reflects the diverse strategies adopted by species to thrive in water- 
limited environments (Ruiz-Benito et al., 2017). Such adaptations likely 
contribute to the high taxonomic diversity observed in this region, as 
plant species have evolved specialised traits, i.e., SLA and P50 (Costa- 
Saura et al., 2016), to optimise resource acquisition and utilisation and 
constrain plant gas exchange under drought conditions (Vilagrosa et al., 
2014). Our findings highlight the ecological significance of Mediterra
nean ecosystems as hotspots of biodiversity and contribute to the overall 
resilience of the continent’s flora.

In addition, our findings carry implications for understanding 
ecological dynamics and biodiversity conservation across the continent. 
These implications are particularly relevant in light of recent environ
mental disturbances. For example, extreme fire weather, referring to a 
combination of high temperature, low humidity, and strong winds that 
promote the occurrence and intensity of wildfires, was observed in 
connection with climate change and El Niño in 2017 (De la Barrera et al., 
2018) and 2023 (Bowman et al., 2019; Cordero et al., 2024). The region 
has also experienced climate-induced large-scale forest browning driven 
by the exceptionally severe megadrought since 2010 (Miranda et al., 
2023). The identification of regions with high FDis highlights the critical 
role of functional diversity in shaping ecosystem resilience in the face of 

Fig. 4. Mean variable importance of input data groups for predicting community-weighted mean (CWM) and community-weighted variance (CWV) of the four 
categories of functional traits. In each of the polar stacked bar charts, the seven input data types were assigned to specific spokes, along which stacked bars were 
drawn. The height of each segment within the stacked bar corresponded to the importance of the variable it represented. Different colours were used to distinguish 
between CWM and CWV. Numbers alongside the grey radial axis denote scale values reflecting normalised importance scores, with the maximum scale adjusted to 
the highest observed group mean importance score.
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environmental stressors. These regions, which are already challenged by 
arid conditions, are further susceptible to the exacerbating effects of 
climate oscillations. Across the region spanning from approximately 
42◦S to 48◦S, our results reveal a distinctive ecological setting charac
terised by high FRed and low FDis, Subantarctic climate, low tempera
tures and limited species diversity. This region stands out in stark 
contrast to its northern counterparts, with its harsher climatic conditions 
contributing to a landscape dominated by few plant species. The 
observed high FRed and low FDis suggest a prevalence of similar func
tional traits among coexisting species (Cadotte et al., 2011), indicating 
convergent adaptation to the harsh environmental conditions, particu
larly in the latitudes up to approximately 48◦S. While this functional 
similarity allows species to persist under current climates, it also implies 
that many species occupy similar ecological niches, which increases 
ecosystem vulnerability to climatic disturbances (Mouillot et al., 2013). 
If climate change disrupts these niches, it could lead to the simultaneous 
loss of multiple species that perform overlapping functions, thereby 
threatening ecosystem functioning. Maintaining current functional 
biodiversity and improving landscape connectivity should be priorities 
in conservation to strengthen ecosystem stability and resilience. Be
tween ~ 48◦S and ~ 53◦S, both FDis and FRed decrease sharply, largely 
due to naturally low species richness in the high-latitude, cold-adapted 
forests (e.g., one dominant tree species in TRA forest, two in MAG for
est), further exacerbating their susceptibility to environmental change. 
Therefore, these ecosystems, though low in diversity, are ecologically 
significant as refugia for cold-adapted species and as reservoirs of 
unique genetic resources (Morelli et al., 2020), making their conserva
tion under climate change especially critical. The combination of harsh 
environmental conditions and limited number of species makes it 

particularly susceptible to climatic shifts and extreme events (Forzieri 
et al., 2021), pest and disease outbreaks (Estay et al., 2019) and invasive 
species. Conservation efforts should focus on protecting intact habitats 
and minimising further disturbances. Our findings highlight the 
importance of considering functional diversity and redundancy metrics 
alongside traditional metrics of species richness and abundance in 
conservation planning, particularly in regions prone to climate 
extremes.

4.4. Study limitations and future directions

While our study benefits from a broad latitudinal and environmental 
gradient, we acknowledge that the relatively low number of field plots 
presents a limitation. The significant relationships observed are likely 
driven by the substantial ecological variation across the study area, 
encompassing Mediterranean to cold-temperate climate zones and 
diverse forest types. Nonetheless, increasing the number of plots, espe
cially in underrepresented areas such as shrublands or transitional forest 
zones, could improve the resolution and generality of the derived re
lationships, and may help capture additional patterns and interactions 
between functional traits and environmental drivers that may not be 
fully represented with the current sample size. Future studies would 
benefit from integrating additional sampling efforts, possibly through 
coordinated long-term ecological networks, to improve the spatial 
representativeness and robustness of model predictions.

In addition, we used a random 70/30 training–testing split and leave- 
one-out cross-validation within the training set to evaluate model per
formance. These approaches are commonly applied in trait prediction 
and remote sensing studies where field data are limited and sampling is 

Fig. 5. Mean variable importance of input data groups for predicting functional diversity (FDis) and redundancy (FRed) of the four categories of functional traits. In 
each of the polar stacked bar charts, the seven input data types were assigned to specific spokes, along which stacked bars were drawn. The height of each segment 
within the stacked bar corresponded to the importance of the variable it represented. Different colours were used to distinguish between FDis and FRed. Numbers 
alongside the grey radial axis denote scale values reflecting normalised importance scores, with the maximum scale adjusted to the highest observed group mean 
importance score.
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systematic or random (Camino et al., 2018; Wang et al., 2019; Zhang 
et al., 2022). While these methods can still be affected by spatial auto
correlation, recent findings suggest that they remain robust under 
certain conditions (Mushagalusa et al., 2024). We acknowledge, how
ever, that spatial structure remains an important consideration in 
ecological modelling and have therefore highlighted this issue as a 
limitation in our study. Future work may benefit from incorporating 
spatial cross-validation strategies to further improve predictive robust
ness (Roberts et al., 2017).

5. Conclusion

The large latitudinal gradient we studied serves as an invaluable 
setting to explore trait-environment relationships and key factors that 
drive functional trait composition, diversity, and redundancy of tree 
communities. Our approach provides an opportunity for mapping plant 
functional traits and assessing plant functional diversity and redundancy 
at broad scales. We identify a transitional zone, the intermediate lat
itudinal range between approximately 35◦S and 42◦S, which may 
represent a critical threshold where forests with higher resilience to 
climate change in this region may be found. This is due to the combi
nation of high trait functional diversity and redundancy. The co- 
occurrence of diverse functional traits and redundant functional 
groups suggests an ecosystem that possesses both the capacity to adapt 
to changing conditions and the resilience to withstand disturbances. In 
the northern region (approximately 30◦S to 35◦S), high functional di
versity but low functional redundancy suggests adaptability to envi
ronmental changes but potential vulnerability to species loss. 
Conservation strategies should prioritise maintaining the local flora to 
ensure both high functional diversity and redundancy, thereby 
enhancing the stability of ecosystem functions. Conversely, in the 
southern region (between approximately 42◦S to 48◦S), forests exhibit 
high functional redundancy but low functional diversity, indicating 
adaptation to harsh Subantarctic conditions. However, the concentra
tion of species with similar traits may increase vulnerability to climate 
change, as multiple species could be affected by the same disturbance. 
Conservation efforts should prioritise maintaining existing functional 
biodiversity and promoting landscape connectivity to support ecosystem 
stability and forest resilience. From approximately 48◦S to 53◦S, both 
functional diversity and redundancy are low, due to extremely low 
species richness in high-latitude forests. These ecosystems are especially 
vulnerable to change but remain critical as refugia for cold-adapted 
species and reservoirs of unique genetic diversity. Conservation should 
focus on protecting intact habitats and minimising additional 
disturbance.
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González-Reyes, Á., Rocco, R., De la Barrera, F., Williamson, G.J., 2019. 
Human–environmental drivers and impacts of the globally extreme 2017 chilean 
fires. Ambio 48, 350–362.

Braun, A.C., Troeger, D., Garcia, R., Aguayo, M., Barra, R., Vogt, J., 2017. Assessing the 
impact of plantation forestry on plant biodiversity: a comparison of sites in Central 
Chile and chilean Patagonia. Glob. Ecol. Conserv. 10, 159–172.

Breiman, L., 2001. Random forests. Mach. Learn. 45, 5–32.
Bruelheide, H., Dengler, J., Purschke, O., Lenoir, J., Jiménez-Alfaro, B., Hennekens, S.M., 
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