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Abstract 

Forests play a critical role in regulating climate, cycling nutrients, and providing habitat for a 

large proportion of global biodiversity. In addition, they contribute essential ecosystem 

services, such as carbon sequestration, water regulation, and the provision of resources for 

human livelihoods. Understanding the biodiversity of forest ecosystems is key to assessing 

their capacity to maintain these functions, especially as biodiversity strongly influences 

ecosystem resilience and productivity. 

However, these vital forest ecosystems face severe threats from anthropogenic 

activities, including deforestation, land-use change, and climate change. These pressures have 

intensified the frequency of extreme weather events, such as droughts and heatwaves. Such 

disturbances pose a significant risk to the long-term stability and resilience of forest ecosystems, 

challenging their ability to provide these functions and services. 

Functional trait ecology offers a powerful framework for understanding how forests 

respond to these pressures. Plant functional traits include morphological, physiological, and 

phenological characteristics that govern growth, survival, and reproduction, they determine 

species’ responses to stress and influence key ecosystem processes such as productivity, 

nutrient cycling, and recovery after disturbance. By focusing on the composition, diversity, and 

redundancy of these traits, this thesis moves beyond species-level assessments to explore the 

mechanisms underpinning forest resilience and to inform more effective conservation and 

management strategies in the context of global change. However, measuring these traits in the 

field is time-consuming, labour-intensive, and spatially limited, which hinders our ability to 

assess ecosystem properties at landscape to global scales. 

This limitation can be overcome by integrating in-situ trait data with advanced remote 

sensing technologies to investigate how functional trait composition, diversity, and redundancy 

affect the resilience of tropical and temperate forests, as well as to explore their spatial 

distribution and patterns of variation across geographical and environmental gradients. Remote 

sensing is increasingly central to ecological research, and it enables trait estimation and 

ecosystem monitoring over large spatial scales with high temporal resolution. This thesis 

leverages multi-source remotely sensed data including passive imagery and active data from 

multi-scale platforms such as close-range devices, drones, and satellites. By combining these 

data with environmental variables and employing machine learning and deep learning 

algorithms, this research explores spatial patterns of forest functional composition, diversity, 
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and redundancy, and evaluates their ecological significance across a range of biomes. The work 

is organised into three interconnected studies. 

The first study (Chapter 4) develops and validates methods for mapping and predicting 

15 functional traits at a pan-tropical scale. It demonstrates how combining multi-source 

remotely sensed data with machine learning and deep learning algorithms can improve 

predictions of these traits across tropical forests and identifies key predictors for trait prediction 

and assesses their relative contributions across different trait groups, which establishes a robust 

methodology for the subsequent analyses. 

The second study (Chapter 5) focuses on temperate forests across a large latitudinal 

and environmental gradient from 30°S to 53°S in South America. It maps functional trait 

composition, diversity, and redundancy, identifies key environmental drivers, and highlights 

potential “resilience hotspots” where high functional diversity and redundancy co-occur, 

suggesting a greater capacity to withstand environmental pressures. 

The third study (Chapter 6) examines the role of plant functional trait diversity and 

redundancy in modulating forest carbon resilience to extreme drought events in Mexico. Using 

long-term forest inventory data from 2007 to 2021, this study assesses how initial levels of 

functional diversity and redundancy affect forest responses to prolonged and severe drought. 

The trait-based perspective provides new insights into the mechanisms that support ecosystem 

stability during climatic extremes. 

Together, these three studies contribute to a deeper understanding of how functional 

traits mediate the structure, function, and resilience of forest ecosystems across different 

biomes and environmental contexts. By combining trait-based ecology with advanced remote 

sensing and computational approaches, this thesis advances both theoretical and applied 

dimensions of ecological research. It offers scalable tools and empirical evidence to support 

biodiversity conservation, ecosystem monitoring, and climate adaptation planning in a rapidly 

changing world. 
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Chapter 1 Introduction 

1.1. Background 

Forests, particularly tropical and temperate ecosystems, are among the most biodiverse and 

productive ecosystems on Earth (Cooper et al., 2024; Malhi et al., 2011). Together, they cover 

nearly 2.48 billion hectares or ~61% of total forest area (~19% of the planet’s land area) 

(Global Forest Resources Assessment 2020, 2020) but contribute more than 60% of global 

terrestrial productivity and harbour over half of global biodiversity (Malhi et al., 2021; Pillay 

et al., 2022). Beyond their ecological functions, forests also provide a wide range of ecosystem 

services critical for global ecological stability and human well-being (Brockerhoff et al., 2017; 

Pan et al., 2011). These services include carbon sequestration (Brockerhoff et al., 2017; Oliver 

et al., 2015), water regulation (Seidl et al., 2019), nutrient cycling (Negi, 2022), and the 

provision of resources for human livelihoods (Langat et al., 2016; Oldekop et al., 2020). The 

diversity of plant species in these forests underpins the resilience of the ecosystem (Oliver et 

al., 2015) and enhances its capacity to adapt to and recover from disturbances such as climate 

change (Forzieri et al., 2022), extreme weather events (D’Andrea et al., 2021), and 

anthropogenic pressures (Forzieri et al., 2022; Guz & and Kulakowski, 2020). By supporting 

a wide range of functional traits among their species, tropical and temperate forests provide 

ecological “insurance” against changing conditions, making them invaluable for understanding 

biodiversity and ecosystem resilience (Bello et al., 2021; Gladstone-Gallagher et al., 2019; 

Oliver et al., 2015; Tilman et al., 2014). 

 

1.1.1. Trait-based ecology: A functional perspective 

The study of plant functional traits, often termed trait-based ecology, has emerged as a central 

framework for understanding the mechanisms governing plant community assembly, 

ecosystem functioning, and responses to environmental change (Lavorel & Garnier, 2002; 

McGill et al., 2006; Violle et al., 2007). Violle et al. (2007) defined a trait as “any 

morphological, physiological or phenological feature measurable at the individual level, from 

the cell to the whole organism”, and emphasised that for a trait to be considered truly functional, 

it must “impact fitness (of an individual) indirectly via its effects on growth, reproduction and 

survival”. Thus, in essence, functional traits can be summarised as the morpho-physio-

phenological characteristics of organisms that influence their performance (growth, survival, 

reproduction) and, consequently, their fitness (Violle et al., 2007). These functional traits 



 24 

reflect fundamental trade-offs in resource acquisition, utilisation, and conservation strategies 

evolved by plants in response to abiotic and biotic pressures (Sterck et al., 2011). Furthermore, 

from the perspective of functional ecology, they are pivotal as they mechanistically underpin 

both species’ contributions to ecosystem properties and services, and their tolerance of 

environmental stressors and disturbances (Díaz et al., 2013; Suding et al., 2008). 

Unlike species-based approaches, which focus on the identity of the organism and 

abundance of species (Gagic et al., 2015; Zakharova et al., 2019), trait-based approaches 

analyse species’ functional roles and how these influence ecological processes (Laughlin, 

2014). This framework is particularly valuable in diverse and complex systems like tropical 

and temperate forests, where the vast number of species and complicated interactions make it 

challenging to predict ecosystem dynamics using traditional species-level studies alone 

(Swenson & Rubio, 2025; Zakharova et al., 2019). 

Plant functional traits relevant to forest ecosystems can be broadly grouped into 

morphological, leaf nutrient and related physiological, and phenological categories. 

Morphological traits refer to physical structures that influence plant form and resource 

acquisition strategies (Freschet et al., 2018; Hanley et al., 2007). Leaf nutrients and related 

physiological traits encompass both the chemical composition of leaf tissues, such as 

concentrations of nitrogen, phosphorus, and potassium, and associated traits like 

photosynthetic traits (e.g., photosynthetic rates) and hydraulic traits (e.g., water potential and 

hydraulic conductivity), which are linked to carbon assimilation and drought tolerance (Domec 

et al., 2017; Gessler et al., 2017; Guadarrama-Escobar et al., 2024). Although the broader 

category of physiological traits includes multiple dimensions, this thesis primarily focuses on 

leaf nutrients, which are assessed in all three studies (Chapters 4, 5, and 6), photosynthetic 

traits are included in Chapters 4 and 5, and hydraulic traits are examined specifically in 

Chapter 5. Finally, phenological traits capture the seasonal timing of key life cycle events 

(Post et al., 2008), including timing of leaf emergence, leaf lifespan, and time of flowering and 

fruit development. 

To scale from individual plants to entire ecosystems, these traits are commonly 

characterised using community-level metrics that describe the functional structure of the 

community. The community-weighted mean (CWM) of a trait reflects the dominant functional 

strategy within a community (Bruelheide et al., 2018; Enquist et al., 2015; Muscarella & 

Uriarte, 2016). Complementing this, metrics of functional diversity (FD), such as functional 

dispersion (FDis), quantify the value, range, and distribution of traits present (Dı́az & Cabido, 
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2001; Laliberté & Legendre, 2010). Finally, functional redundancy (FRed) measures the degree 

of overlap in functional roles among species (Rosenfeld, 2002), providing crucial insight into 

a community’s potential stability and resilience to species loss (Biggs et al., 2020). These 

metrics can be quantified by related formulations (see Section 3.3. Calculating functional 

trait composition, diversity, and redundancy, and carbon resilience for details). 

The comprehensive assessment of these community-level trait metrics (CWM, CWV, 

FDis, and FRed) is crucial for evaluating ecosystem responses to environmental drivers, 

disturbances, and for predicting changes in ecosystem functioning and stability (Bruelheide et 

al., 2018; Díaz, Lavorel, McINTYRE, et al., 2007; Oliver et al., 2015; Tilman et al., 2014). 

However, obtaining such comprehensive trait information across extensive spatial scales and 

through time using traditional field-based measurements presents considerable logistical and 

financial challenges (Wang & Gamon, 2019; Zheng et al., 2022). This challenge necessitates 

the exploration of alternative methodologies capable of providing spatially contiguous and 

temporally repeatable observations of vegetation functional characteristics. 

 

1.1.2. Remote sensing for forest monitoring and trait estimation 

Whilst traditional field-based ecological surveys are fundamental for characterising vegetation 

functional traits, they are inherently time- and resource-demanding (Wang & Gamon, 2019) 

and share the challenges outlined above. In addition, outcomes from traditional field surveys 

can be context-dependent, varying with environmental conditions and spatial scales (Gaston, 

2000; Palmer et al., 2002; Wang & Gamon, 2019), and may be influenced by human bias 

(Asner et al., 2015; Lõhmus et al., 2018; Thomson et al., 2021). Remote sensing, the science 

of acquiring information about the Earth’s surface without direct physical contact (Cavender-

Bares et al., 2020), offers powerful tools to address these challenges by providing spatially 

contiguous and temporally repeatable observations across various scales, which allows to 

monitor the vast and often inaccessible regions of tropical and temperate forests and to quantify 

the spatial and temporal dynamics of their functional characteristics (Asner et al., 2015, 2017; 

Cavender-Bares et al., 2022; Helfenstein et al., 2022; Knyazikhin et al., 2013; Schneider et al., 

2017). 

The progression of remote sensing in forest ecology has been driven by advancements 

in sensor technology, analytical methods, and the integration of remotely sensed data with 

ecological theories. Several types of remotely sensed data are particularly relevant for 
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characterising forest functional trait composition, diversity, and redundancy, and they can be 

broadly categorised into passive and active systems (Kavzoglu et al., 2024). Passive sensors 

detect naturally reflected or emitted electromagnetic radiation from the Earth’s surface, 

primarily solar radiation (Tedesco, 2015), whereas active sensors provide their own source of 

illumination and measure the backscattered signal (Tedesco, 2015). Passive sensors, ranging 

from multispectral to hyperspectral, are primarily sensitive to the biochemical properties of 

vegetation (Pandey et al., 2017), such as leaf pigments, water content, and chemical 

constituents, which are key components of many functional traits. Active sensors offer 

complementary information, particularly for characterising leaf chemical, physiological, and 

plant structural information (Cavender-Bares et al., 2020; Ollinger, 2011). For instance, light 

detection and ranging (LiDAR) directly measures the three-dimensional structure of the forest 

canopy (Calders et al., 2014; Goodwin et al., 2006), while synthetic aperture radar (SAR) is 

sensitive to forest structure, biomass, and moisture content (Inoue et al., 2014; Pourshamsi et 

al., 2021), with the unique ability to penetrate clouds (Mermoz et al., 2015). 

The utility of these sensors is further expanded by the variety of platforms on which 

they can be deployed, each offering different advantages in terms of spatial coverage, 

resolution, and revisit frequency. These sensors range from satellites with global and repetitive 

coverage, to airborne systems with flexible and high-resolution mapping, and drones with on-

demand and ultra-high-resolution data for local-scale studies. Crucially, the most 

comprehensive characterisation of forest ecosystems often arises from the integration of these 

different data types (data fusion) (Mohammadpour & Viegas, 2022; Torabzadeh et al., 2014). 

The ability to map plant functional traits and estimate functional diversity and redundancy 

through remote sensing enables the exploration of ecological patterns and processes at 

unprecedented spatial and temporal scales, offering vital data for biodiversity monitoring, 

ecosystem modelling, and informed conservation planning (Jetz et al., 2016; Wang & Gamon, 

2019). 

 

1.2. Knowledge gaps and key challenges 

Despite significant advancements in trait-based ecology and remote sensing technologies, 

several critical challenges persist in accurately monitoring and understanding the functional 

dynamics of forest ecosystems, particularly at large spatial scales and in the context of global 
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environmental change. This thesis aims to fill in the following knowledge gaps and overcome 

the several key challenges: 

(1) Improving large-scale trait prediction and optimising data integration and 

analytical approaches: While remote sensing shows promise for trait estimation, the accuracy 

and reliability of predicting a comprehensive set of functional traits (morphology, nutrients, 

photosynthesis, etc.) across large and heterogeneous landscapes like the pan-tropics remain a 

significant challenge (Aguirre-Gutiérrez et al., 2025; Zheng et al., 2022). There is a need to 

systematically evaluate the combined utility of multi-source remotely sensed data (spectral, 

SAR, and LiDAR) from multiple platforms (close-range sensing, drone, and satellite) and 

advanced modelling techniques (machine learning and deep learning) for this purpose, and to 

identify the relative contributions of different data and environmental variables such as climate, 

soil properties, and topography (Aguirre-Gutiérrez et al., 2025; Durán et al., 2019). In addition, 

the integration of diverse datasets and the application of appropriate analytical methods require 

careful evaluation to maximise predictive accuracy and ecological insight. Determining which 

combinations of data and methods are most effective for specific traits or ecological questions 

is an ongoing research frontier (Cavender-Bares et al., 2020; Wang & Gamon, 2019). 

(2) Characterising functional trait composition, diversity, redundancy, and their 

drivers in diverse ecosystems: Accurately inferring functional trait composition, diversity, and 

redundancy across broad environmental gradients is pivotal for understanding how forest 

ecosystems respond to ongoing environmental change (Cavender-Bares et al., 2022; Schneider 

et al., 2017). Understanding how these functional attributes are shaped by key environmental 

drivers is essential for identifying areas of high ecological resilience or vulnerability (Biggs et 

al., 2020; Hisano et al., 2024; Oliver et al., 2015; Tavares et al., 2023). By identifying the 

environmental gradients that most strongly shape functional diversity and redundancy, we can 

locate ecosystems that are particularly sensitive to change, as well as those that may serve as 

refugia or resilience hotspots under future climate scenarios (Oliver et al., 2015; Trew & 

Maclean, 2021). This is particularly important in biodiverse and climatically variable regions, 

where management and conservation strategies must be informed by an understanding of how 

trait-based functional patterns interact with environmental pressures (Díaz et al., 2013; Díaz, 

Lavorel, De Bello, et al., 2007). 

(3) Linking functional diversity and redundancy to forest resilience under climate 

change: Forest ecosystems globally face increasing threats from climate change, including 

more frequent and severe climatic stress events such as drought (Allen et al., 2010; Malhi et 
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al., 2020). A critical research problem is to understand the overall resilience of these 

ecosystems-their ability to withstand and recover from such disturbances. Within this broader 

context of ecosystem resilience, the mechanisms by which functional diversity influences 

specific processes, such as forest carbon stocks and dynamics (gains, losses, and net sink), are 

not fully understood (Brienen et al., 2015; Hubau et al., 2020; Maia et al., 2020; Sullivan et al., 

2020). This is particularly essential regarding the differential roles of various trait dimensions 

(e.g., morphological traits, nutrients, and hydraulic traits) in conferring resilience to the carbon 

cycle (Hisano et al., 2024; Sakschewski et al., 2016; Tavares et al., 2023). Investigating these 

relationships in forests is critical for forecasting overall ecosystem stability and the future of 

forest carbon sinks under climate change (Hubau et al., 2020). 

 

1.3. Research questions and hypotheses 

The overarching aim of this doctoral research is to quantify and model functional trait 

composition, diversity, and redundancy in tropical and temperate forests, and to assess how 

these trait metrics influence ecosystem stability under environmental stress. Specifically, this 

thesis addresses the following research questions: 

(1) To what extent does integrating multi-sensor remotely sensed data with environmental 

variables improve the prediction of key leaf functional traits across pan-tropical forests? Which 

data sources and algorithms provide the highest predictive accuracy and best identify the 

primary drivers of trait distribution and variation? 

(2) How accurately can combined in-situ measurements and remote sensing estimate 

functional trait composition, diversity, and redundancy across South American temperate 

forests? Which environmental factors most strongly shape these functional attributes along 

large latitudinal and environmental gradients? 

(3) How do initial levels of functional diversity and redundancy influence forest carbon 

stability in Mexico? 

Correspondingly, I hypothesised: 

(1) Integrating spectral, SAR, and LiDAR data with environmental variables will improve 

the accuracy of predicting multiple functional traits across tropical forests, compared to using 

spectral data alone. Deep learning algorithms such as Multilayer Perceptron (MLP) are 

expected to outperform machine learning algorithms such as Random forests (RF) for most 
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traits, and spectral data will contribute most strongly to predictions of biochemical traits, while 

SAR and LiDAR provide complementary structural information for morphological traits. 

(2) Combining in-situ trait measurements with multi-source remote sensing will yield 

accurate estimates of functional trait composition, diversity, and redundancy in South 

American temperate forests. Hydrological stress is hypothesised to be the primary 

environmental filter shaping functional diversity and redundancy at large scales, while other 

environmental variables modulate local-scale patterns. High functional diversity and 

redundancy are expected to enhance the stability of ecosystem functions by providing 

complementary and overlapping trait strategies that buffer against the loss of individual species 

under environmental stress. In this context, stability serves as an operational measure of 

resilience without assuming a static baseline. 

(3) Forest communities that start with higher functional trait diversity and redundancy 

exhibit greater carbon stability or accumulation under ongoing climate stress. 

 

1.4. Significance and expected contributions 

This thesis is expected to make significant scientific contributions to the fields of plant 

functional ecology, remote sensing of vegetation, biodiversity science, and climate change 

ecology. 

First, this thesis will provide a comprehensive assessment of the capabilities and 

limitations of combining multi-sensor remotely sensed data for mapping multiple plant 

functional traits across extensive and critical forest biomes. The findings will inform the 

development of more accurate and robust operational trait monitoring systems (Research 

questions 1 and 2, Chapters 4 and 5). In addition, the comparative evaluation of different 

remotely sensed data combinations and analytical techniques (machine learning versus deep 

learning) for trait prediction will offer valuable guidance for future research in trait-based 

ecology and ecological remote sensing (Research question 1, Chapter 4). 

Second, the research will yield novel insights into the spatial distribution of functional 

diversity and redundancy in South American temperate forests, identifying key environmental 

drivers and highlighting areas of potential ecological resilience. This contributes to a better 

understanding of biodiversity-environment relationships in understudied regions. Furthermore, 

the outputs of this research, including maps of functional trait composition, diversity, and 

redundancy, and an improved understanding of resilience mechanisms, can directly inform 
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evidence-based conservation strategies, sustainable forest management practices, and policies 

aimed at mitigating climate change impacts on forest ecosystems (Research question 2, 

Chapter 5). 

Finally, by examining the interplay between functional diversity and redundancy, 

climatic stressors, and carbon stocks and carbon dynamics in both temperate and tropical 

forests in Mexico, this thesis will enhance understanding of the mechanisms by which 

biodiversity can influence ecosystem stability and carbon sequestration capacity in a changing 

climate. This is critical for predicting the future of global carbon sinks (Research question 3, 

Chapter 6). 

 

1.5. Thesis outline 

This thesis is structured into seven main chapters: 

Chapter 1 Introduction (This Chapter): Provides the general background, defines the 

research questions and corresponding hypotheses, outlines the aims and objectives, gives an 

overview of the methodological approach, and states the significance and expected 

contributions of the thesis. 

Chapter 2 Literature review: Reviews key concepts and background relevant to this 

thesis. It begins with an overview of temperate and tropical forests, highlighting the ecological 

significance and climate challenges of Chilean and Mexican forests. It then introduces core 

ideas in functional ecology, including trait definitions, community structure, biodiversity-

function relationships, and ecosystem resilience. The chapter also outlines developments in 

ecological remote sensing, covering data types, platforms, and their use in monitoring forest 

traits and biodiversity. It concludes by identifying research gaps and positioning the thesis 

within this emerging field. 

Chapter 3 Overview of methods: Outlines the methodological framework used 

throughout the thesis. It begins by introducing the study sites spanning temperate and tropical 

forests. The following section details the functional trait measurements, remotely sensed data, 

and relevant environmental variables used in the analyses. The chapter then explains how 

functional trait composition, diversity, redundancy, and carbon resilience are quantified. 

Finally, it describes the modelling approaches applied to relate biodiversity metrics and 

environmental factors to forest function and resilience. 
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Chapter 4 Multimodal remote sensing fusion for functional trait estimation across 

tropical forests: comparing machine learning and deep learning approaches (Paper 1): 

Addresses Research question 1, focusing on the prediction of 15 leaf morphological, nutrient, 

and photosynthetic traits in tropical forests using combined spectral, SAR, and LiDAR data 

with Random forests (RF) and Multilayer Perceptron (MLP) algorithms. This chapter evaluates 

predictive accuracies and identifies key drivers of trait distribution and variation, and tests if 

the MLP deep learning algorithm will outperform the RF machine learning algorithm. 

Chapter 5 Quantifying the functional composition and potential resilience 

hotspots across a large latitudinal and environmental gradient in South American forests 

(Paper 2): Addresses Research question 2, investigating the distribution and variation 

patterns of functional trait composition, diversity, and redundancy across a latitudinal gradient 

in South American temperate forests in Chile. It identifies key environmental drivers 

(hydrological stress and soil properties) of these functional metrics, maps areas of potential 

resilience (between ~35°S and ~42°S, coinciding with Valdivian rainforests) where both 

functional diversity and redundancy are high, and explores sustainable conservation strategies 

tailored to regions with varying patterns of functional diversity and redundancy.  

Chapter 6 Trait-based analysis of Mexican forest resilience to extreme climate 

change (Paper 3): Addresses Research question 3, utilising repeated forest inventory data to 

investigate how functional diversity and redundancy in morphological and nutrient traits 

interact with climatic stressors to affect temporal changes in aboveground carbon stocks and 

carbon dynamics. It specifically examines how different dimensions of functional diversity and 

redundancy influence forest carbon dynamics across temperate and tropical forests of Mexico. 

The analysis highlights contrasting roles of these functional dimensions: while high initial 

morphological FD tends to enhance carbon stability and buffer against increasing drought 

severity in temperate forests, high nutrient FD is often associated with reduced resilience. The 

chapter further discusses how these trait-climate interactions vary across forest types and 

environmental gradients, providing insights into the mechanisms underpinning forest carbon 

resilience under intensifying climate extremes. 

The structure and interconnection among the three core papers of this thesis are 

illustrated in Fig. 1.1. Please note that Chapters 4, 5, and 6 are formatted in accordance with 

the guidelines of the peer-reviewed journals in which the studies have been accepted, are 

currently under review, or are being prepared for submission. 
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Fig. 1.1. Structure and interconnection among the three core papers of this thesis. Papers1 

to 3 are presented in Chapters 4 to 6 of this thesis. 

Chapter 7 Synthesis and conclusion: This concluding chapter synthesises the 

principal findings from Chapters 4, 5, and 6. It discusses their collective implications for 

understanding forest functional ecology and resilience in the context of global environmental 

change, revisits the main research questions, acknowledges limitations, and proposes avenues 

for future research.  
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Chapter 2 Literature review 

2.1. Temperate and tropical forests 

Forest are essential terrestrial ecosystems, they provide critical ecosystem services such as 

climate regulation, carbon storage, and biodiversity conservation (Trumbore et al., 2015). 

Among the Earth’s diverse forest biomes, temperate and tropical forests are the most widely 

distributed and ecologically significant biomes for their large extent, high productivity, and 

rich biological diversity (Malhi et al., 1999, 2024; Pan et al., 2011). Tropical forests, for 

instance, are estimated to harbour most Earth’s terrestrial species (Brown, 2014). They also 

exhibit the highest mean net primary productivity of any terrestrial ecosystem (Malhi et al., 

2011), making them critical carbon sinks. Temperate forests, while typically less diverse in 

terms of species richness, are often dominated by a few key tree species and play significant 

roles in regional climates and carbon storage, particularly in the mid-latitudes (Malhi et al., 

1999; Moon et al., 2017). In addition, these two forest types differ remarkedly in climate, 

species composition, structural complexity, and ecological functioning. Temperate forests 

experience more pronounced seasonality, including cold winters and warm summers (Box & 

Fujiwara, 2015). In contrast, tropical forests, primarily located in a belt around the Equator, 

between the Tropics of Cancer (23.5°N) and Capricorn (23.5°S), are characterised by high 

annual rainfall (mean=1487 mm), minimal temperature variation (mean maximum daily 

temperature ranged from 28.33 °C to 30.12 °C) (Bunyavejchewin et al., 2009; Schippers et al., 

2015), and unparalleled biodiversity (Ferreira et al., 2018). Both forest types are facing 

unprecedented pressures from anthropogenic activities and climate change (Malhi et al., 2004; 

S. J. Wright, 2005), necessitating a deeper understanding of their ecology and resilience.  

 

2.1.1. Temperate forests of Chile: A biodiversity hotspot under pressure 

Temperate forests of Chile, particularly the Valdivian temperate rainforests (~35°S to ~42°S), 

are a globally significant biodiversity hotspot (Myers et al., 2000), renowned for their unique 

ecosystems and high levels of endemism (NAHUELHUAL et al., 2007). Located in a narrow 

coastal strip between the Pacific Ocean and the Andes Mountains, Chilean temperate forests 

are characterised by dense understories of bamboos (e.g., Chusquea quila and Chusquea culeou) 

and ferns, and are dominated by evergreen angiosperm trees, with some deciduous species and 

conifers also present (Kitzberger et al., 2016; Pfadenhauer & Klötzli, 2020; Veblen, 2007). The 

climate is heavily influenced by the westerlies and the Humboldt Current (Gibson et al., 2007), 
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resulting in high precipitation and foggy, humid conditions, particularly along the coast (Smith-

Ramírez, 2004). Approximately 50% of the woody plants in this ecoregion are endemic 

(Armesto et al., 2001). 

Despite being recognised as a global biodiversity hotspot, Chilean temperate forests are 

under persistent threat. First, forest clearing for timber, fuelwood, and agriculture (Armesto et 

al., 2001) and the establishment of large-scale pine (Pinus radiata) and Eucalyptus (Eucalyptus 

globulus and Eucalyptus nitens) plantations has led to the decreasing of vast areas of native 

vegetation, particularly in the Coast Range since the 1970s (Neira et al., 2002; Salas et al., 

2016). These plantations, while offering some soil stabilisation benefits, contribute to the 

fragmentation and degradation of native plant communities, reducing their continuity and 

altering natural vegetation dynamics (Heinrichs et al., 2018). 

In addition, the Chilean Mediterranean region has been experiencing a “megadrought” 

for over a decade, leading to vegetation browning and increased aridity (Garreaud et al., 2017; 

Miranda et al., 2023). A decrease in precipitation has been observed in nearly half of the 

Sclerophyllous Forest Type patches, alongside increases in land surface temperature (Cueto et 

al., 2025). These climate-induced stresses are accelerating forest degradation and placing the 

Chilean Mediterranean forest on the verge of collapse (Smith-Ramírez et al., 2023). 

Finally, accidental and intentional forest fires pose another major threat (Cordero et al., 

2024; De la Barrera et al., 2018). Unlike other Mediterranean climate zones, fire is not a major 

natural component of these ecosystems, and native species are not well-adapted to its effects 

(Delpiano et al., 2024). The presence of fire-adapted and non-native plantation species like 

Pinus radiata can exacerbate the spread of fires into vulnerable native forests (Escobedo et al., 

2024; Leal-Medina et al., 2024). 

These multifaceted threats highlight the urgent need for effective conservation and 

management strategies to protect the unique biodiversity of Chilean temperate forests. 

 

2.1.2. Forests of Mexico under intensifying warming and drought 

Mexico, a megadiverse country and a key centre of species for genera like Pinus and Quercus 

(Gómez-Mendoza & Arriaga, 2007), hosts a variety of forest ecosystems, including extensive 

temperate forests (e.g., conifer and pine-oak forests in the Sierra Madre Occidental, Sierra 

Madre Oriental, and Trans-Mexican Volcanic Belt) in northern and central Mexico (Ávila-

Akerberg et al., 2023; Galicia et al., 2015) and tropical forests (e.g., rainforests on the Atlantic 
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side and tropical deciduous forests on the Pacific side) in southern Mexico (Quigley & Platt, 

2003). These forests are rich in biodiversity but increasingly vulnerable to the impacts of 

climate change and exacerbated by local anthropogenic pressures (Moreno-Sanchez et al., 

2012), particularly intensifying warming and drought (López-Teloxa & Monterroso-Rivas, 

2024; Ulises & Lucia, 2024). 

Regional climate models for Mexico project significant temperature increases (1.5 °C 

by 2030, 2.3 °C by 2060, and 3.7 °C by 2090) alongside decreasing precipitation patterns 

(annual precipitation is expected to decline by 6.7% by 2030, 9.0% by 2060, and 18.2% by 

2090) (Sáenz-Romero et al., 2010). This combination of rising temperatures and decreasing 

precipitation is anticipated to intensify aridity across much of the country, leading to severe 

soil moisture deficits and heightened water stress for vegetation, particularly in the North, West, 

and Bajío regions (Diaz et al., 2019; Magaña et al., 2012; Ulises & Lucia, 2024). In the coming 

decades, moderate to extreme drought conditions are projected to become more frequent and 

widespread, pushing ecosystems closer to their physiological limits (Méndez & Magaña, 2010; 

Murray-Tortarolo, 2021; Wehner et al., 2011). 

Mexico’s forests are already being impacted by the effects of climate change. 

Temperate forests are among the most affected. Drought-related stress has led to reduced tree 

vigour, defoliation, and increased vulnerability to pests and diseases (Sáenz-Romero et al., 

2020). These impacts are expected to reduce the extent of climatically suitable habitat for major 

biomes such as pine-oak and conifer forests, and for key species like Pinus hartwegii, Abies 

religiosa, and Pinus pseudostrobus (Gómez-Pineda et al., 2020; Sáenz-Romero et al., 2020). 

Tropical forests across Mexico and the broader Americas are also under threat, as 

species attempt to cope with shifting environmental baselines (Ortega et al., 2024). While 

certain tree species with adaptive traits such as drought tolerance, high wood density, or 

deciduousness may persist or even expand, many others are declining (Alvarado & Terrazas, 

2023; Hordijk et al., 2025). The drying and warming of tropical soils pose an additional threat, 

accelerating the decomposition of long-stored soil carbon (McFarlane et al., 2024; Nottingham 

et al., 2020) and potentially transforming these forests from carbon sinks into carbon sources. 

Combined with the intensifying risks of fire, heatwaves, and prolonged droughts, the resilience 

of tropical forest ecosystems is being severely tested (Stan & Sanchez-Azofeifa, 2019). 

Altogether, these climatic shifts have significant impacts on biodiversity, carbon 

storage, and the essential ecosystem services provided by Mexico’s forests. Ongoing 
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deforestation, land cover transitions like agricultural expansion, and compounded by climate 

pressures, further increases carbon emissions and biodiversity loss (Bonilla-Moheno & Aide, 

2020). Addressing these challenges requires practical strategies, including adaptive forest 

management and climate adaptation measures to protect Mexico’s forest ecosystems and the 

key functions they perform. 

 

2.2. Functional ecology and ecosystem functioning 

Understanding how forest ecosystems respond to the environmental pressures requires moving 

beyond species inventories to consider the functional characteristics of the organisms within 

them (de Bello et al., 2021; Díaz et al., 2007; Messier et al., 2019). Trait-based ecology 

provides a powerful framework for this, focusing on the morpho-physio-phenological 

attributes of organisms that influence their performance and interactions with the environment 

(de Bello et al., 2021; Green et al., 2022; Westoby, 2025).    

 

2.2.1. Defining functional traits 

Functional traits are broadly defined as those characteristics measurable at the individual level 

that impact an organism’s fitness-its growth, survival, and reproduction (Volaire et al., 2020). 

Violle et al. (2007) specified that a trait is “any morphological, physiological or phenological 

feature measurable at the individual level, from the cell to the whole organism” and becomes 

truly functional when it “impacts fitness (of an individual) indirectly via its effects on growth, 

reproduction and survival”. These traits reflect evolutionary trade-offs in resource acquisition, 

utilisation, and conservation strategies developed in response to environmental pressures 

(Agrawal, 2020; Volaire et al., 2020). From an evolutionary viewpoint, it can be argued that 

all traits are potentially functional as any trait could be linked to fitness in at least one potential 

environmental context (Kearney et al., 2021; Sobral, 2021), highlighting the importance of 

considering the spatiotemporal variation of environmental pressures (Aubin et al., 2016). 

Key plant functional trait categories include: 

(1) Morphological traits: Those relate directly to physical and structural attributes of 

plants that define their form, architecture, and resource acquisition strategies (Freschet et al., 

2018), such as specific leaf area (SLA, leaf area per unit dry mass, in cm2 g-1), leaf size (in 

cm2), and wood density (WD, in g cm-3). SLA is a key component of the “leaf economics 
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spectrum” that reflects a trade-off between rapid resource capture (high SLA) and resource 

conservation (low SLA) (Reich, 2014a; I. J. Wright et al., 2004). WD relates to construction 

costs, mechanical support, and resistance to damage or embolism (Chave et al., 2009). 

(2) Physiological traits: Those relate to the internal functioning and processes of plants, 

such as how plants acquire, use, and conserve resources (Reich et al., 2003). Specifically, they 

include Leaf nutrients: Concentrations of essential elements like nitrogen (N, in %), 

phosphorus (P, in %), and potassium (K, in %) in leaf tissues. These are critical for litter 

decomposition and nutrient cycling (Pietsch et al., 2014; Reich & Oleksyn, 2004). 

Photosynthetic traits: Parameters such as the maximum rate of photosynthesis under light- 

and CO2-saturated conditions (Amax, in µmol m-2 s-1) and light-saturated photosynthetic rate at 

ambient CO2 concentrations (Asat, in µmol m-2 s-1), which determine a plant’s photosynthetic 

capacity and are essential for understanding species’ growth rates, carbon assimilation, and 

overall productivity under varying environmental conditions (Kositsup et al., 2010; Walker et 

al., 2017). Hydraulic traits: Characteristics associated with water transport efficiency and 

drought tolerance, influencing how plants manage water stress (Anderegg et al., 2018; Santiago 

et al., 2018), such as water potential at which 50% of hydraulic conductivity is lost (P50, in 

MPa) and the hydraulic safety margin (SM50, in MPa). 

(3) Phenological traits: Those relate to the seasonal timing of life cycle events (Post et al., 

2008) including timing of leaf emergence, leaf lifespan, and time of flowering and fruit 

development. 

Traits that determine how organisms respond to environmental conditions are termed 

“response traits”, while those that affect ecosystem processes (e.g., nutrient cycling, primary 

productivity) are “effect traits” (Nock et al., 2016). A single trait can often be both a response 

and an effect trait, particularly in plants (Nock et al., 2016). 

 

2.2.2. Quantifying community functional structure 

The functional structure of communities, representing the distribution and variation of 

these traits, is commonly characterised using a set of quantitative metrics. In mathematical 

terms, the “shape” of a community’s trait density distribution can be characterised by various 

indices known as “moments” (de Bello et al., 2021), with the first to the fourth moment 

corresponding to the mean of the distribution, the variance, the skewness, and the kurtosis (de 

Bello et al., 2021). Similarly, in functional ecology, these four moments can be used to 
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characterise the distribution of traits within a community or across broader scales (de Bello et 

al., 2021; Le Bagousse-Pinguet et al., 2017). While all four moments offer unique insights, the 

first two provide a considerable amount of information and are central to many ecological 

analyses (de Bello et al., 2021). The community-weighted mean (CWM) of trait values is the 

most fundamental of these, which represents the first moment. For a given trait, the CWM is 

calculated as the average trait values weighted by their relative abundances (Laliberté & 

Legendre, 2010) or basal area (Aguirre-Gutiérrez et al., 2025; Pla et al., 2012) within the 

community. The CWM represents the expected trait value of a randomly selected individual 

from the community and reflects the dominant trait strategy (Muscarella & Uriarte, 2016). 

Complementing the CWM, the community-weighted variance (CWV), or trait variance at the 

community level, quantifies the spread of trait values around the CWM and corresponds to the 

second moment of the trait distribution. It is often calculated as the sum of the squared 

deviations of species’ trait values from the CWM, weighted by their relative abundances or 

basal area. This metric indicates the degree of trait variability within the community 

(Bruelheide et al., 2018; Enquist et al., 2015). Higher moments like community-weighted 

skewness (third) and community-weighted kurtosis (fourth) can provide further detail but are 

less commonly used than CWM and CWV (de Bello et al., 2021). 

Beyond these moments, functional diversity (FD) captures the value, range, and relative 

abundance of functional traits within a community (Dı́az & Cabido, 2001). FD is multifaceted 

and can be decomposed into several components including functional richness, functional 

divergence, and functional evenness (de Bello et al., 2021; Mason et al., 2005; Villéger et al., 

2008). Functional richness describes the amount of functional trait space occupied by the 

species in a community, often quantified as the convex hull volume encompassing all species 

in multivariate trait space (Villéger et al., 2008). Functional divergence quantifies how species’ 

traits are spread out within the community, with a particular emphasis on the occupation of the 

extremes of the functional trait space (Villéger et al., 2008). Functional evenness measures the 

regularity of the distribution of species’ abundances within this occupied trait space (Villéger 

et al., 2008). It is important to note that the framework for functional richness, functional 

divergence, and functional evenness is primarily developed for quantitative traits without 

missing values and for situations where there are more species than traits, although extensions 

to other trait types are suggested (Laliberté & Legendre, 2010). Furthermore, functional 

richness is well established that the range is not a robust measure of dispersion due to its high 

sensitivity to outliers, and it does not incorporate information on species’ relative abundances. 
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As a result, rare species with extreme trait values can disproportionately inflate functional 

richness, which may or may not be desirable depending on the context of the analysis. In 

contrast, the functional evenness and functional divergence indices proposed by Villéger et al. 

(2008) do account for species abundances, but they do not quantify the overall dispersion of 

species in trait space (Laliberté & Legendre, 2010). Laliberté & Legendre (2010) proposed a 

multidimensional FD metric called functional dispersion (FDis), which measures the spread of 

species in trait space relative to the community centroid (the CWM in multivariate space) and 

is typically calculated as the abundance-weighted mean distance of individual species to this 

centroid (Laliberté & Legendre, 2010). 

Finally, functional redundancy (FRed) refers to the degree to which multiple species 

within a community possess similar trait values and thus perform similar ecological roles 

(Rosenfeld, 2002). High FRed suggests that the loss of one species can be compensated by 

others with similar traits, potentially enhancing ecosystem stability and resilience (Biggs et al., 

2020). It arises when multiple species share similar effect traits but may differ in their response 

traits, providing an “insurance” effect (Céréghino et al., 2022; Fischer & de Bello, 2023). FRed 

can be quantified by related formulations (Ricotta et al., 2016) (see Section 3.3. Calculating 

functional trait composition, diversity, and redundancy, and carbon resilience for details). 

 

2.2.3. Biodiversity-ecosystem function relationships 

At the centre of functional ecology is the biodiversity-ecosystem function (BEF) relationship, 

which states that biodiversity influences both the magnitude and stability of ecosystem 

processes (Gonzalez et al., 2020; Thompson et al., 2018). Numerous studies, including long-

term experiments like those at Cedar Creek Ecosystem Science Reserve (Isbell et al., 2015, 

2017), have shown that higher plant diversity (whether taxonomic, phylogenetic, or functional) 

often leads to increased ecosystem functioning (Le Bagousse-Pinguet et al., 2019; Schuldt et 

al., 2019), such as primary productivity (Isbell et al., 2015; Li et al., 2023; Powell & Rillig, 

2018; Schweiger et al., 2018). The mechanisms underlying positive BEF relationships include 

but not limit to: 

(1) Biological insurance: Functional redundancy and species asynchrony buffer 

ecosystems against fluctuations (Bello et al., 2021; Eisenhauer et al., 2024; Loreau et al., 2021). 

Functional redundancy plays a stabilising role by ensuring that species with overlapping roles 

can maintain ecosystem functions if others decline (Eisenhauer et al., 2010). 
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(2) Niche complementarity: Diverse species with differing traits may utilise resources 

more completely or efficiently, leading to greater overall productivity than any single species 

in monoculture (Eisenhauer et al., 2024; A. J. Wright et al., 2017, 2021). 

(3) Selection effect: More diverse communities have a higher probability of containing 

highly productive or functionally important species (Eisenhauer et al., 2024; A. J. Wright et al., 

2017, 2021). 

(4) Performance-enhancing effect: A type of selection effect applies as environmental 

conditions shift, biodiversity increases the odds that some species will thrive and sustain key 

functions (Eisenhauer et al., 2024; Loreau et al., 2021). 

(5) Resilience and resistance: Diverse communities tend to be more resistant to change 

(i.e., they maintain structure and function during disturbance) and more resilient, recovering 

more quickly afterward (Eisenhauer et al., 2024; Isbell et al., 2015; Van Meerbeek et al., 2021). 

(6) Climate extremes: Increasing frequency and intensity of climate extremes including 

droughts, heatwaves, and storms pose significant challenges to ecosystem functioning. 

Biodiversity can buffer ecosystems against these events through enhanced resistance and 

recovery capacities (De Boeck et al., 2018). Climate extremes are defined by values of climate 

variables near the tails (e.g., 5% or 10%) of historical distributions and may act as pulse (short-

term) or press (longer-term) disturbances (Field, 2012). Diverse ecosystems tend to be more 

stable under such stressors due to their compositional complexity and functional diversity 

(Craven et al., 2018; Polazzo & Rico, 2021). 

(7) Trait-based trade-offs (fast-slow trade-off and growth-defence trade-off): 

Communities dominated by slow-growing species are more resistant but slower to recover, 

whereas fast-growing species confer rapid recovery but lower resistance (Bello et al., 2021; 

Eisenhauer et al., 2024; Reich, 2014b). Species investing more in defence may perform better 

under stress, particularly in species-rich communities where pathogen suppression is enhanced 

(Dietrich et al., 2021; Eisenhauer et al., 2024). 

Together, these mechanisms highlight the critical role of biodiversity in maintaining 

and stabilising ecosystem functions, particularly under conditions of environmental stress and 

change. The nature and strength of BEF relationships can, however, be context-dependent and 

vary with spatial scale and the specific ecosystem function being considered (Eisenhauer et al., 

2022). Functional traits, by providing a mechanistic link, are crucial for understanding and 

predicting these relationships (Gonzalez et al., 2020). 
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2.2.4. Ecosystem resilience and functional traits 

Ecosystem resilience refers to the capacity of an ecosystem to withstand or recover from 

disturbances while maintaining its essential functions and structure (Folke, 2016; Holling, 

1973). Biodiversity, particularly functional diversity and redundancy is thought to be a key 

determinant of resilience (Biggs et al., 2020; Dendoncker et al., 2023; Gladstone-Gallagher et 

al., 2019). Communities with greater functional diversity and/or greater functional redundancy 

may be more resilient because they possess a wider range of potential responses to 

environmental change or a greater capacity for compensatory dynamics if some species are lost 

(Gladstone-Gallagher et al., 2019; Oliver et al., 2015; Thomsen et al., 2019; Tilman et al., 

2014). For instance, in the face of drought, a community with diverse rooting depths or water-

use strategies (high functional diversity in hydraulic traits) might maintain overall function 

better than a community with uniform traits (Lourenço Jr. et al., 2022). Similarly, if multiple 

species perform the same key function (i.e., high functional redundancy), the loss of one such 

species may have minimal impact on the overall process (Fetzer et al., 2015; Mulder et al., 

2001; Rosenfeld, 2002). 

It is important to note, however, that functional diversity and redundancy are not direct 

measures of resilience. Rather, they represent underlying mechanisms that can promote the 

stability of ecosystem processes (e.g., lower variability in productivity, biomass, or carbon 

fluxes) and, by extension, contribute to resilience under disturbance and environmental change. 

Understanding these links is critical for managing ecosystems in an era of accelerating global 

change. 

 

2.3. Remote sensing in ecological research 

The study of functional ecology and biodiversity across meaningful spatial and temporal scales 

is often hampered by the limitations of traditional field-based methods (Lausch et al., 2016). 

Field surveys, while providing detailed data, are typically labour-intensive, costly, restricted in 

spatial coverage (R. Wang & Gamon, 2019), and can be context-dependent or influenced by 

observer bias (Asner, Martin, et al., 2015; Lõhmus et al., 2018; Thomson et al., 2021). Remote 

sensing offers a transformative approach to overcome many of these challenges by providing 

consistent, objective, and spatially contiguous data over large areas and with regular temporal 

repetition (Asner et al., 2017; Asner, Martin, et al., 2015; Cavender-Bares et al., 2020; 

Helfenstein et al., 2022). 
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2.3.1. Fundamental principles and development of ecological remote sensing 

Remote sensing is the technique of gathering information about objects or phenomena from a 

distance, typically by detecting and measuring electromagnetic radiation reflected or emitted 

from the Earth’s surface (Cavender-Bares et al., 2020). The interaction of electromagnetic 

radiation with vegetation is complex, influenced by leaf biochemistry (pigments, water, dry 

matter), canopy structure (leaf angle, leaf area index, and vertical stratification), and 

background components like soil and shadow (Abu-Elsaoud et al., 2022; Asner, 1998; Panferov 

et al., 2001; Yang, 2022). These interactions form the physical basis for deriving information 

about vegetation characteristics, including functional traits and biodiversity, from remotely 

sensed data. 

The application of remote sensing in ecology has evolved significantly from early uses 

in habitat mapping (Kerr & Ostrovsky, 2003; Miller & Rogan, 2007) to more sophisticated 

estimations of biophysical and biochemical parameters (Stagakis et al., 2010), forest structure 

(Lechner et al., 2020; Zellweger et al., 2013), species distributions (He et al., 2015a; Randin et 

al., 2020), and, recently and increasingly, direct mapping of plant functional traits and diversity 

(Aguirre-Gutiérrez et al., 2025; Asner et al., 2017; Bae et al., 2019; Cherif et al., 2023a; Hauser 

et al., 2021; Helfenstein et al., 2022; Jetz et al., 2016; Ma et al., 2019; Schneider et al., 2017; 

R. Wang & Gamon, 2019). This evolution has been driven by advancements in sensor 

technology, the availability of diverse remote sensing platforms, and the development of 

progressive analytical techniques. 

 

2.3.2. Types of remotely sensed data 

Remote sensing systems can be broadly classified based on their source of illumination: 

(1) Passive remote sensing: These sensors detect naturally available radiation, primarily 

solar radiation reflected by the Earth’s surface, or thermal radiation emitted by it (Smith et al., 

2014). Dominant passive remote sensing sensors include: 

Multispectral sensors: They capture data in a few, relatively broad spectral bands (e.g., 

visible, near-infrared, shortwave infrared) (Zhu et al., 2018). Instruments such as those aboard 

Landsat, a joint programme between the National Aeronautics and Space Administration 

(NASA) and the United States Geological Survey (USGS) since 1972 (Wulder et al., 2008), 

Sentinel-2 launched by the European Space Agency (ESA) in 2015 (Drusch et al., 2012), and 



 56 

the Moderate Resolution Imaging Spectroradiometer (MODIS) launched by NASA in 1999 

(Salomonson et al., 1989), capture data in several discrete and broad spectral bands from the 

visible to the shortwave infrared regions. The reflectance and absorption patterns in these bands 

are sensitive to leaf pigments (e.g., chlorophylls and carotenoids), leaf water content, and 

canopy structure (Sims & Gamon, 2002). Spectral vegetation indices, such as the normalised 

difference vegetation index (NDVI) (Rouse et al., 1974) and the enhanced vegetation index 

(EVI) (H. Q. Liu & Huete, 1995), are derived from these bands and are widely used to assess 

vegetation greenness (Taddeo et al., 2019), vigour (Xue & Su, 2017), and phenology (Gong et 

al., 2024), and have been empirically linked to traits like leaf morphological traits and leaf 

nutrients (Aguirre-Gutiérrez et al., 2025; Wallis et al., 2019). Pros: Wide availability, long 

historical archives (e.g., Landsat data are available from 1972 to the present), good spatial 

coverage, and often free data access. Cons: Limited spectral detail restricts the direct retrieval 

of vegetation properties (Pang et al., 2024); susceptible to atmospheric interference and cloud 

cover (Okin & Gu, 2015). 

Hyperspectral sensors (Imaging spectroscopy): These advanced sensors collect data 

in hundreds of narrow, contiguous spectral bands, providing a detailed spectral signature for 

each pixel (van der Meer et al., 2012). This rich spectral information allows for the detection 

of subtle absorption features related to specific leaf biochemical constituents (e.g., nitrogen, 

lignin, cellulose, and water content) (Pandey et al., 2017; Serrano et al., 2002) and more precise 

quantification of pigment concentrations (Blackburn, 2007). Consequently, imaging 

spectroscopy is considered a powerful tool for the direct estimation of a range of leaf functional 

traits and is revolutionising our ability to characterise forest functions remotely (Knyazikhin et 

al., 2013; Watt et al., 2020). Examples include the Airborne Visible/Infrared Imaging 

Spectrometer (AVIRIS) (Vane et al., 1993) and the forthcoming Surface Biology and Geology 

satellite mission (Cawse-Nicholson et al., 2021). Pros: High spectral resolution enables detailed 

biochemical and biophysical characterisation. Cons: Data are often more expensive and less 

frequently available than multispectral data (Biehl & Landgrebe, 2002), particularly from 

spaceborne platforms until recently; larger data volumes require more processing power 

(Burger & Gowen, 2011); also susceptible to atmospheric and cloud effects. 

(2) Active remote sensing: These sensors provide their own source of illumination and 

measure the backscattered signal (Tedesco, 2015). Two frequently used active sensors are: 

Radio detection and ranging (Radar), including synthetic aperture radar (SAR): 

SAR systems, such as C-band Sentinel-1 (Torres et al., 2012), L-band PALSAR (Rosenqvist 
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et al., 2004), and X-band COSMO-SkyMed (F.Covello et al., 2010), are active sensors that 

emit microwave pulses and record the backscattered signal (Woodhouse, 2017). Longer 

wavelengths (e.g., L-band and P-band) can penetrate forest canopies and interact with woody 

components (stems and branches) (Monteith & Ulander, 2018), while shorter wavelengths (e.g., 

C-band and X-band) are more sensitive to the upper canopy and leaves (McNairn & and Brisco, 

2004). SAR data are valuable for estimating forest structural parameters such as aboveground 

biomass (Englhart et al., 2011), stem volume (Abdullahi et al., 2016), and canopy height 

(Pourshamsi et al., 2021), particularly in regions with persistent cloud cover, as microwaves 

can penetrate clouds (Mermoz et al., 2015). SAR backscatter intensity and phase information 

can also be sensitive to vegetation water content and surface roughness (Zhu et al., 2019), 

providing indirect links to traits related to plant water status and canopy architecture (Inoue et 

al., 2014). Pros: All-weather capability (cloud penetration); sensitivity to structural attributes 

and moisture (S. K. Singh et al., 2023). Cons: Signal interpretation can be complex due to 

interactions with multiple canopy and ground features (Neumann et al., 2010); geometric 

distortions in rugged terrain (Loew & Mauser, 2007). 

Light detection and ranging (LiDAR): LiDAR systems emit laser pulses and 

measures the time taken for reflections to return (Behroozpour et al., 2017), airborne LiDAR 

systems and spaceborne missions (e.g., Global Ecosystem Dynamics Investigation (GEDI) and 

Ice, Cloud, and land Elevation Satellite 2 (ICESat-2), both were launched by NASA in 2018) 

provide direct and three-dimensional measurements of forest canopy structure, including 

canopy height, vertical foliage profiles, gap distributions, and underlying topography (Calders 

et al., 2014; Goodwin et al., 2006). These structural metrics are crucial for characterising 

habitat heterogeneity, light environments within the canopy (Coops et al., 2016; Müller et al., 

2018), and can be linked to traits related to nutrient cycling and plant resource acquisition 

strategies (Asner, Anderson, et al., 2015). Pros: Direct measurement of 3D structure; high 

accuracy. Cons: Typically acquired from airborne platforms, which can be costly for large areas 

(Wulder et al., 2012); spaceborne LiDAR (e.g., GEDI) offers global coverage but with sparser 

sampling (Hancock et al., 2021). 

 

2.3.3. Remote sensing platforms 

The choice of platform influences the spatial resolution, coverage, revisit time, and cost of 

remotely sensed data: 



 58 

(1) Satellite platforms: Satellites provide consistent and repetitive coverage at a global 

scale (e.g., Sentinel-1 SAR satellite, Sentinel-2 multispectral satellite, and GEDI LiDAR 

satellite). Moreover, the P-band BIOMASS SAR satellite (Scipal et al., 2010) that was 

launched recently on 29 April 2025 by ESA and forthcoming missions such as the Surface 

Biology and Geology (visible to shortwave infrared hyperspectral and multispectral midwave 

and thermal infrared) satellite that will potentially be launched by NASA in 2027 (Cawse-

Nicholson et al., 2021), promise unprecedented satellite remotely sensed data globally. Satellite 

data are ideal for long-term monitoring and large-scale studies, though often with coarser 

spatial resolution than airborne systems (Dash & Ogutu, 2016). Primary satellite platforms 

frequently used in ecology are summarised in Table 2.1. 

Table 2.1. Primary satellite platforms frequently used in ecology. 

Satellite Year of 
launch Sensor(s) Spatial 

resolution (m) 
Temporal 

resolution (day) 
Temporal 
coverage 

Sensor 
characteristics 

Multispectral      Spectral range (μm) 
Landsat 1 1972 MSS 60 18 1972-1978 0.5-1.1 
Landsat 2 1975 MSS 60 18 1975-1983 0.5-1.1 
Landsat 3 1978 MSS 60 18 1978-1983 0.5-1.1 
Landsat 4 1982 MSS and TM 30, 120 16 1982-1993 0.45-12.5 
Landsat 5 1984 MSS and TM 30, 120 16 1984-2013 0.45-12.5 
Landsat 7 1999 ETM+ 15-60 16 1999-2024 0.45-12.5 
Terra 1999 MODIS 250-1000 1 2000-now 0.459-14.385 
Aqua 2002 MODIS 250-1000 1 2002-now 0.459-14.385 
WorldView-1 2007 WV-1 0.5 1.7 2007-now 0.4-0.9 
WorldView-2 2009 WV-110, WV-60 0.46 1.1 2009-now 0.45-1.04 
Gaofen-1 2013 PMS, WFV 2-16 4 2013-now 0.45-0.89 
Landsat 8 2013 OLI, TIRS 15-30 16 2013-now 0.43-12.51 
SkySat-1 2013 Skybox Image Sensor 0.9-2 1.8 per day 2013-now 0.45-0.9 
Gaofen-2 2014 PMS 0.8-3.2 5 2014-now 0.4-0.9 
SkySat-2 2014 Skybox Image Sensor 0.9-2 1.8 per day 2014-now 0.45-0.9 
WorldView-3 2014 WV-3 ~0.3 1-4.5 2014-now 0.45-2.245 
Sentinel-2 2015, 2016 MSI 10-60 5 2015-now 0.443-2.19 
Gaofen-6 2018 PMS, WFV 2-16 2 2018-now 0.45-0.9 
Landsat 9 2021 OLI, TIRS 15-100 16 2021-now 0.43-2.29 

Hyperspectral      Spectral range (μm) 

Earth Observing-1 2000 ALI, Hyperrion, 
LEISA, LAC 30 16 2000-2017 0.357-2.576 

Gaofen-5 2018 AHSI, VIMS, GMI, 
EMI, DPC, AIUS 30 51 2018-now 0.24-12.5 

EnMap 2022 HSI 30 27 2022-now 0.42-2.45 
SAR      Wavelength (cm) 

PALSAR-1 2006 L-band SAR 10-100 46 2006-2011 23.62 
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RADARSAT-2 2007 C-band SAR 3-100 7 2007-now 5.6 
TerraSAR-X 2007 X-band SAR 1-16 11 2007-now 3.1 
COSMO-SkyMed 2007 X-band SAR 1-100 16 2007-now 3.1 
TanDEM-X 2010 X-band SAR 1-16 11 2010-now 3.1 
Sentinel-1 2014, 2016 C-band SAR 10 6 2014-now 5.6 
PALSAR-2 2014 L-band SAR 3-10 14 2014-now ~24 
Gaofen-3 2016 C-band SAR 1-25 29 2016-now 5.55 

LiDAR      Wavelength (nm) 
GEDI 2018 Multiple laser beams 30 Variable 2018-now 1064 
ICESAT-2 2018 ATLAS 0.7-280 91 2018-now 532 

MSS: Multispectral Scanner, TM: Thematic Mapper, ETM+: Enhanced Thematic Mapper Plus, MODIS: 

Moderate Resolution Imaging Spectroradiometer, WV: WorldView, PMS: Panchromatic Multispectral, WFC: 

Wide Field View, OLI: Operational Land Imager, TIRS: Thermal Infrared Sensor, MSI: Multispectral Instrument, 

ALI: Advanced Land Imager, LEISA: Linear Etalon Imaging Spectrometer Array, LAC: LEISA Atmospheric 

Corrector, AHSI: Advanced Hyperspectral Imager, VIMS: Visible and Infrared Multispectral Sensor, GMI: 

Greenhouse-gases Monitoring Instrument, EMI: Environment Monitoring Instrument, DPC: Directional 

Polarisation Camera, AIUS: Atmospheric Infrared Ultraspectral, HSI: Hyperspectral Imager, ATLAS: Advanced 

Topographic Laser Altimeter System 

(2) Airborne platforms: Airborne platforms provide flexibility in sensor deployment 

(including high-resolution hyperspectral and LiDAR), timing of acquisition, and achieving 

very high spatial resolution (Meerdink et al., 2019; Yan et al., 2015). Suitable for regional to 

landscape-scale studies but can be expensive and with less frequent coverage than satellites 

(Meerdink et al., 2019). 

(3) Unmanned aerial vehicles (UAVs or drones): Drones have become increasingly 

important for ecological research for local-scale and on-demand data acquisition at very- or 

even ultra-high spatial resolution (often sub-centimetre) (Ventura et al., 2023). They can carry 

smaller and lighter multispectral, hyperspectral, thermal, or LiDAR sensors, but limited by 

payload, flight endurance, and regulatory constraints (Townsend et al., 2020). 

(4) Close-range/proximal sensing: Instruments including towers like FLUXNET 

(Baldocchi et al., 2001), tripods (Moreno Párrizas & Andújar, 2023), and handheld 

spectrometers and LiDAR (Ramezani et al., 2020; Sorak et al., 2012). These are essential for 

detailed field measurements, calibration/validation of airborne and spaceborne data, and 

understanding fine-scale ecological processes (Alexopoulos et al., 2023). However, close-

range sensing has limited spatial coverage, and they are often labour- and time-intensive, and 

there are temporal constraints. 
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2.3.4. Applications in forest ecology, trait, and biodiversity monitoring 

Remote sensing technologies are transforming forest ecology by enabling comprehensive and 

multi-scale observations of forest ecosystems. They provide crucial tools for monitoring forest 

cover and dynamics, which allows researchers and policymakers to detect and quantify 

deforestation, afforestation, and forest degradation across large spatial and temporal scales 

(Gao et al., 2020; Mitchell et al., 2017). These observations form the foundation for global 

forest change assessments (Hansen et al., 2010, 2013) and carbon accounting efforts 

(Lagomasino et al., 2019; Malerba et al., 2023). Moreover, advances in active remote sensing 

technologies such as LiDAR and SAR have made it possible to estimate key structural 

attributes of forests including canopy height (Pourshamsi et al., 2021; Simard et al., 2011), 

vertical layering (Ehbrecht et al., 2016; Neumann et al., 2010), leaf area index (Hosseini et al., 

2015; Y. Wang & Fang, 2020), and aboveground biomass (Cao et al., 2016; Yu & Saatchi, 

2016), thus enhancing our understanding of forest architecture and its ecological functions. 

Remote sensing is also revolutionising the way trait-based ecology is studied, not only 

by enabling the large-scale estimation of plant functional traits, but also by facilitating 

assessments of functional trait diversity and redundancy. Because many of these traits influence 

plant optical and structural properties, they can be inferred from remotely sensed data (Asner 

& Martin, 2016; Ustin & Gamon, 2010). Airborne imaging spectroscopy has played a 

foundational role in mapping plant functional traits. Platforms such as NASA’s AVIRIS, the 

Global Airborne Observatory, HyMap, and HySpex have enabled detailed retrievals of leaf 

chemical and physiological traits across diverse ecosystems (Ali et al., 2016; Kattenborn et al., 

2017; Ordway et al., 2022; A. Singh et al., 2015). These studies, often using techniques like 

partial least squares regression and radiative transfer models, have shown that hyperspectral 

data can reliably estimate traits like leaf nitrogen, leaf mass per area, and water content. 

However, airborne campaigns remain limited by high operational costs, data availability, 

sparse geographic and temporal coverage, and a lack of repeated coverage, restricting their 

utility for long-term or continental-scale monitoring. 

Combining hyperspectral imaging with LiDAR has proven particularly valuable for 

characterising both biochemical and structural traits (Fu et al., 2024). For instance, 

hyperspectral data provide detailed spectral signatures of leaf chemistry, while LiDAR captures 

vertical forest structure (Ewald et al., 2018), enabling a fuller picture of trait distributions and 

ecosystem complexity (Asner et al., 2007; Asner, Martin, et al., 2015; Shi et al., 2018). Studies 

demonstrate that such integration enhances estimates of biodiversity and enables trait-based 
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measures of ecosystem heterogeneity (Kamoske et al., 2022; Ming et al., 2024; Zheng et al., 

2022). 

Satellite multispectral remote sensing, though lower in spectral resolution than 

hyperspectral systems, offers global, frequent, and consistent coverage. Missions such as 

Sentinel-2, Landsat, and MODIS have been applied to map key traits (e.g., chlorophyll content, 

SLA, and leaf water content) (Aguirre-Gutiérrez et al., 2021, 2025; An et al., 2024; S. Liu et 

al., 2024; Švik et al., 2023; Wan et al., 2024). While limited in trait specificity, multispectral 

data contribute significantly to long-term monitoring and allow derivation of spectral diversity 

metrics and phenology-based proxies of functional composition and turnover (Rocchini et al., 

2022). The integration of satellite multispectral and LiDAR can enhance assessments of 

functional trait distributions and vertical complexity over broad spatial and temporal scales. 

However, satellite-based LiDAR coverage remains sparse and temporally constrained 

compared to spectral sensors (Bhardwaj et al., 2016). 

Despite its underuse in trait-based ecology, SAR holds immense promise for assessing 

functional traits and trait-based diversity. Unlike spectral sensors, SAR operates independently 

of sunlight and cloud cover and can penetrate canopy layers (Tsai et al., 2019). Its sensitivity 

to vegetation structure and moisture enables the estimation of traits related to biomass, wood 

density, and canopy water content (Lucas et al., 2010; Saatchi & Moghaddam, 2000; Sinha et 

al., 2015). SAR also captures vegetation heterogeneity across multiple spatial and vertical 

scales (Tsyganskaya et al., 2018), making it a powerful tool for analysing functional traits and 

biodiversity (Cavender-Bares et al., 2020), especially in tropical forests and cloudy regions 

where spectral data are often limited (Hayes & Cohen, 2007; Ningthoujam et al., 2018). Yet, 

the application of SAR-either alone or fused with spectral or LiDAR data-for ecology remains 

underexplored (Betbeder et al., 2015; Grattepanche et al., 2018). Integrating SAR data offers 

an innovative path forward in capturing plant functional trait variation and biodiversity patterns 

across diverse ecosystems. 

In addition, functional diversity metrics (e.g., functional richness, evenness, divergence, 

and dispersion) and redundancy indices derived from functional traits are essential for 

understanding ecosystem stability, productivity, and resilience. Remote sensing enables 

spatially explicit quantification of these indices, bridging the gap between species-level 

biodiversity and ecosystem functioning (Cavender-Bares et al., 2022; Lausch et al., 2016; 

Reddy, 2021). For instance, spectral diversity (i.e., variability in spectral signals) is 

increasingly used as a proxy for trait diversity and ecological heterogeneity, often 
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outperforming taxonomic diversity in predicting ecosystem processes (Schweiger et al., 2018). 

Furthermore, by first estimating functional traits at fine scales, indices including functional 

richness, functional evenness, functional divergence (Aguirre-Gutiérrez et al., 2025; Durán et 

al., 2019; Helfenstein et al., 2022; Schneider et al., 2017), and functional dispersion (Ma et al., 

2019, 2020) can be computed across landscapes. These approaches are particularly promising 

for linking biodiversity patterns to ecosystem services and disturbances (Abelleira Martínez et 

al., 2016; Cavender-Bares et al., 2022). 

Nevertheless, several challenges remain. Trait detection is challenged by factors like 

canopy structure, background noise (e.g., soil), phenological variation, and sensor limitations 

(Bian et al., 2022; Tang et al., 2016). Merging datasets across sensors, campaigns, and 

ecosystems is also difficult due to inconsistencies in resolution, protocols, and calibration 

(Pasetto et al., 2018). Despite these hinders, recent and ongoing satellite missions (e.g., 

BIOMASS and Surface Biology and Geology) and methodological advances in modelling and 

machine learning are poised to deliver more consistent and global-scale trait and diversity maps. 

In summary, the combination of remote sensing technologies including hyperspectral, 

multispectral, LiDAR, and SAR provides an increasingly robust framework for mapping not 

only plant functional traits but also the spatial patterns of functional trait diversity and 

redundancy. This integration is essential for advancing our understanding of ecosystem 

structure, function, and resilience in the face of rapid environmental change (Cavender-Bares 

et al., 2020). 

 

2.3.5. Data fusion and advanced analytical techniques 

The most comprehensive characterisation of forest ecosystems and their functional traits often 

arises from the synergistic use of multiple remotely sensed data types (data fusion) 

(Mohammadpour & Viegas, 2022; Torabzadeh et al., 2014) and the application of advanced 

analytical techniques. Integrating data from multiple sensor types enables a more complete 

characterisation of vegetation. This is because each sensor type captures different, yet 

complementary aspects of plant systems: passive sensors are sensitive to foliar biochemical 

properties, while active sensors provide critical structural information. For example, combining 

spectral data (sensitive to biochemistry) with LiDAR (sensitive to structure) and SAR 

(sensitive to structure and moisture) can provide a more holistic view of forest composition 

and function than any single sensor alone (Alonzo et al., 2014; Cavender-Bares et al., 2020). 
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By bringing these data sources together, researchers can generate richer and multidimensional 

representations of forest composition, structure, and function (Guimarães et al., 2020; Lausch 

et al., 2018). 

Furthermore, extracting ecologically meaningful information from these complex and 

high-dimensional datasets necessitate the use of advanced analytical techniques (Asner, Martin, 

et al., 2015; Himeur et al., 2022). Machine learning algorithms such as Random forests (RF) 

(Breiman, 2001) and Partial Least Squares Regression (Wold et al., 2001) are frequently used 

to model complex and non-linear relationships between spectral or structural signals and 

ecological variables such as plant traits (Aguirre-Gutiérrez et al., 2021, 2025; Féret et al., 2019), 

species distributions (Anand et al., 2021; He et al., 2015b), and biodiversity indices (Aguirre-

Gutiérrez et al., 2025; Zheng et al., 2021, 2023). More recently, deep learning approaches 

(LeCun et al., 2015), including Convolutional Neural Networks (LeCun & Bengio, 1998) and 

Multilayer Perceptron (MLP) (Rosenblatt, 1958), are being explored for their capacity to 

automatically learn hierarchical features from imagery, potentially improving classification and 

prediction tasks in ecological studies (Borowiec et al., 2022; Park & Lek, 2016; Pichler & 

Hartig, 2023) including mapping plant functional traits (Cherif et al., 2023b). 

Together, the integration of diverse sensor systems with cutting-edge analytical tools is 

rapidly advancing the ability to monitor forest functional diversity at broad scales (Ma et al., 

2020). These developments are laying the foundation for operational systems that can track 

biodiversity patterns and ecological resilience over time (Cavender-Bares et al., 2022), helping 

to address critical questions about ecosystem responses to climate change and other global 

pressures (Pettorelli et al., 2018; Zhao et al., 2023). 

 

2.4. Bridging the gaps: research imperatives and thesis contributions 

Despite rapid advances in remote sensing and trait-based ecology, key challenges remain in 

accurately and consistently mapping a broad set of functional traits across complex forested 

landscapes. While imaging spectroscopy and LiDAR have proven valuable for capturing some 

traits, scaling these methods to pan-tropical forests remain difficult due to sensor limitations, 

forest heterogeneity, and logistical constraints (Aguirre-Gutiérrez et al., 2025; Durán et al., 

2019; Ordway et al., 2022). This thesis addresses the need for integrative approaches by 

evaluating the complementary strengths of spectral, LiDAR, and SAR data, and by comparing 
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advanced modelling techniques including machine learning and deep learning for robust and 

scalable trait estimation (Chapter 4). 

Equally important is the empirical application of functional diversity theory across 

ecologically significant but understudied regions. In South American temperate forests, 

functional trait composition, diversity, and redundancy remain poorly characterised (Gutiérrez 

et al., 2014), despite their relevance for understanding ecosystem responses to environmental 

gradients. This thesis fills this gap by examining how different facets (morphology, nutrients, 

photosynthesis, and hydraulics) of functional diversity and redundancy are driven by multiple 

environmental variables, offering new insights into the resilience and vulnerability of these 

unique ecosystems, and informing conservation and land management efforts in a changing 

climate (Chapter 5). 

The role of functional diversity and redundancy in modulating forest resilience, 

particularly with respect to carbon cycling, is also not fully understood (Hisano et al., 2024). 

While biodiversity is widely recognised as a stabilising force, the mechanisms linking trait 

variation to carbon stocks and carbon dynamics under climate stress remain unclear. This 

research investigates how initial levels of functional diversity and redundancy influence carbon 

stocks and dynamics in both temperate and tropical forests, which aims to clarify how different 

trait dimensions contribute to ecosystem stability under disturbance, particularly in terms of 

intensifying warming and drought conditions (Chapter 6). 
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Chapter 3 Overview of methods 

This thesis employs a multi-faceted methodological approach, integrating data from various 

sources and utilising advanced analytical tools. The research combines field-based ecological 

data, remotely sensed observations from multiple platforms, and environmental datasets across 

multiple forest sites. Key methodological components include the characterisation of study 

areas and sampling design, compilation and processing of vegetation census data and remotely 

sensed data, calculation of functional trait composition, diversity, redundancy, and carbon 

resilience metrics, and the development of predictive models to explore trait-environment 

relationships and assess ecosystem resilience. Each step in the workflow is designed to support 

robust and spatially explicit analyses of functional traits and forest dynamics. Fig. 1.2 presents 

a general workflow diagram that summarises the methodological framework applied across the 

thesis. 

 

Fig. 3.1. Overview of thesis workflow. The workflow progresses from data collection to trait 

modelling and analysis, and finally to applications in biodiversity and resilience assessment. 

 

3.1. Study sites 

For Research question 1, Chapter 4, we used data from 1814 georeferenced vegetation plots 

compiled from the Global Ecosystems Monitoring network (GEM, 

http://gem.tropicalforests.ox.ac.uk/), (Malhi et al., 2021), the Monitoreo Nacional Forestal 

network (MONAFOR, http://fcfposgrado.ujed.mx/monafor/inicio/), and associated 
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http://gem.tropicalforests.ox.ac.uk/
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contributors to ForestPlots network (https://forestplots.net/) (Lopez-Gonzalez et al., 2011). 

These plots span a wide range of environmental conditions across tropical forests and together 

represent a sampled area of 799.5 ha. Each plot includes detailed census data on individual 

trees, including species identification (standardised using the Taxonomic Name Resolution 

Service [TNRS, https://tnrs.biendata.org]), spatial location within the plot, and structural 

measurements such as diameter at beast height (DBH), tree height, and basal area (see Section 

4.6. Methods for details).  

For Research question 2, Chapter 5, the study area spans temperate forests along a 

broad latitudinal gradient (approximately 30°S to 53°S) in Chile. Climate across this range 

varies substantially, from hot, dry summers in the north to cool, wet conditions in the south, 

with annual precipitation ranging from 450 to 4500 mm and mean annual temperatures from 

5.7°C to 13°C. At each site, we established two or three permanent plots, totalling 16 vegetation 

plots and 8104 individual trees (≥10 cm DBH) identified to species level. Specifically, we 

established three 0.36-ha plots in Las Cabras, three 0.36-ha plots in Radal Siete Tazas, two 1-

ha plots in San Pablo de Tregua, two 0.6-ha plots in Alerce Costero National Park, two 1-ha 

plots in Correntoso, two 1-ha plots in Trapananda National Reserve, and two 1-ha plots in 

Magallanes National Reserve. While most plots represent temperate forest types, the Las 

Cabras plots are also characteristic of drier, shrubbier vegetation; for simplicity, we refer to all 

sites as “forests”. Dominant tree species (by basal area) varied by site and included Lithraea 

caustica, Peumus boldus, Austrocedrus chilensis, Nothofagus dombeyi, Nothofagus obliqua, 

Laureliopsis philippiana, Saxegothaea conspicua, Drimys winteri, Fitzroya cupressoides, 

Nothofagus betuloides, Nothofagus pumilio, and Nothofagus antarctica. 

For Research question 3, Chapter 6, repeated forest census data were compiled from 

293 structurally intact plots across Mexico, spanning latitudes 16.02° to 30.33°N and 

longitudes 87.77° to 108.68°W (Gadow, 2023). These plots are part of the MONAFOR 

network (http://fcfposgrado.ujed.mx/monafor/inicio/), established by the Mexican National 

Forestry Commission to support sustainable forest management and long-term ecological 

monitoring. Each plot (0.25 ha, totalling 73.25 ha) was free from fire and anthropogenic 

disturbance (Brienen et al., 2015; Hubau et al., 2020), and was censused two to three times 

between 2007 and 2021, yielding 690 census intervals with a mean interval of 6.77 years. The 

dataset includes 13056 trees with DBH≥5 cm, representing 194 species, with plot-level species 

richness ranging from 1 to 45 (mean=9.65). Most plots are in temperate forests (278 plots), 

with the remainder in tropical forests (15 plots). Tree measurements followed the protocol of 

https://forestplots.net/
https://tnrs.biendata.org/
http://fcfposgrado.ujed.mx/monafor/inicio/
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Corral-Rivas et al. (2009). Trees were permanently tagged at breast height to enable 

remeasurement. The MONAFOR platform provides infrastructure for data entry, visualisation, 

and analysis. 

 

3.2. Data 
3.2.1. Functional trait data 

For Research question 1, Chapter 4, we applied the pixel-level CWM trait method from 

Aguirre-Gutiérrez et al. (2025), calculating CWM values of 15 traits for each 10×10 m 

Sentinel-2 pixel based on the canopy area occupied by individual tree crowns within that pixel. 

Our analysis included 79955 pixels across 1814 permanent forest plots in 18 countries spanning 

the all tropical continents. For each plot, we geolocated individual trees and, where crown maps 

were unavailable, estimated crown polygons using regional allometric equations. CWM values 

were computed using crown area as a weighting factor, and only pixels with ≥70% basal area 

coverage from trees with trait data were retained. A full methodological description is provided 

in Aguirre-Gutiérrez et al. (2025). 

For Research question 2, Chapter 5, we collected data from 8104 individuals across 

16 vegetation plots mentioned in Section 3.1. Study sites spanning a wide latitudinal and 

elevational gradient (from 327.34 to 1251.71 m). While most plots represent temperate forests, 

plots in Las Cabras also include drier and shrubby vegetation-hereafter all referred to as 

“forests”. Fieldwork took place between February 2020 and January 2022. To assess functional 

trait composition (CWM and CWV), functional diversity (FDis), and functional redundancy 

(FRed), we measured and calculated 24 plant functional traits (see Supplementary Sample 

design and Trait measurement in Chapter 5 for details) across four categories: morphological, 

chemical (leaf nutrients), hydraulic, and photosynthetic traits. These traits capture key aspects 

of plant structure, physiology, and ecological strategies. Data were collected for the most 

abundant species in each plot, ensuring at least 80% basal area coverage with trait values. 

For Research question 3, Chapter 6, we used individual-level census data that were 

measured and calculated by local researchers in Mexico and species-level trait data from 

existing global trait databases including the TRY (Kattge et al., 2011, 2020) and the Botanical 

Information and Ecology Network (BIEN) (Maitner et al., 2018) to calculate FDis and FRed. 
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3.2.2. Remotely sensed data 

This study integrated and processed multi-source remotely sensed data from satellites, drones, 

and handheld sensors, including multispectral, SAR, and LiDAR datasets. Specifically, 

multispectral images were sourced from Sentinel-2 (Research questions 1 and 2, Chapters 4 

and 5), PlanetScope (https://www.planet.com, Research question 2, Chapter 5), and the 

MicaSense Altum multispectral camera (Research question 2, Chapter 5). SAR data were 

obtained from Sentinel-1 (Research question 1, Chapter 4), while LiDAR measurements 

were derived from GEDI (Research question 1, Chapter 4) and the Global Forest Canopy 

Height (GFCH) product that integrated GEDI and Landsat data (Potapov et al., 2021) 

(Research question 2, Chapter 5). All satellite images and derived products (Sentinel-1, 

Sentinel-2, GEDI, and GFCH) were accessed and processed through the Google Earth Engine 

(GEE) (Gorelick et al., 2017), a cloud-based geospatial platform offering free access to 

petabytes of remotely sensed data and ready-to-use products, high-performance parallel 

processing, and integrated machine learning algorithms (Tamiminia et al., 2020). 

 

3.2.3. Environmental variables 

A range of environmental datasets were integrated to model trait-environment relationships 

and identify key drivers of functional diversity and redundancy and carbon resilience. Climate 

variables, such as temperature (in °C), vapour pressure deficit (VPD, in kPa), and maximum 

climatological water deficit (MCWD, in mm) (Malhi et al., 2009), were sourced from the 

TerraClimate dataset (Abatzoglou et al., 2018), which provides monthly climate data at ~ 4 km 

(Research questions 1, 2, and 3, Chapters 4, 5, and 6). Soil properties, including texture, 

organic carbon, and pH, were obtained from SoilGrids at 250 m (Hengl et al., 2017) (Research 

questions 1 and 2, Chapters 4 and 5), while topographic variables (slope and aspect) were 

derived from the Shuttle Radar Topography Mission (SRTM) digital elevation data at 30 m 

(Farr et al., 2007) (Research questions 1 and 2, Chapters 4 and 5). Hydrological stress 

including evapotranspiration (ET, in mm), evaporative stress index (ESI, unitless), and water 

use efficiency (WUE, in g C kg−1 H2O) was characterised using data from the ECOsystem 

Spaceborne Thermal Radiometer Experiment on Space Station (ECOSTRESS), which 

provides high-resolution (70 m) thermal imagery for estimating evapotranspiration and water 

stress patterns (Fisher et al., 2020) (Research question 2, Chapter 5). These environmental 

https://www.planet.com/
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variables were harmonised with remotely sensed data to assess environmental filtering, trait 

variation, and ecosystem function across spatial gradients. 

 

3.3. Calculating functional trait composition, diversity, and redundancy, 

and carbon resilience 
CWM (Research questions 1 and 2, Chapters 4 and 5) and CWV (Research question 2, 

Chapter 5) for each functional trait is calculated as follows: 

CWM=∑ BAi×tiN
i=1
∑ BAi

N
i=1

                                                      (1) 

                                                        CWV=∑ BAi×(ti-CWM)
2N

i=1
∑ BAi

N
i=1

                                          (2) 

where N is the total number of tree individuals in a community, which, in this thesis, a plot, 

BAi and ti denote the basal area and trait value of the ith individual. 

FDis of each trait category (morphology, nutrients, hydraulics, and photosynthesis for 

Research question 2, Chapter 5, and morphology and nutrients for Research question 3, 

Chapter 6) is calculated using the “dbFD” function of the R “FD” package (Lalibert et al., 

2014): 

                                        FDis= ∑ BAi×ziN
i=1
∑ BAi

N
i=1

                                                             (3) 

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, FRed of each trait category (morphology, nutrients, hydraulics, and 

photosynthesis for Research question 2, Chapter 5, and morphology and nutrients for 

Research question 3, Chapter 6) is derived from the “uniqueness” function of the R “adiv” 

package: 

                                                          FUni=
∑ pi×∑ pjδij

N
j=1

N
i=1

∑ pj(1-pi)
N
j=1

                                               (4) 

                                                                FRed=1-FUni                   (5) 

where N is the total number of tree individuals in a plot, FUni is functional uniqueness that 

refers to the distinctiveness of species with similar traits measured at community level, pi with 
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0<pi≤1 and ∑ pi
N
i=1 =1 represents the relative abundance of a given species i, and δij denotes the 

pairwise functional dissimilarity between species i and j (δij=δji and δii=0). 

For Research question 3, Chapter 6, I used repeated forest inventory plot data 

between 2007 and 2021 in Mexico to calculate carbon stocks (in Mg C ha-1) and carbon 

dynamics including carbon gains (in Mg C ha-1 yr-1), carbon losses (in Mg C ha-1 yr-1), and net 

carbon sink (in Mg C ha-1 yr-1). Specifically, I applied allometric equations to calculate 

aboveground carbon (AGC) for temperate and tropical forests in Mexico, then plot-level carbon 

stocks in each census were estimated as the sum of the AGC of all living trees, scaled by plot 

area (0.25 ha). Carbon gains were calculated as the AGC accumulated by surviving trees plus 

that of recruits, divided by the census interval and scaled per hectare. Carbon losses were 

estimated as the AGC of trees that died during the interval, also scaled by census length and 

area. Net carbon sink was calculated as gains minus losses (see Section 6.6. Methods for 

details). Finally, I quantified temporal change rate in carbon stocks (in Mg C ha-1 yr-1) and 

carbon dynamics (in Mg C ha-1 yr-2). 

 

3.4. Modelling 

The RF machine learning algorithm was applied to model relationships between remotely 

sensed predictors, environmental variables, and trait CWM (Research questions 1 and 2, 

Chapters 4 and 5), CWV (Research question 2, Chapter 5), FDis (Research question 2, 

Chapter 5), and FRed (Research question 2, Chapter 5). The deep learning algorithm MLP 

was also employed to map and predict trait CWMs across the tropics using remotely sensed 

data and environmental variables for Research question 1, Chapter 4. I selected the 

coefficient of determination (R2) and the root mean square error (RMSE) metrics to evaluate 

the model performance of both RF and MLP algorithms. Furthermore, I extracted the variable 

importance score for each predictor to determine the contribution of different predictors 

(Research questions 1 and 2, Chapters 4 and 5). 

For Research question 3, Chapter 6, I fitted the linear mixed-effects models (LMMs) 

to estimate the rate of change in the carbon metrics over time, considering potential drivers 

including temporal trends (calendar year), FDis, FRed, and climatic variables (see Section 6.6. 

Methods for details). 
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Chapter 4 Multimodal remote sensing fusion for functional trait 

estimation across tropical forests: comparing machine learning and 

deep learning approaches (Paper 1) 

4.1. Preface 

As the technical foundation of this thesis, this chapter (Paper 1) focuses on identifying the 

most effective and robust fusion of remotely sensed data and modelling approaches for 

mapping plant functional traits, considering community-weighted means (CWMs), across 

tropical forests. By systematically comparing traditional machine learning and deep learning 

algorithms using multi-source remotely sensed and trait CWM data, this chapter establishes 

the methodological framework for trait estimation applied in subsequent chapters. The 

approaches developed here are further used in Paper 2 to map trait variance, functional 

diversity, and redundancy across temperate forests and to identify areas of potential ecological 

resilience. Paper 3 then builds upon these results to explore how functional diversity and 

redundancy relate to carbon resilience under intensifying warming and drought across 

temperate and tropical forests in Mexico. 

 

4.1.1. Highlights 

This chapter developed and evaluated a methodological framework for mapping plant 

functional traits across tropical forests by integrating multi-source remotely sensed data with 

advance algorithms. By comparing Random forests and Multilayer Perceptron, we predicted 

15 key functional traits at 10-m resolution, achieving the highest accuracy for nutrient traits, 

with multispectral data contributing most consistently. 

This paper is prepared for submission to Nature Communications, which requires the 

Method section to be placed at the end of the manuscript in accordance with the journal’s author 

guidelines. 
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4.2. Abstract 

Tropical forests play a vital role in adjusting the global climate and atmosphere. Accurately 

monitoring their functional composition and structure is of high priority for mitigating 

biodiversity loss. The main goal of this study is to evaluate to what extent remotely sensed data 

and environmental variables can be useful to map and predict functional traits including 

morphology, nutrients, and photosynthesis across the tropics with artificial intelligence 

methods. We integrated multi-source remotely sensed data with in-situ plant trait 

measurements from 1814 plots to map and predict 15 functional traits at 10 m resolution. Two 

approaches were compared: a machine learning algorithm (Random forests, RF) and a deep 

learning algorithm (Multilayer Perceptron, MLP). Across pan-tropical forests, RF generally 

outperformed MLP, and it yielded higher predictive accuracies with mean R2 scores of 0.42, 

0.41, and 0.62 for predicting photosynthetic, morphological, and nutrient traits, respectively. 
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We further explored trait distribution and variation across multiple spatial scales and identified 

main factors in driving the distribution and variation of each trait, with multispectral images 

contributing most strongly to predictions. Our results demonstrate that multimodal remote 

sensing, particularly when coupled with machine learning, provides an effective approach for 

mapping functional traits and offers valuable insights into biodiversity-ecosystem function 

relationships under global environmental change in the most biodiverse terrestrial ecosystem. 

 

Keywords: Functional traits; Tropical forests; Traits distribution and variation; 

Sentinel-1; Sentinel-2; GEDI; Environmental drivers; Random forests; 

Multilayer Perceptron 

 

4.3. Main 

As the most biodiverse ecosystems on Earth (Cooper et al., 2024) and home to over half of 

global biodiversity (Malhi et al., 2021) and about 80% of tree species (Beech et al., 2017; ter 

Steege et al., 2016), tropical forests play a critical role in stabilising the global carbon cycle 

(Cuni-Sanchez et al., 2021; Pan et al., 2011; Zhang-Zheng et al., 2024) and sustaining global 

biodiversity (Malhi et al., 2022) from both ecological and biological points of view. However, 

tropical forests are suffering from unprecedented negative impacts from deforestation and 

forest degradation due to a combination of ongoing climate change and direct human-induced 

disturbances (França et al., 2020). To quantify the potential of tropical forests for mitigating 

climate change and maintaining Earth’s biodiversity and offering an empirical reference for 

policymakers and decision-making progress (Aguirre-Gutiérrez et al., 2025; Gurdak et al., 

2014), there is an urgent need to adequately understand and track the ecological dynamics 

across tropical forests. 

Building on the recognition of the critical role that tropical forests play in global 

biodiversity and climate regulation, accurately mapping and predicting plant functional traits 

across these ecosystems emerges as a vital approach to deepening and strengthening our 

understanding of their ecological dynamics. Functional traits are defined as any morphological, 

physiological or phenological property measurable at the individual level (Reiss et al., 2009), 

they affect overall plant fitness through their influence on survival, growth, and reproduction 

(Brussel & Brewer, 2021; Violle et al., 2007), and they are key indicators of how species 

interact with their environment, influence ecosystem processes, and respond to environmental 
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changes (Suding et al., 2008; Violle et al., 2007). In addition, trait-based approaches enable the 

identification of functional diversity patterns and the underlying ecological processes that drive 

biodiversity distribution, and offer a more comprehensive understanding of ecosystem 

functioning than species diversity alone (Díaz et al., 2016; Lavorel & Garnier, 2002; Thomson 

et al., 2021). This knowledge is crucial for predicting how tropical forests will respond to future 

environmental changes and for developing strategies that enhance their role in mitigating 

climate change and preserving biodiversity. However, traditional field surveys of traits are 

time-consuming and labour-intensive, making it not possible to carry out large-scale trait field 

collections, resulting in spatially biassed (e.g. towards accessible locations) and discontinuous 

trait collections in space and time (Thomson et al., 2021). Therefore, it is still rather challenging 

yet imperative to map and predict functional traits across the tropics. 

Remote sensing has proved to be a robust tool for mapping key forest variables (Chen 

et al., 2023; Lechner et al., 2020) and assessing plant and ecosystem diversity at relatively high 

spatial- and temporal- resolutions over a broad area (Nagendra, 2001; Skidmore et al., 2015; 

R. Wang & Gamon, 2019). In recent decades, studies have been carried out to estimate 

functional diversity through functional traits with passive remotely sensed imagery including 

multispectral images (Aguirre-Gutiérrez et al., 2025; Ali et al., 2017; Hauser et al., 2021; 

Helfenstein et al., 2022; Thomson et al., 2021) and hyperspectral images (Asner et al., 2017; 

Ollinger et al., 2008; Z. Wang, 2019), active remotely sensed data like light detection and 

ranging (LiDAR) (Greaves et al., 2015), or combinations of multiple platforms (Abelleira 

Martínez et al., 2016; Zheng et al., 2021). In general, passive remotely sensed data, which are 

captured by passive sensors that measure reflected sunlight emitted from the sun (Moya et al., 

2004), have been widely applied to traits mapping and estimation as they directly measure 

biophysical and biochemical properties of vegetation (Jetz et al., 2016; Ustin & Gamon, 2010). 

As for active remotely sensed data of which sensors emit electromagnetic radiation to scan 

objects and areas whereupon a sensor then detects and measures the radiation reflected or 

backscattered from the target (Byrd et al., 2005), LiDAR data have also been utilised to 

retrieval functional traits alone (Greaves et al., 2015) or with passive remotely sensed images 

(Abelleira Martínez et al., 2016). However, as the other frequently used active remotely sensed 

data source, although studies have been exploring the potential of radio detection and ranging 

(radar) data in biodiversity monitoring and ecological research, such as forest above-ground 

biomass estimation (Bouvet et al., 2018), forest area mapping (dos Santos et al., 2021; Martone 

et al., 2018), and forest biodiversity monitoring (Bae et al., 2019; Wollersheim et al., 2011), 
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traits mapping related research is rarely developed. Additionally, in comparison with optical 

remotely sensed data, whose imaging quality is dominantly influenced and limited by 

atmospheric conditions and cloud cover that typically happens in humid tropical regions (Asner, 

2001; dos Santos et al., 2021), synthetic aperture radar (SAR) sensors are able to penetrate 

thick clouds and are an ideal way for traits mapping and monitoring by offering all-sky and 

high temporal resolution observations regardless of unfavourable illumination and weather 

conditions (Mason et al., 2014). The rationale behind SAR’s applications in ecology and 

vegetation research is that SAR backscatter signals demonstrate unique sensitivity and intensity 

to different land cover types (e.g. forest, water, grassland, and bare soil) and different 

components of a certain kind of object (e.g. leaves, branches, and stems of trees) due to their 

physical and electromagnetic characteristics, and thus can extract ecologically meaningful 

structural information from terrain and vegetation (Bae et al., 2019). When combined with 

environmental variables such as climatic data, terrain characteristics, and soil properties, these 

remotely sensed data can enhance our ability to predict functional traits and produce a more 

complete understanding of traits (Aguirre-Gutiérrez et al., 2025). 

The integration of the diverse remotely sensed data sources and environmental variables 

necessitates the use of advanced machine learning and deep learning algorithms capable of 

handling high-dimensional data and capturing complex relationships between environmental 

predictors and functional traits at large spatial scales. Machine learning and deep learning are 

two prominent approaches that can manage complex datasets. Machine learning algorithms, 

such as Random forests (RF), are typically more interpretable, faster to train, require less 

computational power, and well-suited for structured data with clear patterns (Breiman, 2001; 

Domingos, 2012). In contrast, deep learning algorithms, such as Multilayer Perceptron (MLP), 

are highly effective at learning hierarchical features from large datasets and excel in capturing 

complex, non-linear relationships, especially in high-dimensional and unstructured data, which 

makes it particularly advantageous for ecological modelling like deforestation and 

fragmentation dynamics modelling (Singh et al., 2017) and landscape monitoring (Sardar & 

Samadder, 2021), where they can automatically learn spatial hierarchies and patterns directly 

from the input data. Given these differences, comparing the performance of machine learning 

and deep learning algorithms in the context of tropical forest trait mapping is essential. By 

comparing these two approaches, we aim to determine which method offers the best trade-off 

between interpretability, accuracy, and computational efficiency for predicting functional traits 

across tropical regions. 
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Here we mapped and predicted 15 functional traits (Table 4.1) including morphology, 

nutrients, and photosynthesis across the tropics by integrating three different satellite remotely 

sensed platforms: Sentinel-1 SAR observations, Sentinel-2 optical images, and Global 

Ecosystem Dynamics Investigation (GEDI) LiDAR data, and environmental variables 

including climatic characteristics, terrain, and soil properties with in-situ plant trait 

measurements across 1814 permanent plots in 18 tropical countries that cover all tropical 

continents (Fig. 4.1). We compared the performance of two widely used models: RF and MLP, 

representing machine learning and deep learning approaches, respectively, and we examined 

the effect of spatial autocorrelation on model’s performance by applying multiple cross-

validation methods at different spatial scales. We also investigated patterns of trait distribution 

and variation across different regions. Additionally, we conducted variable importance 

evaluation to find the foremost factors in driving trait distribution and variation. 

Table 4.1. Description of all functional traits in this study. 

Trait Abbreviation Unit Description 

Photosynthetic Amax µmol m-2 s-1 Light-saturated maximum rates of net 

photosynthesis at saturated CO2 (2000 ppm CO2) 

 Asat µmol m-2 s-1 Light-saturated rates of net photosynthesis at 

ambient CO2 concentration (400 ppm CO2) 

Morphological Leaf dry mass g Mass of a dry leaf 

 Leaf fresh mass g Mass of a fresh leaf 

 Leaf area cm2 One-sided area of the leaf 

 Leaf water content % Water content per unit dry leaf mass 

 Specific leaf area (SLA) cm2 g-1 A ratio indicating how much leaf area a plant 

builds with a given amount of leaf biomass 

 Leaf thickness mm Thickness of a fresh leaf 
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 Wood density G cm-3 The dry weight per unit volume of wood, the 

amount of wood in a unit 

Nutrient Leaf carbon (C) content % Carbon content per unit dry leaf mass 

 Leaf calcium (Ca) content % Calcium content per unit dry leaf mass 

 Leaf potassium (K) content % Potassium content per unit dry leaf mass 

 Leaf magnesium (Mg) content % Magnesium content per unit dry leaf mass 

 Leaf nitrogen (N) content % Nitrogen content per unit dry leaf mass 

 Leaf phosphorus (P) content % Phosphorus content per unit dry leaf mass 

 

 

Fig. 4.1. Spatial distribution of all plots across the tropics. A total of 1814 forest inventory 

plots (displayed as circles) were employed for geospatial modelling of functional traits 

mapping and prediction. Different filling colours of the circles indicated the number of trait 

types in each plot. Note that all the circles were magnified for visualisation purposes. 

 

4.4. Results 

4.4.1. Model performance 

The results of our models showed varying levels of predictive accuracy across the 15 functional 

traits (Table 4.2). RF generally achieved higher coefficient of determination (R2) values and 

lower root mean square error (RMSE) across most traits. For instance, RF outperformed MLP 
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for predicting leaf P (R2=0.79 versus R2=0.63) and Mg (R2=0.63 versus R2=0.26) contents. 

Similarly, RF achieved higher accuracy for morphological traits such as leaf thickness 

(R2=0.41 versus R2=0.08) and wood density (R2=0.61 versus R2=0.49). At the same time, 

performance differences between the two algorithms were modest for several traits, such as 

leaf dry mass (R2=0.48 versus R2=0.45), SLA (R2=0.42 versus R2=0.40), and leaf K content 

(R2=0.48 versus R2=0.47). For some traits, MLP performed equally well or slightly better than 

RF: leaf Ca content was predicted with identical accuracy (R2=0.67 versus R2=0.67), and MLP 

outperformed RF for Amax (R2=0.48 versus R2=0.43). For subsequent trait mapping, we adopted 

RF because of its more consistent performance across trait groups. 

In addition, we noticed distinct predictive patterns across the three groups of functional 

traits from both RF and MLP algorithms. Nutrient traits were predicted with the highest 

accuracy, especially by the RF algorithm (mean R2=0.62). The MLP algorithm, while generally 

less accurate, also performed best on nutrient traits. Photosynthetic traits (Amax and Asat) were 

moderately predicted by both algorithms, with the only exception that MLP slightly 

outperformed RF (R2=0.43 and 0.48 for predicting Amax from RF and MLP, respectively). 

Eventually, morphological traits were more challenging to predict, especially leaf fresh mass 

and leaf area, which had lower R2 values in both algorithms . RF achieved moderate accuracy 

for leaf thickness (R2=0.41), whereas MLP struggled more with this trait as it achieved the 

lowest R2 of 0.08. Furthermore, we conducted four cross-validation approaches (see Methods) 

to explore the reliability of the RF regression algorithm used to predict traits at multiple spatial 

scales. For the leave-one-cluster-out approach, we applied the Moran’s I test on model residuals 

to quantify spatial autocorrelation, and we consistently found strong spatial correlation (P-

values<0.05) for each trait (Supplementary Table S4.1). We then grouped trait observations 

into clusters based on the distance threshold (ranging from ~0.15 to ~3.06 km, Supplementary 

Table S4.1) from empirical variogram analysis. We noticed R2 remained relatively high 

using leave-one-cluster-out (Supplementary Table S4.2) and leave-one-plot-

out (Supplementary Table S4.3) cross-validation, it dropped more in the leave-one-country-

out (Supplementary Table S4.4) method, and this trend became clearer in the leave-one-

continent-out approach, where R2 values decreased to the lowest for most traits 

(Supplementary Table S4.5), especially when we left the Americas out, in which most trait in-

situ data were available. 

Table 4.2. Evaluation results of prediction accuracy for functional traits. 
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Type Trait 
R2 RMSE 

RF MLP RF MLP 

Photosynthetic Amax 0.43 0.48 3.79 0.08 

 
Asat 0.40 0.27 1.40 1.70 

 
 mean=0.42 mean=0.38   

Morphological Leaf dry mass 0.48 0.45 2.58 3.79 

 
Leaf fresh mass 0.24 0.17 5.80 7.28 

 
Leaf area 0.33 0.23 170.11 161.24 

 Leaf water content 0.38 0.29 4.22 4.69 

 
SLA 0.42 0.40 22.73 22.79 

 
Thickness 0.41 0.08 4.56 7.21 

 
Wood density 0.61 0.49 0.07 0.08 

 
 mean=0.41 mean=0.30   

Nutrient C 0.52 0.43 1.19 1.59 

 
Ca 0.67 0.67 0.20 0.30 

 
K 0.48 0.47 0.19 0.21 

 
Mg 0.63 0.26 0.06 0.09 

 
N 0.61 0.52 0.26 0.31 

 
P 0.79 0.63 0.02 0.03 

    mean=0.62 mean=0.50 
  

 

4.4.2. Functional trait distribution and variation at continental scale 

The variation in functional traits was substantial across all tropical continents (Figs. 4.2, 4.3, 

Supplementary Table S4.6). Both photosynthetic traits showed notable differences, with Amax 
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highest in Africa (median: 14.43 μmol m-2 s-1) compared to Asia (13.45 μmol m-2 s-1) and the 

Americas (12.24 μmol m-2 s-1). Asat followed the similar pattern, being higher in Africa (median: 

6.04 μmol m-2 s-1) than in Asia (5.17 μmol m-2 s-1) and the Americas (5.10 μmol m-2 s-

1). Moreover, morphological traits showed wide ranges, with leaf area having a median of 

167.18 cm2 in Africa, compared to 90.64 cm2 in the Americas and 89.18 cm2 in Asia, but with 

much larger variation (standard deviation>200 cm2) in the Americas and Asia. Median values 

of leaf dry mass, fresh mass, SLA, and wood density were all generally the highest in Africa, 

yet median leaf thickness was the lowest in Africa. While the highest median leaf thickness 

was found in the Americas, the corresponding median leaf dry mass and fresh mass in the 

Americas were the lowest. Nutrient traits revealed relatively moderate variation compared to 

photosynthetic and morphological traits. And like photosynthetic and morphological traits, 

most median nutrients’ lowest values were frequently found in the Americas (0.60%, 0.61%, 

0.24%, and 0.09% for leaf contents of Ca, K, Mg, and P, respectively), leaf C content was 

relatively stable across continents, around 45-48%. In addition, we consistently noticed that all 

P-values from the one-way analysis of variance test were smaller than 0.05, thus significant 

differences in the 15 functional traits across continents were suggested. Then the post-hoc 

Tukey honestly significant difference analysis (Supplementary Table S4.7) further 

demonstrated specific differences between continents pairwise. Both photosynthetic traits 

exhibited significant differences between all continent pairs, with Africa showing significantly 

higher Amax than both the Americas and Asia (P-values<0.05), and Asia having higher Amax 

than the Americas (P-values<0.05). For Asat, Africa had higher values compared to both the 

Americas and Asia, while Asia exceeded the Americas. Morphological traits like leaf area, dry 

mass, and fresh mass showed substantial differences between Africa and the Americas/Asia, 

with Africa having clearly larger and heavier leaves. However, no significant difference was 

found between Asia and the Americas for these three leaf morphological traits. SLA was also 

significantly higher in Africa compared to both the Americas and Asia, with Asia having the 

lowest SLA. The numerical differences in wood density observed between continent pairs were 

minor compared to other morphological traits that exhibited greater variability. At last, 

nutrients tended to show nonsignificant differences as mean trait differences larger than 1% 

were only found in leaf contents of C. In specific, Africa had the highest leaf contents of Ca, 

N, and P compared to the Americas and Asia. Leaf C content was relatively higher in the 

Americas. 
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Fig. 4.2. Spatial distribution of plant functional traits. a-c, trait maps of Amax, leaf area, and 

Mg content, respectively, representing photosynthetic, morphological, and nutrient traits. All 

trait maps see Supplementary Figs. S4.1 to S4.12. 

a

b

c
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Fig. 4.3. Functional trait distributions and variations at continental and pan-tropical 

scales. a-c, violin plots for distributions and variations of Amax, leaf area, and Mg content, 

respectively. Inside each violin plot is a box plot demonstrating the median value, mean value, 

interquartile range, and 1.5 times interquartile range of a trait. The wider sections of the violin 

plot indicate a higher probability that multiple trait variables distribute around this given value, 

while the thinner sections represent a lower probability. All trait distribution and variation plots 

see Supplementary Figs. S4.13 to S4.24. 

 

4.4.3. The most relevant variables to map and predict functional traits 
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Based on the importance measurement of every input variable from the RF regression 

algorithm for predicting functional traits (Supplementary Fig. S4.25), we calculated mean and 

median importance scores for the six input variable groups (Fig. 4.4): SAR data, spectral 

images, LiDAR metrics, and properties of climate, soil, and terrain (selection of specific 

variables and generated metrics see Methods). The results highlighted the critical role of 

spectral remotely sensed data in predicting all trait groups. Spectral bands and related indices 

consistently emerged as the top predictor for all seven morphological traits and the majority of 

nutrients including leaf Ca, K, N, and P contents. For the rest traits, spectral data were also 

important variables by ranking the second for Asat, leaf C, and Mg contents and the third for 

Amax. SAR data were particularly important for both photosynthetic traits and leaf Mg content, 

and SAR data and terrain property (slope in this study) ranked moderately across most traits. 

Soil and climate variables generally ranked lower, and LiDAR metrics consistently ranked the 

last for most traits (all morphological traits and nutrients except for SLA and leaf N content). 

 

Fig. 4.4. Variable importance assessment results. In each box, the white diamond is the mean 

variable importance score, the three black horizontal lines from the bottom to the top denote 

the first (25%) quartile, median (50%), and the third (75%) quartile of a variable’s importance 
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score. The two black vertical lines are whiskers that extend to maximum (upward) and 

minimum (downward) of a variable’s importance score. Area: leaf area, DM: leaf dry mass, 

FM: leaf fresh mass, LWC: leaf water content, Thickness: leaf thickness, WD: wood density. 

 

4.5. Discussion 

We structure the discussion around three main findings of this study: the comparative 

performance of RF and MLP algorithms, differences in trait predictability across functional 

groups, and the relative contributions of multispectral, SAR, and LiDAR data, which is 

summarised in Table 4.3, with further details provided in the following subsections. 

Table 4.3. Summary of model performance, trait predictability, and relative sensor 

importance in predicting functional traits across the tropics. 

Key finding Evidence Interpretation Implications 

RF 
outperforms 
MLP 

RF shows higher R2 and lower 
RMSE across most traits 
compared to MLP 

RF can handle 
heterogeneous ecological 
datasets and smaller sample 
sizes better than MLP 

Ensemble methods are 
highly suitable for trait 
mapping 

Trait 
predictability 
varies across 
groups 

Nutrients and photosynthetic traits 
have higher predictive accuracy; 
morphological traits show weaker 
performance 

Nutrients are more directly 
linked to spectral properties; 
morphological traits less 
visible to current RS data 

Future hyperspectral 
missions and data 
integration are needed 
to improve trait 
predictions 

Relative 
sensor 
importance 

Multispectral data consistently top 
predictors; SAR contributes 
indirectly to photosynthesis; 
LiDAR adds value for SLA and N 

Multispectral is robust 
across traits; SAR provides 
indirect info; LiDAR 
captures 3D canopy 
structure 

Multi-sensor 
integration enhances 
trait mapping 

 

4.5.1. Model performance in pan-tropical trait mapping 

As far as we are aware, this study is the first to map and predict a wide range of plant functional 

traits by leveraging the three common types of remotely sensed data: optical, SAR, and LiDAR, 

combined with environmental variables including climate, soil, and terrain across the tropics 

using the largest known tropical trait dataset. When compared to other research efforts that 

used only spectral and environmental data, our integrated approach shows comparable or even 

improved accuracy for some traits like leaf dry mass, leaf water content, and leaf contents of 

Ca, Mg, N, P (Aguirre-Gutiérrez et al., 2025). 

The use of the traditional machine learning algorithm RF regression provides reliable 

results, outperforming a deep learning method MLP algorithm. RF’s ensemble approach is 
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particularly well-suited to heterogeneous ecological datasets because it can flexibly capture 

nonlinear relationships, handle missing values (Cutler et al., 2007), and reduce the risk of 

overfitting through bootstrapped aggregation (Breiman, 2001). In contrast, the MLP algorithm 

requires very large and well-balanced training datasets to generalise effectively, and although 

around 40000 pixels per trait represents a substantial sample size for ecological applications, it 

is still modest for deep learning, which typically relies on orders of magnitude more data 

(Vabalas et al., 2019).  Furthermore, we opt for MLP as a baseline deep learning approach due 

to its widespread use and interpretability, while recognising that more advanced architectures 

(e.g. recurrent neural networks) may be better suited to capturing spatial patterns or sequential 

dependencies in remotely sensed data. Future research can test such algorithms, especially with 

the availability of larger training datasets from harmonised trait databases. 

In terms of model evaluation, we apply leave-one-plot/cluster/country/continent-out 

cross-validation methods to assess the spatial robustness of RF algorithm, and it shows that 

trait predictions are highly accurate at local scales but decrease as the spatial scale of validation 

increased. And as model performance diminishes as the spatial scale increases, a presence of 

strong regional effects and spatial variation in trait-environment relationships is noticed. This 

indicates that while algorithms capture trait-environment relationships well within smaller 

regions, they may face challenges when applied across broader geographic areas, which 

indicates some heterogeneity in trait-environment dynamics, and previous studies have shown 

similar spatial autocorrelation challenges (Meyer et al., 2018). 

Another limitation is the comparatively weak predictive performance for 

morphological traits such as SLA and leaf thickness. These traits are less directly expressed in 

spectral signals than biochemical traits (e.g. leaf N, P, or water content) and may therefore 

require higher spectral resolution (e.g. forthcoming hyperspectral sensors such as NASA’s 

Surface Biology and Geology) or novel modelling frameworks to improve predictions. 

Similarly, SAR data, while not directly related to leaf-level traits, contributed indirectly to 

photosynthetic traits and Mg content by capturing canopy structure and moisture dynamics. 

This highlights the complementary value of integrating multiple sensor modalities, even when 

the mechanistic links to traits are indirect. 

 

4.5.2. Trait distribution and variation patterns 
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The variation in functional traits observed at continental scale can largely be attributed to the 

influence of environmental gradients, including climate, soil properties, and terrain across 

regions. Photosynthetic traits, Amax in particular, are strongly influenced by climatic factors 

(Fig. 4.4). Recent studies have shown how water availability directly impacts plant 

photosynthetic activity, with higher Amax and Asat values corresponding to regions with stable 

moisture levels (Anderegg et al., 2019; Grossiord et al., 2020). In regions where water stress is 

less pronounced, plants exhibit higher photosynthetic capacities (Supplementary Table S4.6) 

compared to more arid regions, where plants face higher water stress and soil limitations. 

For most morphological traits, the observed differences likely reflect regional 

adaptations to terrain and soil conditions. Larger and heavier leaves observed (Supplementary 

Table S4.6) suggest that increased precipitation and soil fertility promote larger and heavier 

leaves that optimise photosynthesis (Wright et al., 2017). Conversely, smaller leaves may be 

an adaptation to water-limited conditions and steeper slopes, where smaller leaf surfaces reduce 

transpiration (Poorter et al., 2009). Furthermore, regions with nutrient-poor soils (characterised 

by high clay content and high pH in water) tend to exhibit higher dry mass in plant leaves, 

which reflects an adaptive strategy for resource conservation in challenging environments, 

while regions with lower leaf dry mass may have thinner leaves (with lower leaf thickness, 

Supplementary Table S4.6) adapted to rapid growth in more fertile or moisture-rich 

environments (Niinemets, 2010). Leaves with higher dry mass are denser and tougher (Meziane 

& Shipley, 1999), which makes them more durable and resistant to environmental stresses 

(Poorter et al., 2009; Wright et al., 2004), including nutrient scarcity and water limitations. 

These traits are associated with lower nutrient availability because thicker and tougher leaves 

require less frequent nutrient uptake (Onoda et al., 2008; Sophia et al., 2024) and provide 

greater protection against environmental damage. 

Leaf nutrients, though less variable across regions, still reflect strong influences of soil 

and terrain properties. Regions with gentler slopes and high soil fertility demonstrate higher 

leaf nutrient content including Ca, K, Mg, N, and P, suggesting a direct relationship between 

soil nutrient availability and plant nutrient storage (Miatto et al., 2016). For instance, the 

relatively higher nutrient levels in Africa can be linked to richer soil quality (characterised by 

lower clay content), which results in plants with higher nutrient content and slower growth 

rates (Wigley et al., 2016). And landscapes with gentler slopes provide environments with 

slower water runoff, which leads to abundant water and nutrient availability (Yang et al., 2020). 
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4.5.3. Main drivers of distribution and variation of functional traits 

The analysis of variable importance from RF regression proves the influence of remotely 

sensed data, particularly multispectral images with texture information of vegetation indices 

contributing the most to predicting traits among all the variables (Supplementary Fig. S4.25), 

on the spatial prediction of functional traits across tropical forests. This aligns with previous 

studies that have highlighted the ability of spectral data to capture subtle variations in plant 

physiology and biochemistry, such as chlorophyll content and leaf water status, which are 

closely linked to these traits (Aguirre-Gutiérrez et al., 2025; Asner et al., 2011; Serbin et al., 

2015). The consistency of spectral data as a top predictor across multiple trait groups further 

emphasises its robustness and versatility in ecological modelling. Additionally, SAR data 

demonstrate significant importance for both photosynthetic traits (Amax and Asat) and leaf Mg 

content, likely due to its sensitivity to structural properties and moisture of vegetation, such as 

canopy architecture and biomass, which influence photosynthetic capacity and nutrient 

distribution (Englhart et al., 2011; Inoue et al., 2014). Although LiDAR metrics are found to 

have the lowest importance scores for most traits, their contributions to SLA and leaf N content 

suggest that three-dimensional structural information, such as canopy height and complexity, 

may still be relevant in understanding trait variability in certain contexts (Chlus et al., 2020). 

These results highlight the advantages of integrating multiple remote sensing modalities to 

improve predictions of plant traits at large scales. 

In contrast to remotely sensed data, environmental variables such as soil properties, 

climate conditions, and terrain features play a relatively minor role in predicting functional 

traits. Climate variables, including temperature and VPD, have been widely linked to species 

distributions and broad-scale trait patterns (Bruelheide et al., 2018; Reich, 2014); however, 

their lower importance in this study suggests that short-term trait variations may be more 

directly influenced by plant physiology rather than long-term climatic conditions. Soil 

properties, which are known to affect nutrient availability and plant growth, also exhibit lower 

predictive power, possibly due to their spatial heterogeneity, the difficulty of capturing their 

fine-scale variation, and failure of representing regional soil characteristics accurately using 

broad-scale datasets (Cramer et al., 2019). Interestingly, the terrain property (slope in this 

study) shows moderate importance for several traits, which indicates that topographical 

variations may exert localised influences on plant function through microclimatic effects or 

water and nutrient availability (Jucker et al., 2018). While environmental variables remain 

essential for understanding broader ecological patterns, their limited predictive power in this 
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study suggests that direct physiological and structural measurements through remote sensing 

are more effective for trait-level predictions. 

 

4.5.4. Geographic representativeness, limitations, and future directions 

This chapter demonstrates the feasibility of mapping functional traits at a pan-tropical scale, 

but it also highlights critical limitations and clear opportunities for advancing the field. The 

uneven geographic distribution of ground plots remains a central constraint, emphasising the 

need to expand trait inventories in Africa, Asia, and other underrepresented regions to improve 

model representativeness and global applicability. Although the application of multiple spatial 

validation approaches strengthen confidence in the models where data exist, they do not create 

independent ground observations in under-sampled regions. Consequently, predictions for 

underrepresented regions should be interpreted with caution, and future research should 

prioritise the expansion of functional trait inventories in these regions to improve the accuracy, 

representativeness, and generality of global-scale functional trait models. 

Looking ahead, several developments are expected to transform global functional trait 

ecology. Forthcoming hyperspectral missions, such as NASA’s Surface Biology and Geology 

and ESA’s CHIME, will provide unprecedented spectral and spatial resolution for resolving 

plant traits across diverse forest ecosystems. At the same time, the ongoing harmonisation of 

trait datasets (e.g. TRY and ForestGEO) will improve the consistency and scope of trait 

information available for model training and validation. Methodological advances, particularly 

in artificial intelligence, offer further potential: deep learning architectures, transfer learning, 

and multimodal data fusion approaches can increase model scalability, flexibility, and 

predictive power across biomes. 

By linking the present findings to these emerging opportunities, this study provides a 

foundation for next-generation global functional trait mapping. Future work should prioritise 

the integration of forthcoming hyperspectral data streams, harmonised trait inventories, and 

AI-based modelling frameworks to develop more accurate, representative, and generalisable 

models of forest functional ecology. 

Key lessons from Chapter 4 
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• Methodological: Combining large-scale remote sensing with functional trait data 

demonstrates the feasibility of pan-tropical trait mapping, while highlighting the importance of 

validation strategies and data representativeness. 

• Ecological: Trait-based approaches reveal the spatial heterogeneity of functional 

strategies across tropical forests, with implications for resilience to environmental change. 

• Practical: Expanding trait inventories, harnessing new hyperspectral missions, and 

adopting advanced AI tools are critical next steps toward operational global functional ecology. 

 

4.6. Methods 

4.6.1. Field trait measurements 

In this study, we collected 15 functional traits (Table 4.2) from 1814 vegetation plots 

distributed in 18 tropical countries: Australia, Belize, Bolivia, Brazil, Colombia, Cote d’Ivoire, 

Ecuador, French Guiana, Gabon, Ghana, Guyana, India, Malaysia, Mexico, Peru, Rwanda, 

Suriname, and Venezuela, which cover all tropical continents, from 2013 to 2021. The trait 

measurements are affiliated with the Global Ecosystems Monitoring (GEM) network 

(http://gem.tropicalforests.ox.ac.uk/) (Malhi et al., 2021), the Monitoreo Nacional Forestal 

network (MONAFOR, http://fcfposgrado.ujed.mx/monafor/inicio/), and associated 

contributors to ForestPlots network (https://forestplots.net/) (Lopez-Gonzalez et al., 2011). 

Specifically, we used leaf samples for trait measurements including photosynthesis (maximum 

photosynthetic rate: Amax, and light-saturated photosynthetic rate: Asat), morphology (leaf dry 

mass, fresh mass, area, water content, specific leaf area: SLA, thickness, and wood density), 

and nutrients (leaf contents of carbon: C, calcium: Ca, potassium: K, magnesium: Mg, nitrogen: 

N, and phosphorus: P) (see Table 4.1 for detailed descriptions for these traits). 

 

4.6.2. Pixel-level community-weighted mean of traits 

We used community-weighted mean (CWM) of each trait at pixel level (10×10 m, matching 

the highest spatial resolution of all input remotely sensed data) from Aguirre-Gutiérrez et al. 

(2025). In summary, we derived the CWM trait values for each pixel at 10 m that overlapped 

with a plot. This involved geolocating the plot and mapping the distribution of individual trees 

within it. In cases where tree crowns were not mapped, we estimated crown areas using regional 

allometric equations to generate circular crown polygons. For each pixel, we then calculated 

http://gem.tropicalforests.ox.ac.uk/
http://fcfposgrado.ujed.mx/monafor/inicio/
https://forestplots.net/
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the trait CWM, weighting by the horizontal area of individual tree crowns. Only pixels with at 

least 70% basal area coverage containing trait values at species or genus level were included 

in the final CWM calculations. 

 

4.6.3. Remotely sensed data 

4.6.3.1. Sentinel-1 SAR images 

Sentinel-1 provides high-resolution (10 m) C-band SAR imagery regardless of weather 

conditions, day or night. With a 12-day repeat cycle for each satellite, the two-satellite Sentinel-

1 constellation provides a six-day repeat (Torres et al., 2012). Sentinel-1’s ability to penetrate 

clouds and its frequent revisit times make it an indispensable tool for environmental monitoring 

and traits mapping across humid tropical regions. Sentinel-1’s suitability for vegetation 

monitoring and mapping functional traits relies on its dual-polarisation capabilities, 

specifically the VV (vertical transmit, vertical receive) and VH (vertical transmit, horizontal 

receive) polarisation channels. We leveraged the freely available Google Earth Engine (GEE, 

https://code.earthengine.google.com/) cloud-based platform (Gorelick et al., 2017) to load 

Sentinel-1 images with dual-polarisation mode (VV-VH) from 2014 to 2021. Sentinel-1 ground 

range detected imagery in GEE is provided as radiometrically calibrated sigma-nought (σ0) 

backscatter in decibels (dB), with preprocessing including orbit correction, radiometric 

calibration, border noise removal, and thermal noise removal applied by default. To account 

for local incidence angle and topographic effects, we applied radiometric terrain correction by 

converting σ0 to gamma-nought (γ0) in natural (linear) units using the standard calibration 

formula and the 30-m Shuttle Radar Topography Mission (SRTM) (Farr et al., 2007) digital 

elevation model (DEM). We also adopted a refined Lee filter (Lee, 1981) with a 7×7 kernel to 

eliminate the adverse effect of speckle noises in SAR data and to obtain smoother images. 

σlinear0  = 10
σdB
0

10                                      (1) 

γ0 = σlinear
0

cos(θ)
                                     (2) 

where σlinear0 and σdB0 are SAR image’s backscattering coefficients in power and dB units, 

respectively, γ0  is the radiometrically terrain-corrected backscatter coefficient, and θ is the 

local incidence angle derived using the SRTM DEM. 

https://code.earthengine.google.com/
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The VV and VH polarimetric values in power units enable the generation of SAR-

derived metrics that are valuable for vegetation analysis. To enhance the mapping and 

prediction of functional traits, we calculated two key indices: the Radar Vegetation Index 

(Nasirzadehdizaji et al., 2019) and the Dual Polarisation SAR Vegetation Index (Periasamy, 

2018). These indices leverage the unique sensitivity of SAR data to vegetation structure and 

biomass, which potentially can strengthen our understanding of traits. Details on producing 

these metrics see Section 4.8.3. SAR metrics calculation. 

 

4.6.3.2. Sentinel-2 multispectral images 

Sentinel-2 provides high spectral (13 bands spanning the visible, near-infrared [NIR], and 

shortwave infrared [SWIR] regions of the electromagnetic spectrum), spatial resolution (10 m 

for visible and NIR bands, 20 m for red-edge and SWIR bands, and 60 m for bands primarily 

used for atmospheric correction and cloud detection), and temporal (five-day revisit time at the 

equator) resolutions imagery for a wide range of environmental monitoring applications. The 

mission consists of two satellites as well, which operate together to obtain images with a revisit 

time of five days at the equator (Drusch et al., 2012). The multispectral instrument on Sentinel-

2 includes specific bands designed for vegetation monitoring, such as the red-edge bands and 

NIR band that are crucial for assessing functional traits because they are sensitive to variations 

in chlorophyll content and vegetation structure, which is directly related to plant photosynthetic 

activity and leaf structure (Clevers & Gitelson, 2013, p. 3). Similarly, we loaded Sentinel-2 

images with cloud coverage lower than 40% from 2015 to 2021 across the tropics on GEE, 

masked clouds and cloud shadows, and derived several vegetation indices including modified 

chlorophyll absorption in reflectance index (MCARI (Daughtry et al., 2000)), modified soil 

adjusted vegetation index 2 (MSAVI2 (Qi et al., 1994)), normalised difference red-edge index 

(NDRE (Fitzgerald et al., 2010)), and their corresponding texture information (correlation and 

entropy) from a 9×9 grey level co-occurrence matrix. Details on producing these metrics see 

Supplementary Tables S4.8 and S4.9. 

 

4.6.3.3. GEDI LiDAR data 

GEDI provides high-resolution (25 m) LiDAR data specifically designed for measuring the 

three-dimensional structure of Earth’s forests, it captures detailed vertical profiles of 

vegetation, enabling the assessment of forest structure and its dynamics at a global scale. The 
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LiDAR system on GEDI transmits laser pulses to the Earth’s surface and measures the time it 

takes for the pulses to return, thereby generating precise information on vegetation height, 

density, and structure. In this study, several key metrics derived from GEDI LiDAR data were 

utilised to map and predict functional traits. One of the primary metrics is canopy height, 

specifically the 98th percentile relative height (RH98), which represents the height below 

which 98% of the LiDAR returns are captured. Canopy cover, another essential metric, 

measures the proportion of ground covered by vegetation when viewed from above. Foliage 

height diversity, on the other hand, is a metric that captures the complexity and vertical 

stratification of the canopy, and it is calculated based on the distribution of foliage at different 

heights and is indicative of habitat diversity and ecological complexity within the forest 

(Clawges et al., 2008). Plant area volume density (PAVD) is another key metric that quantifies 

the vertical distribution of plant materials like leaves and branches within a forest canopy 

(Dhargay et al., 2022). 

 

4.6.4. Environmental variables 

We integrated a set of environmental variables from multiple sources to enhance the 

understanding of functional traits. Climatic data (Table 4.4, Supplementary Figs. S4.26 to 

S4.30), including soil moisture, downward surface shortwave radiation (SRAD), maximum 

temperature, vapour pressure deficit (VPD), and maximum climatological water deficit 

(MCWD, calculated as in Malhi et al. (2009)), were sourced from TerraClimate (Abatzoglou 

et al., 2018) (https://www.climatologylab.org/terraclimate.html), a dataset ideal for analysing 

monthly water availability and stress conditions in vegetation at ~4 km. A terrain indicator, 

specifically slope (30 m, Supplementary Fig. S31), was derived from the SRTM DEM (Farr et 

al., 2007) to assess the influence of topography on vegetation distribution. Additionally, soil 

characteristics (Supplementary Figs. S4.32 to S4.35), including physical properties (clay and 

sand contents) and chemical properties (cation exchange capacity (CEC), soil organic carbon 

(SOC), and soil pH in water (pHH2O)), were obtained from SoilGrids (Hengl et al., 2017) 

(https://soilgrids.org/) at a spatial resolution of 250 m, which were critical for understanding 

soil fertility, texture, and their effects on plant health and productivity. 

Table 4.4. Summary of environmental variables used in this study. 

Category Variables Resolution Source 
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Climate Soil moisture, SRAD, maximum 
temperature, VPD, MCWD ~4 km TerraClimate (Abatzoglou et al., 2018) 

Topography Slope 30 m SRTM (Farr et al., 2007) 

Soils Sand, clay, SOC, CEC, pHH2O 250 m SoilGrids (Hengl et al., 2017) 

 

4.6.5. Multi-scales mapping and prediction of plant functional traits 

To map and predict functional traits across the tropics, we firstly calculated pairwise correlation 

between variables mentioned above (Supplementary Fig. S4.36), and we only kept variables 

with correlation r<|0.80|. Eventually we maintained variables below: VH, radar vegetation 

index, and dual polarisation SAR vegetation index from Sentinel-1, blue, NIR, SWIR 1, 

MCARI, MSAVI2, NDRE, correlation of MCARI and MSAVI2, and entropy of NDRE from 

Sentinel-2, canopy cover, PAVD, and RH98 from GEDI, soil moisture, SRAD, maximum 

temperature, VPD, and MCWD from TerraClimate, slope from SRTM, sand and clay contents, 

SOC, CEC, and pHH2O from SoilGrids. 

We compared the performance of a machine learning algorithm and a deep learning 

algorithm: Random forests (RF) regression and Multilayer Perceptron (MLP) regression. Both 

algorithms were trained using comprehensive datasets that included remotely sensed data and 

environmental variables. The input data were split into training (80%) and validation (20%) 

datasets to ensure the algorithms were trained on a representative sample and evaluated on a 

separate dataset. The predictive performance of both algorithms was evaluated using the 

coefficient of determination (R2) and root mean square error (RMSE) to determine their 

accuracies. 

R2=1-
∑ (yi-yi$)

2n
i=1

∑ (yi-y%)
2n

i=1
      (3) 

         RMSE="1
n
∑ (yi-yi#)2n
i=1       (4) 

where n is the total number of observations, yi, yi#, and y$ denote the observed value, predicted 

value for the ith observation, and the mean of the observed values, respectively. 

 

4.6.5.1. Random forests regression 



 147 

The RF regression algorithm was trained on the 80% training dataset using a 10-fold cross-

validation approach to ensure robustness and avoid overfitting (Breiman, 2001). In 10-fold 

cross-validation, the training data were divided into 10 equal parts. The model was trained on 

9 of these parts and validated on the remaining part. This process was repeated 10 times, with 

each part used once as the validation fold. The performance was then averaged across all 10 

iterations. To tune the two key hyperparameters, the number of trees in the forest was tested 

from 50 to 1000 with a step size of 50 to identify the optimal complexity. Additionally, the 

number of variables considered at each split was tested across a range from 1 to 26 (the total 

number of input features), with a step size of 1 (see Supplementary Table S4.10 for detailed 

hyperparameter values for each trait). The model’s performance was validated on the 20% 

validation dataset using R2 and RMSE. Furthermore, the importance of each predictor variable 

was calculated to identify the most influential factors driving the distribution of traits. 

 

4.6.5.2. Multilayer Perceptron regression 

We implemented a fully connected feed-forward MLP to capture nonlinear trait-environment 

relationships. Input data were structured into spatial patches, enabling the model to learn both 

local and global patterns within the data (Zhang et al., 2018). Training was performed with the 

Adam optimiser to minimise mean-squared-error loss through standard forward and back-

propagation. Hyperparameters, namely the number of hidden units, dropout rate, and learning 

rate, were tuned via random search. For each functional trait, the best model was selected based 

on R2 and RMSE, in line with the criteria used for the Random forests model. 

 

4.6.5.3. Cross-validation methods 

Spatial autocorrelation in input data was sometimes ignored and thus resulted in overoptimistic 

evaluation of models’ predictive power (Ploton et al., 2020). Taking spatial autocorrelation into 

consideration provided additional assessment of spatial validation and ensured that models’ 

performance could generalise across different geographical scales, from local plots to entire 

continents, thus verified the models’ robustness across multiple spatial hierarchies. In the 

spatial autocorrelation analysis, we used empirical variogram analysis to determine the distance 

threshold by examining how trait similarity decreased with increasing distance between trait 

record points. This provided a clear indication of spatial dependency and enabled the definition 

of a distance threshold, marking where spatial autocorrelation became insignificant. Following 
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this, we applied the Moran’s I test to quantify spatial autocorrelation, then grouped trait 

observations into clusters based on their proximity (within the defined distance threshold). To 

mitigate the effects of spatial autocorrelation during model evaluation, we employed leave-

one-cluster-out cross-validation, where clusters of data were systematically omitted during 

model training and testing. In addition to leave-one-cluster-out, we also performed leave-one-

plot-, leave-one-country-, and leave-one-continent-out cross-validations. For each iteration of 

these cross-validation methods, data from one specific plot, cluster, country, or continent was 

excluded from model training and used solely for validation. 

 

4.6.6. Statistical analysis 

To assess continental variation in plant functional traits, we conducted a one-way analysis of 

variance (ANOVA), followed by post-hoc Tukey’s honestly significant difference (HSD) test. 

The ANOVA was used to determine whether there were statistically significant differences in 

trait CWM values across continents, and we treated continent as the independent categorical 

variable and each plant functional trait as the dependent variable. To further explore pairwise 

differences between continents, Tukey’s HSD test was applied as a post-hoc analysis. This test 

controls for Type I error rates by adjusting P-values for multiple comparisons and ensured 

robust identification of specific continental pairs that significantly differ in trait CWM values. 

Together, these statistical methods provided a comprehensive understanding of how plant 

functional traits vary across continents.  
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4.8. Supplementary materials 

4.8.1. Figures 

 

Fig. S4.1. Spatial distribution of Asat. 

 

 

Fig. S4.2. Spatial distribution of leaf carbon content. 

 

 

Fig. S4.3. Spatial distribution of leaf calcium content. 
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Fig. S4.4. Spatial distribution of leaf dry mass. 

 

 

Fig. S4.5. Spatial distribution of leaf fresh mass. 

 

 
Fig. S4.6. Spatial distribution of leaf potassium content. 
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Fig. S4.7. Spatial distribution of leaf water content. 

 

 
Fig. S4.8. Spatial distribution of leaf nitrogen content. 

 

 

Fig. S4.9. Spatial distribution of leaf phosphorus content. 
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Fig. S4.10. Spatial distribution of specific leaf area. 

 

 
Fig. S4.11. Spatial distribution of leaf thickness. 

 

 
Fig. S4.12. Spatial distribution of wood density. 
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Fig. S4.13. Distribution and variation patterns of Asat at continental and pan-tropical 

scales. Inside each violin plot is a box plot demonstrating the median value, mean value, 

interquartile range, and 1.5 times interquartile range of a trait. The wider sections of the violin 

plot indicate a higher probability that multiple trait variables distribute around this given value, 

while the thinner sections represent a lower probability. 
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Fig. S4.14. Distribution and variation patterns of leaf carbon (C) content at continental 

and pan-tropical scales. Inside each violin plot is a box plot demonstrating the median value, 

mean value, interquartile range, and 1.5 times interquartile range of a trait. The wider sections 

of the violin plot indicate a higher probability that multiple trait variables distribute around this 

given value, while the thinner sections represent a lower probability. 

 

 
Fig. S4.15. Distribution and variation patterns of leaf calcium (Ca) content at continental 

and pan-tropical scales. Inside each violin plot is a box plot demonstrating the median value, 

mean value, interquartile range, and 1.5 times interquartile range of a trait. The wider sections 

of the violin plot indicate a higher probability that multiple trait variables distribute around this 

given value, while the thinner sections represent a lower probability. 
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Fig. S4.16. Distribution and variation patterns of leaf dry mass (DM) at continental and 

pan-tropical scales. Inside each violin plot is a box plot demonstrating the median value, mean 

value, interquartile range, and 1.5 times interquartile range of a trait. The wider sections of the 

violin plot indicate a higher probability that multiple trait variables distribute around this given 

value, while the thinner sections represent a lower probability. 
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Fig. S4.17. Distribution and variation patterns of leaf fresh mass (FM) at continental and 

pan-tropical scales. Inside each violin plot is a box plot demonstrating the median value, mean 

value, interquartile range, and 1.5 times interquartile range of a trait. The wider sections of the 

violin plot indicate a higher probability that multiple trait variables distribute around this given 

value, while the thinner sections represent a lower probability. 
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Fig. S4.18. Distribution and variation patterns of leaf potassium (K) content at 

continental and pan-tropical scales. Inside each violin plot is a box plot demonstrating the 

median value, mean value, interquartile range, and 1.5 times interquartile range of a trait. The 

wider sections of the violin plot indicate a higher probability that multiple trait variables 

distribute around this given value, while the thinner sections represent a lower probability. 
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Fig. S4.19. Distribution and variation patterns of leaf water content (LWC) at continental 

and pan-tropical scales. Inside each violin plot is a box plot demonstrating the median value, 

mean value, interquartile range, and 1.5 times interquartile range of a trait. The wider sections 

of the violin plot indicate a higher probability that multiple trait variables distribute around this 

given value, while the thinner sections represent a lower probability. 
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Fig. S4.20. Distribution and variation patterns of leaf nitrogen (N) content at continental 

and pan-tropical scales. Inside each violin plot is a box plot demonstrating the median value, 

mean value, interquartile range, and 1.5 times interquartile range of a trait. The wider sections 

of the violin plot indicate a higher probability that multiple trait variables distribute around this 

given value, while the thinner sections represent a lower probability. 
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Fig. S4.21. Distribution and variation patterns of leaf phosphorus (P) content at 

continental and pan-tropical scales. Inside each violin plot is a box plot demonstrating the 

median value, mean value, interquartile range, and 1.5 times interquartile range of a trait. The 

wider sections of the violin plot indicate a higher probability that multiple trait variables 

distribute around this given value, while the thinner sections represent a lower probability. 
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Fig. S4.22. Distribution and variation patterns of specific leaf area (SLA) at continental 

and pan-tropical scales. Inside each violin plot is a box plot demonstrating the median value, 

mean value, interquartile range, and 1.5 times interquartile range of a trait. The wider sections 

of the violin plot indicate a higher probability that multiple trait variables distribute around this 

given value, while the thinner sections represent a lower probability. 
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Fig. S4.23. Distribution and variation patterns of leaf thickness at continental and pan-

tropical scales. Inside each violin plot is a box plot demonstrating the median value, mean 

value, interquartile range, and 1.5 times interquartile range of a trait. The wider sections of the 

violin plot indicate a higher probability that multiple trait variables distribute around this given 

value, while the thinner sections represent a lower probability. 
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Fig. S4.24. Distribution and variation patterns of wood density (WD) at continental and 

pan-tropical scales. Inside each violin plot is a box plot demonstrating the median value, mean 

value, interquartile range, and 1.5 times interquartile range of a trait. The wider sections of the 

violin plot indicate a higher probability that multiple trait variables distribute around this given 

value, while the thinner sections represent a lower probability. 
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Fig. S4.25. Stacked bar plot for the importance of each variable for predicting each of the 

functional trait. 
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Fig. S4.26. Density distribution plot of vapour pressure deficit for each sampling country 

where plant functional traits were collected. The top ridgeline graph indicated vapour 

pressure deficit across tropical forests. 
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Fig. S4.27. Density distribution plot of maximum temperature for each sampling country 

where plant functional traits were collected. The top ridgeline graph indicated maximum 

temperature across tropical forests. 
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Fig. S4.28. Density distribution plot of maximum climatological water deficit for each 

sampling country where plant functional traits were collected. The top ridgeline graph 

indicated maximum climatological water deficit across tropical forests. 
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Fig. S4.29. Density distribution plot of soil moisture for each sampling country where 

plant functional traits were collected. The top ridgeline graph indicated soil moisture across 

tropical forests. 
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Fig. S4.30. Density distribution plot of downward surface shortwave radiation for each 

sampling country where plant functional traits were collected. The top ridgeline graph 

indicated downward surface shortwave radiation across tropical forests. 
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Fig. S4.31. Density distribution plot of slope for each sampling country where plant 

functional traits were collected. The top ridgeline graph indicated slope across tropical forests. 
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Fig. S4.32. Density distribution plot of cation exchange capacity for each sampling 

country where plant functional traits were collected. The top ridgeline graph indicated 

cation exchange capacity across tropical forests. 
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Fig. S4.33. Density distribution plot of clay content for each sampling country where plant 

functional traits were collected. The top ridgeline graph indicated clay content across tropical 

forests. 
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Fig. S4.34. Density distribution plot of soil pH in water for each sampling country where 

plant functional traits were collected. The top ridgeline graph indicated soil pH in water 

across tropical forests. 
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Fig. S4.35. Density distribution plot of sand content for each sampling country where 

plant functional traits were collected. The top ridgeline graph indicated sand content across 

tropical forests. 

 

Malaysia

India

Australia

Rwanda

Ghana

Gabon

Cote d'loire

Venezuela

Suriname

Peru

Mexico

Guyana

French Guiana

Ecuador

Colombia

Brazil

Bolivia

Belize

Tropics

200 400 600
Sand content (g/kg)

Continent
Tropics
Americas
Africa
Asia



 190 

 
Fig. S4.36. Correlation heatmap of all variables used in this study. SWIR: shortwave 

infrared, MCARI: modified chlorophyll absorption in reflectance index, MSAVI2: modified 

soil adjusted vegetation index 2, NDRE: normalised difference red-edge index, MCARI_corr: 

correlation of MCARI, MCARI_ent: entropy of MCARI, RVI: Radar Vegetation Index, 

DPSVI: Dual Polarisation SAR Vegetation Index, MCWD: maximum climatological water 

deficit, SM: soil moisture, SRAD: downward surface shortwave radiation, Tmax: maximum 

temperature, VPD: vapour pressure deficit, CEC: cation exchange capacity, pHH2O: soil pH in 

water, SOC: soil organic carbon, Cover: canopy cover, FHD: foliage height diversity, PAVD: 

plant area volume density, RH98: the 98th percentile relative height. 

 

4.8.2. Tables 

Table S4.1. Moran’s I test and empirical variogram analysis results. 
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Type Trait Observed Expected SD P-value Distance (km) 

Photosynthetic Amax 0.27 -3.62E-05 1.14E-03 <0.01 1.86 
 Asat 0.23 -3.65E-05 1.14E-03 <0.01 0.18 

Morphological Leaf dry mass 0.28 -3.68E-05 1.23E-03 <0.01 3.06 
 Leaf fresh mass 0.15 -4.62E-05 1.41E-03 <0.01 1.79 
 Leaf area 0.29 -3.40E-05 1.22E-03 <0.01 0.5 
 Leaf water content 0.23 -4.29E-05 1.31E-03 <0.01 2.13 
 SLA 0.29 -3.41E-05 1.23E-03 <0.01 0.15 
 Thickness 0.18 -3.52E-05 1.23E-03 <0.01 1.94 
 Wood density 0.31 -3.62E-05 1.14E-03 <0.01 1.07 
Nutrient C 0.33 -3.41E-05 1.24E-03 <0.01 0.17 
 Ca 0.39 -3.40E-05 1.20E-03 <0.01 2.09 
 K 0.36 -3.40E-05 1.20E-03 <0.01 2.32 
 Mg 0.19 -3.40E-05 1.19E-03 <0.01 0.17 
 N 0.41 -3.34E-05 1.22E-03 <0.01 0.15 
 P 0.54 -3.34E-05 1.22E-03 <0.01 3.06 

 

Table S4.2. Leave-one-cluster-out cross-validation results. Here we showed mean R2 and 

RMSE values for each trait. 

Type Trait R2 RMSE 

Photosynthetic Amax 0.31 3.23 
 Asat 0.24 1.47 
Morphological Leaf dry mass 0.26 2.82 
 Leaf fresh mass 0.11 6.36 
 Leaf area 0.22 90.53 
 Leaf water content 0.24 4.90 
 SLA 0.27 24.40 
 Thickness 0.12 10.23 
 Wood density 0.42 0.08 
Nutrient C 0.33 1.51 
 Ca 0.47 0.34 
 K 0.28 0.32 
 Mg 0.36 0.09 
 N 0.38 0.33 
 P 0.53 0.02 

 

Table S4.3. Leave-one-plot-out cross-validation results. Here we showed mean R2 and 

RMSE values for each trait. 

Type Trait R2 RMSE 
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Photosynthetic Amax 0.32 3.14 
 Asat 0.23 1.48 
Morphological Leaf dry mass 0.26 2.41 
 Leaf fresh mass 0.17 7.40 
 Leaf area 0.20 224.90 
 Leaf water content 0.29 5.26 
 SLA 0.31 25.49 
 Thickness 0.23 10.40 
 Wood density 0.46 0.08 
Nutrient C 0.40 1.58 
 Ca 0.48 0.34 
 K 0.35 0.29 
 Mg 0.41 0.11 
 N 0.39 0.33 
 P 0.60 0.03 

 

Table S4.4. Leave-one-country-out cross-validation results. Here we showed mean R2 and 

RMSE values for each trait. 

Type Trait R2 RMSE 

Photosynthetic Amax 0.20 3.93 
 Asat 0.17 1.88 
Morphological Leaf dry mass 0.23 5.30 
 Leaf fresh mass 0.08 8.13 
 Leaf area 0.16 226.15 
 Leaf water content 0.16 5.65 
 SLA 0.21 31.02 
 Thickness 0.18 12.72 
 Wood density 0.28 0.10 
Nutrient C 0.31 2.23 
 Ca 0.34 0.47 
 K 0.19 0.33 
 Mg 0.33 0.14 
 N 0.26 0.46 
 P 0.45 0.04 

 

Table S4.5. Leave-one-continent-out cross-validation results. 

Type Trait LOO-CV method R2 RMSE 

Photosynthetic Amax 

Americas out 

0.03 4.37 
 Asat 0.01 2.70 
Morphological Leaf dry mass 3.89E-03 6.03 
 Leaf fresh mass 4.57E-03 9.59 
 Leaf area 3.27E-03 233.11 
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 Leaf water content 0.03 6.07 
 SLA 0.02 34.55 
 Thickness 0.02 10.98 
 Wood density 0.12 0.14 
Nutrient C 0.04 2.39 
 Ca 0.03 0.78 
 K 0.02 0.52 
 Mg 0.05 0.15 
 N 0.04 0.46 
 P 0.09 0.05 
Photosynthetic Amax 

Africa out 

0.10 5.17 
 Asat 0.01 2.78 
Morphological Leaf dry mass 0.06 1.38 
 Leaf fresh mass 2.45E-03 3.60 
 Leaf area 0.03 146.01 
 Leaf water content 0.22 4.83 
 SLA 0.13 23.96 
 Thickness 0.05 5.36 
 Wood density 0.09 0.11 
Nutrient C 0.06 2.88 
 Ca 0.33 0.86 
 K 0.09 0.34 
 Mg 0.08 0.10 
 N 0.31 0.61 
 P 0.19 0.05 
Photosynthetic Amax 

Asia out 

0.06 6.63 
 Asat 3.15E-03 2.57 
Morphological Leaf dry mass 0.02 3.91 
 Leaf fresh mass 1.15E-03 10.19 
 Leaf area 0.02 291.39 
 Leaf water content 0.01 14.54 
 SLA 0.09 36.63 
 Thickness 0.06 18.19 
 Wood density 0.06 0.10 
Nutrient C 0.02 3.27 
 Ca 0.17 0.57 
 K 0.06 0.45 
 Mg 0.06 0.17 
 N 0.19 0.74 
 P 0.21 0.04 

 

Table S4.6. Functional trait distribution and variation at continental scale. 

Type Trait Continent Mean Median SD Min Max 
Photosynthetic Amax Africa 14.94 14.18 3.91 8.54 23.97 
  Americas 12.89 12.54 2.69 8.43 22.49 
  Asia 14.61 13.72 3.73 8.52 23.84 
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 Asat Africa 6.01 5.69 1.37 3.61 8.93 
  Americas 5.38 5.22 1.12 2.95 8.21 
  Asia 5.61 5.37 1.23 3.61 8.56 
Morphological Leaf dry mass Africa 1.19 1.14 0.43 0.53 2.24 
  Americas 0.92 0.83 0.34 0.38 1.73 
  Asia 1.07 1.02 0.37 0.51 1.93 
 Leaf fresh mass Africa 3.11 2.81 1.43 1.83 6.27 
  Americas 2.48 2.16 1.16 1.04 5.62 
  Asia 2.85 2.57 1.29 1.36 5.92 
 Leaf area Africa 129.98 128.37 46.07 48.84 210.91 
  Americas 99.94 90.00 38.21 50.17 204.03 
  Asia 108.12 101.88 38.86 52.35 207.80 
 Leaf water content Africa 54.82 54.21 3.77 34.46 68.34 
  Americas 53.88 52.98 4.40 41.34 71.92 
  Asia 58.82 58.41 4.53 48.18 69.73 
 SLA Africa 137.90 138.71 16.25 102.42 171.99 
  Americas 127.58 126.05 15.45 96.49 166.57 
  Asia 120.34 116.48 15.47 97.18 159.17 
 Thickness Africa 0.27 0.25 0.08 0.08 0.87 
  Americas 0.32 0.26 0.15 0.28 1.13 
  Asia 0.28 0.26 0.06 0.20 0.72 
 Wood density Africa 0.61 0.61 0.09 0.43 0.83 
  Americas 0.62 0.61 0.09 0.40 0.92 
  Asia 0.57 0.58 0.09 0.37 0.76 
Nutrient C Africa 46.17 46.16 1.62 39.74 55.68 
  Americas 47.59 47.83 1.48 43.00 54.31 
  Asia 45.63 45.53 1.46 36.20 48.93 
 Ca Africa 1.22 1.46 0.48 0.45 2.06 
  Americas 0.74 0.65 0.29 0.21 1.57 
  Asia 0.90 0.83 0.33 0.37 1.89 
 K Africa 0.94 0.99 0.15 0.41 1.34 
  Americas 0.66 0.62 0.18 0.26 1.27 
  Asia 0.86 0.85 0.18 0.35 1.17 
 Mg Africa 0.24 0.24 0.03 0.18 0.32 
  Americas 0.23 0.23 0.03 0.11 0.27 
  Asia 0.24 0.25 0.03 0.19 0.30 
 N Africa 1.99 2.00 0.25 1.41 2.88 
  Americas 2.00 2.08 0.23 1.25 2.45 
  Asia 1.84 1.87 0.29 0.78 2.21 
 P Africa 0.12 0.12 0.02 0.07 0.20 
  Americas 0.09 0.09 0.02 0.02 0.15 
  Asia 0.10 0.10 0.02 0.06 0.16 

 

Table S4.7. One-way analysis of variance and post-hoc Tukey honestly significant 

difference test results. 

Type Trait Comparison Difference LowerCI UpperCI P-adjusted 

Photosynthetic Amax Americas-Africa -2.04 -2.15 -1.93 0.00 
  Asia-Africa -0.33 -0.60 -0.06 0.01 
  Asia-Americas 1.71 1.46 1.97 0.00 
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 Asat Americas-Africa -0.63 -0.69 -0.57 0.00 
  Asia-Africa -0.40 -0.51 -0.30 0.00 
  Asia-Americas 0.23 0.14 0.31 0.00 
Morphological Leaf dry mass Americas-Africa -0.26 -0.27 -0.25 0.00 
  Asia-Africa -0.11 -0.15 -0.08 0.00 
  Asia-Americas 0.15 0.12 0.18 0.00 
 Leaf fresh mass Americas-Africa -0.63 -0.67 -0.59 0.00 
  Asia-Africa -0.26 -0.37 -0.15 0.00 
  Asia-Americas 0.37 0.26 0.48 0.00 
 Leaf area Americas-Africa -30.04 -31.33 -28.74 0.00 
  Asia-Africa -21.86 -25.52 -18.19 0.00 
  Asia-Americas 8.18 4.65 11.71 0.00 
 LWC Americas-Africa -0.94 -1.36 -0.52 0.00 
  Asia-Africa 3.99 3.46 4.53 0.00 
  Asia-Americas 4.94 4.59 5.28 0.00 
 SLA Americas-Africa -10.33 -10.78 -9.87 0.00 
  Asia-Africa -17.56 -18.95 -16.17 0.00 
  Asia-Americas -7.23 -8.59 -5.88 0.00 
 Thickness Americas-Africa 0.05 0.04 0.05 0.00 
  Asia-Africa 0.00 -0.01 0.01 0.56 
  Asia-Americas -0.04 -0.05 -0.03 0.00 
 Wood density Americas-Africa 0.01 0.00 0.01 0.23 
  Asia-Africa -0.04 -0.05 -0.03 0.00 
  Asia-Americas -0.04 -0.05 -0.04 0.00 
Nutrient C Americas-Africa 1.42 1.35 1.49 0.00 
  Asia-Africa -0.54 -0.66 -0.42 0.00 
  Asia-Americas -1.96 -2.06 -1.86 0.00 
 Ca Americas-Africa -0.49 -0.50 -0.47 0.00 
  Asia-Africa -0.32 -0.35 -0.30 0.00 
  Asia-Americas 0.16 0.14 0.19 0.00 
 K Americas-Africa -0.28 -0.29 -0.28 0.00 
  Asia-Africa -0.08 -0.09 -0.07 0.00 
  Asia-Americas 0.20 0.19 0.22 0.00 
 Mg Americas-Africa -0.01 -0.01 0.00 0.00 
  Asia-Africa 0.00 0.00 0.01 0.02 
  Asia-Americas 0.01 0.01 0.01 0.00 
 N Americas-Africa 0.00 -0.01 0.02 0.89 
  Asia-Africa -0.15 -0.17 -0.13 0.00 
  Asia-Americas -0.15 -0.17 -0.14 0.00 
 P Americas-Africa -0.03 -0.03 -0.03 0.00 
  Asia-Africa -0.02 -0.02 -0.02 0.00 
  Asia-Americas 0.01 0.00 0.01 0.00 

 

Table S4.8. Vegetation indices derived from Sentinel-2 spectral bands. 

Vegetation index Equations Descriptions 
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MCARI 𝑀𝐶𝐴𝑅𝐼 = [(𝑅𝑒𝑑𝐸𝑑𝑔𝑒 − 𝑅𝑒𝑑) − 0.2 × (𝑅𝑒𝑑𝐸𝑑𝑔𝑒 −
𝐺𝑟𝑒𝑒𝑛)] × !"#$#%"

!"#
  

Modified chlorophyll absorption in 
reflectance index (Daughtry et al., 2000) 

MSAVI2 𝑀𝑆𝐴𝑉𝐼2 = &
'
(2 × 𝑁𝐼𝑅 + 1 −

<(2 × 𝑁𝐼𝑅 + 1)' − 8 × (𝑁𝐼𝑅 − 𝑅𝑒𝑑))  

Modified soil adjusted vegetation index 
2 (Qi et al., 1994) 

NDRE 𝑁𝐷𝑅𝐸 =
𝑁𝐼𝑅 − 𝑅𝑒𝑑𝐸𝑑𝑔𝑒
𝑁𝐼𝑅 + 𝑅𝑒𝑑𝐸𝑑𝑔𝑒 

Normalised difference red-edge index 
(Fitzgerald et al., 2010) 

 

Table S4.9. Texture features derived from grey level co-occurrence matrix. In the 

equations below, Ng is the number of grey levels, i and j are the grey values in the image, P(i,j) 

denotes the co-occurring probability of two pixels separated by the specified offset having grey 

values i and j, while 𝜇& and 𝜇' stand for mean values of grey values i and j that are defined as 

𝜇& = ∑ 𝑖𝑃(𝑖, 𝑗)((
&)*  and 𝜇' = ∑ 𝑗𝑃(𝑖, 𝑗)((

')* , respectively, 𝜎&  and 𝜎&  standard deviations of grey 

values i and j that can be determined by 𝜎& = "∑ (𝑖 − 𝜇&)+ · 𝑃(𝑖, 𝑗)
((
&)*  and 𝜎' =

"∑ (𝑗 − 𝜇')+ · 𝑃(𝑖, 𝑗)
((
')* , respectively. 

Texture feature Equations Descriptions 

Correlation 𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 = ∑ ∑ 𝑃(𝑖, 𝑗) · (*+,!)(.+,")
/!/"

0#
.1&

0#
*1&   

Measures the correlation between pairs of 
pixels (Haralick et al., 1973) 

Entropy 𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = −∑ ∑ 𝑃(𝑖, 𝑗) · 𝑙𝑜𝑔'(𝑃(𝑖, 𝑗))
0#
.1&

0#
*1&   

Measures the randomness of a grey-level 
distribution (Zhu et al., 1997) 

 

Table S4.10. Tuned hyperparameter values for Random forests by functional trait. ntree: 

number of trees, mtry: number of variables considered at each split. 

Trait ntree mtry 

Amax 500 10 
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Asat 650 10 

Leaf dry mass 1000 14 

Leaf fresh mass 750 9 

Leaf area 550 13 

Leaf water content 500 11 

Specific leaf area (SLA) 500 4 

Leaf thickness 350 4 

Wood density 600 10 

Leaf carbon (C) content 850 11 

Leaf calcium (Ca) content 600 8 

Leaf potassium (K) content 500 17 

Leaf magnesium (Mg) content 950 15 

Leaf nitrogen (N) content 800 12 

Leaf phosphorus (P) content 1000 16 

 

4.8.3. SAR metrics calculation 

4.8.3.1. Radar Vegetation Index 

Kim and van Zyl (2009) proposed the Radar Vegetation Index (RVI) to measure soil moisture 

for both bare and vegetated surfaces using quad-polarisation SAR data, and the RVI was 

defined as follows: 

                                                      𝑅𝑉𝐼	 = 	 ,-23
4

-22
4 	/	-33

4 	/	+-23
4                                (1) 

where 𝜎012 , 𝜎002 , and 𝜎112  denotes linear backscattering coefficients of HV, HH, and VV 

polarisation, respectively. 

The original RVI could be only generated from quad-polarisation. The RVI was thus 

adjusted to adapt to SAR data within only two cross-polarisation channels by assuming that 

𝜎002  ≈ 𝜎112  (Trudel et al., 2012): 
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                                                         𝑅𝑉𝐼00 	= 	
3-23

4

-22
4 	/	-23

4        (2) 

where RVIHH is the modification of the RVI and especially for SAR data within HH and HV 

dual-polarisation channels. 

Similarly, Nasirzadehdizaji et al. (2019) modified the RVI for Sentinel-1 dual-

polarisation (VV-VH) data: 

𝑅𝑉𝐼11 	= 	
3-32

4

-33
4 	/	-32

4        (3) 

where RVIVV denotes the modification of the RVI for SAR data within VV and VH dual-

polarisation channels. 

 

4.8.3.2. Dual Polarisation SAR Vegetation Index 

Periasamy (2018) proposed the Dual Polarisation SAR Vegetation Index (DPSVI) to retrieve 

terrestrial biomass in both dry and wet seasons finding its results related to those obtained when 

using the NDVI calculated from Sentinel-2 optical data and field observed biomass. The 

DPSVI can be calculated by equation 4: 

𝐷𝑃𝑆𝑉𝐼 = 𝜎102 ⋅ 45(-33
4 )567⋅-32

4 7-33
4 ⋅-32

4 /(-32
4 )88/5(-33

4 )567⋅-33
4 7(-33

4 )8/-32
4 ⋅-33

4 89
√+-33

4 =

(-33
4 )5677-33

4 /-32
4

√+
⋅ -33

4 /-32
4

-33
4 ⋅ 𝜎102           (4) 

where (𝜎112 );<=is the maximum backscattering coefficient in the VV polarisation channel of 

SAR data. 
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Chapter 5 Quantifying the functional composition and potential 

resilience hotspots across a large latitudinal and environmental 

gradient in South American forests (Paper 2) 

5.1. Preface 
Building on Paper 1, which demonstrated the efficiency and robustness of mapping multiple 

plant functional trait community-weighted means (CWMs) by fusing passive and active 

remotely sensed data using the Random forests regression algorithm, this chapter extends that 

approach. Here, we apply the Random forests regression to multispectral and LiDAR data to 

estimate not only CWMs but also community-weighted variances (CWVs) of leaf and stem 

morphological, nutrient, hydraulic, and photosynthetic traits. We further explore the resulting 

functional diversity and redundancy across temperate forests in South America, aiming to 

reveal key environmental drivers and spatial patterns of ecosystem resilience along a broad 

latitudinal gradient. 

 

5.1.1. Highlights 

This study presents the first 10-m resolution maps of functional trait composition, diversity, 

and redundancy for Chilean temperate forests, achieving high mapping accuracy by integrating 

remotely sensed data with the Random forests regression. We identify hydrological stress and 

soil properties as key drivers shaping trait composition, diversity, and redundancy, and 

highlight a biodiversity hotspot characterised by high functional diversity and redundancy, 

suggesting resilience to environmental change. 

This chapter titled “Quantifying the functional composition and potential resilience 

hotspots across a large latitudinal and environmental gradient in South American forests” has 

been published in the peer-reviewed journal International Journal of Applied Earth 

Observation and Geoinformation on 1 July 2025. 
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5.2. Abstract 

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 provided the first large-scale and high-resolution (10 m) mapping of 

functional biodiversity in in South American temperate forests (30°S to 53°S). Specifically, 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 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 redundancy were 

maximal, hence potentially pointing towards areas more resilient to environmental change, and 

demonstrate the novel contributions of this study in integrating high-resolution trait mapping 

with ecological assessment of ecosystem stability. 

 

Keywords: Remote sensing; Functional traits; Functional diversity; Functional 

redundancy; Temperate forests; Trait-environment relationships 

 

5.3. Introduction 

Temperate forests show remarkable diversity in terms of species, soil composition, and the 

carbon dynamics within their ecosystems (Malhi et al., 1999, 2024). 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 
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(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, Malhi, & Lara, 2015). These 

forests therefore contribute to long-term carbon sequestration (Oliver et al., 2015) and further 

influence temperature, humidity, and precipitation patterns (Ellis & 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, Malhi, Barichivich, et al., 2015). 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 & Kröncke, 2019). In contrast to taxonomic methods, trait-based 

approaches focus on functional traits, i.e., traits that represent their morphological, 

physiological, biochemical or phenological characteristics. 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 understand how 

plants adjust or adapt to different environmental conditions (Kergunteuil et al., 2019), explain 

productivity in forests (Zhang-Zheng, Adu-Bredu, et al., 2024; Zhang-Zheng, Deng, et al., 

2024), 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 & Legendre, 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 functional 

strategies present. 
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Functional diversity is a vital component of biodiversity that captures 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 & Legendre, 2010). As a commonly 

used functional diversity metric, functional dispersion quantifies the extent of trait dissimilarity 

within plant communities (M. 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; F. D. Schneider et al., 2017). 

Trait-based approaches have been valuable in describing and predicting 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; F. D. 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; R. Wang 

& Gamon, 2019). Specifically, high-resolution LiDAR and spectral (including multispectral 

and image spectroscopy) data acquired from drone platforms can be used to characterise forest 
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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; R. Wang & Gamon, 2019). The multiscale integration of remote sensing 

and trait-based ecology represents a scalable and essential approach for understanding 

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, topography, 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 vegetation 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 photosynthetic traits. The plots were distributed across a large latitudinal 

gradient extending from Mediterranean climate at ~30°S to cold temperate climate at ~53°S, 
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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 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. 

 

5.4. Methods and materials 
5.4.1. 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 

environmental conditions, including significant variation in annual precipitation (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 environment (Tecklin et al., 2011). Further south, from 

42°S to 53°S, the climate shifts to colder, wetter conditions in the Austral forests and 



 208 

Magellanic subpolar forests, which experience frequent rainfall and cold spells (Le Roux, 2012; 

Rozzi et al., 2023). 

 

5.4.2. Field measurements 

We conducted vegetation censuses of 8104 individuals (identified to species level) with 

diameter at breast height ≥10 cm across 16 vegetation 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. 5.1A, B and Supplementary 

Tables S5.1 and S5.2). 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 

(Supplementary Tables S5.3 to S5.6). 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 mathematically 

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, unitless). 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 

photosynthesis (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 
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quantum yield of the photosystem 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. 
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Fig. 5.1. General workflow of the methodological framework used in this study. (A) 

Geographic distribution of the seven study sites along the Chilean 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). (D) Simplified 

schematic of the main steps: field data collection, model development with Random forests, 

upscaling with satellite data, and generation of trait maps across Chile. 

 

5.4.3. Plot level remote sensing: multispectral images and laser scanning 

We implemented drone missions to obtain high-resolution multispectral images (~5 cm pixel) 

using the MicaSense Altum multispectral camera across 11 plots, and handheld LiDAR data 

using the ZEB1 3D handheld laser scanner from GeoSLAM across 14 plots. For the plots 
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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 Supplementary Table S5.7) 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) (Supplementary Table S5.8). To make the high-resolution 

datasets comparable with coarser satellite and GFCH product, we harmonised them at the plot 

level. Specifically, the drone imagery was spectrally subset to match the closest SuperDove 

bands (red, green, blue, red-edge, and NIR) and spatially aggregated to the plot scale, yielding 

mean reflectance values directly comparable to Planet SuperDove satellite imagery (3 m). 

Similarly, handheld LiDAR data were processed to generate plot-level canopy height 

distributions, from which mean height values were extracted. These were then compared with 

and made consistent with canopy height estimates derived from the GFCH product. By 

harmonising all measurements to the same plot-level ecological unit, we ensured that remote 

sensing predictors from different platforms were comparable for trait prediction analyses. 

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). 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 calculated four vegetation indices, the normalised difference 

vegetation index (NDVI) (Myneni et al., 1995), normalised difference red edge index (NDRE) 

(Gitelson & 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 (Supplementary Table S5.9). 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; Z. Wang et al., 2016). 

https://www.planet.com/
https://www.pix4d.com/product/pix4dmapper-photogrammetry-software/
https://www.pix4d.com/product/pix4dmapper-photogrammetry-software/
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For the LiDAR data, we generated canopy height from the LiDAR point cloud using the 

LAStools processing software (https://rapidlasso.de/) or directly from the GFCH product. 

 

5.4.4. Environmental variables 

We obtained variables related to climate, soil properties, topography, and hydrological stress. 

For climatic data, we collected three long-term monthly climatic variables and calculated their 

mean values (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 precipitation (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 variables 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 & 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 

https://www.climatologylab.org/terraclimate.html
https://soilgrids.org/
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represents the amount of organic matter, often linked to soil health and stress conditions. 

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. 

Specifically, we accessed 4383, 3917, and 4095 tiles for ET, ESI, and WUE, respectively, 

through AppEEARS at ~70 m spatial resolution (https://appeears.earthdatacloud.nasa.gov/) 

from 01 November 2019 to 31 January 2023. 

 

5.4.5. 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 wavelengths. 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. 

https://cmr.earthdata.nasa.gov/search/concepts/C1000000240-LPDAAC_ECS.html
https://appeears.earthdatacloud.nasa.gov/
https://earthengine.google.com/
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5.4.6. Identification of trait-trait correlations 

We tested correlations between all functional traits (Supplementary Fig. S5.1) and proposed 

the mean absolute within-category correlation index (MACI) that is defined as follows to 

identify key functional traits: 

                                                          MACI= ∑ ∑ >Cm,n>M
n=1

M
m=1

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. The 

use of MACI provided a quantitative measure of trait correlation within the same functional 

category and ensured that the retained traits represent independent aspects of plant function, 

which reduces multicollinearity in downstream analyses and improves the robustness and 

interpretability of trait-based modelling. Based on this criterion, 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. 

 

5.4.7. 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=∑ BAi×tiN
i=1
∑ BAi

N
i=1

                                                      (6) 

                                                          CWV=∑ BAi×(ti-CWM)
2N

i=1
∑ BAi

N
i=1

                                              (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. 
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5.4.8. Calculating functional diversity and redundancy 

We calculated functional dispersion as a measure of functional diversity. Functional dispersion 

(FDis) (Laliberté & Legendre, 2010) is defined as the mean distance in multidimensional trait 

space of individual 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= ∑ BAi×ziN
i=1
∑ BAi

N
i=1

                                                                (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 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). Specifically, in a community composed of N species: 

                                                          FUni=
∑ pi×∑ pjδij

N
j=1

N
i=1

∑ pj(1-pi)
N
j=1

                                             (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 ∑ pi
N
i=1 =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. 

 

5.4.9. 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 remotely sensed data described above. For all remotely sensed predictors, 

we calculated their mean and variance at the plot level. The data were then divided into seven 
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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 (Supplementary Fig. S5.2) 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 coefficient of determination (R2) to comprehensively evaluate the 

performance 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. 

 

5.4.10. 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” package (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 

normalising the individual variable importance scores to express their relative contribution. 
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5.4.11. Scaling up from plots to the full study area 

To scale predictions from the 16 study plots to the full extent of temperate forests in Chile, we 

firstly 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. 5.1C). To minimise the 

risk of estimation artefacts, the seven calibration sites with 16 plots were selected to cover the 

main latitudinal and climatic gradients of temperate forests in Chile, and predictions were 

restricted to forested areas within the same environmental space as the calibration data. These 

steps ensure that the scaling procedure is robust while acknowledging that predictions in under-

sampled areas remain more uncertain and would benefit from additional field trait data. 

 

5.5. Results 
5.5.1. 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. 5.2, all trait maps see Supplementary Figs. S5.3 to S5.10), 

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. 5.3 (separate maps were provided in Supplementary Figs. S5.11 and S5.12). 

Our models for CWM had an average R2=0.61, while for CWV they had an average R2 of 0.44 

(Supplementary Tables S5.10 to S5.13). The average R2 for assessing the FDis and FRed were 

0.48 and 0.52, respectively (Supplementary Table S5.14). 

https://worldcover2021.esa.int/
https://earthengine.google.com/
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Fig. 5.2. Spatial distribution of community-weighted mean (CWM) and variance (CWV) 

for specific leaf area (SLA) and leaf nitrogen (N) content across Chilean temperate forests. 

CWM maps indicate the dominant trait values within forest communities, and CWV maps 

reflect trait variability. CWM and CWV maps of all traits are included in Supplementary Figs. 

S5.3 to S5.10. 
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Fig. 5.3. Bivariate maps of functional diversity (FDis) and redundancy (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: grey=low diversity and 

redundancy; turquoise=high diversity, low redundancy; magenta=high redundancy, low 

diversity; navy=high in both metrics. These maps highlight areas where forests may be more 

resilient (high FDis and FRed) versus areas potentially vulnerable to environmental change 

(low FDis and FRed). Individual maps on spatial distribution of FDis and FRed are shown in 

Supplementary Figs. S5.11 and S5.12. 

For functional traits, there was a noticeable pattern in the latitudinal distribution 

between approximately 35°S and 42°S, where CWM and CWV values for almost all functional 

traits were relatively low compared to neighbouring regions, which indicated less notable trait 
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extremes and moderate functional variation. 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 were high within a narrow band, primarily between latitudes 35°S 

and 42°S, suggesting that forests here simultaneously hosted diverse functional strategies and 

redundant trait groups. Within this range, FDis exhibited 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, Supplementary Fig. S5.11). Similarly, FRed ranged 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, respectively, Supplementary Fig. S5.12). There was a divergence in the 

dominance of the different metrics. Specifically, FDis was 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, Supplementary Fig. S5.11) between latitudes 30°S and 35°S. In contrast, within 

the latitudinal range of 42°S to 48°S, FRed dominated 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, Supplementary Fig. S5.12). Finally, both FDis and FRed 

were 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, Supplementary Fig. S5.11) 

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, Supplementary Fig. S5.12). 

 

5.5.2. Drivers of functional trait composition, diversity, and redundancy across the 

latitudinal gradient 

Variable importance (VarImp) analyses (Figs. 5.4 and 5.5) showed that hydrological stress and 

soil properties consistently drived functional trait composition, diversity, and redundancy 

across trait categories. For CWM (Fig. 5.4 and Supplementary Figs. S5.13 to S5.16), the top-

ranking variable for predicting CWMMor and CWMNutr was hydrological stress (mean 

VarImp=31.99 for CWMMor and mean VarImp=36.22 for CWMNutr), while soil properties 

contributed the most in predicting CWMHydr (mean VarImp=23.32) and CWMPho (mean 

VarImp=36). Climate followed closely after hydrological stress and soil properties for 

predicting CWMNutr (mean VarImp=21.74) and CWMHydr (mean VarImp=19.20). For CWV 

(Fig. 5.4 and Supplementary Figs. S5.13 to S5.16), soil properties were identified as the most 

important variable in the case of morphology, nutrients, and hydraulics (mean VarImp=41.60, 

24.97, and 33.99 for CWVMor, CWVNutr, and CWVHydr, respectively). Notably, topography 
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ranked first in predicting CWVPho (mean VarImp=23.67), and it was also the second most 

important predictor for CWVMor (mean VarImp=28.65) and CWVNutr (mean VarImp=21.23). 

 

Fig. 5.4. 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. 

Hydrological stress and soil properties emerged as the predominant drivers of FDis and 

FRed (Fig. 5.5) 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 was the only type 

of variable whose importance scores were consistently high for driving both FDis and FRed in 
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all trait groups, while plant canopy height contributed little to predicting FRed of morphology, 

nutrients, and photosynthesis. 

 

Fig. 5.5. 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. 

Soil properties (VarImp=30.81 for FDis) and climate (VarImp=36.27 for FRed) 

emerged 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 

(VarImp=25.15 for FDis and VarImp=21.58 for FRed) was prominent. When considering 
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hydraulic traits, hydrological stress (VarImp=43.60) and soil properties (VarImp=33.75) were 

found as the most important drivers of FDis and FRed, respectively. Lastly, photosynthetic 

FDis and FRed were 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 demonstrated high importance in driving FDis 

(VarImp=17.32) and FRed (VarImp=21.48) of photosynthesis as it ranked third closely to soil 

properties for both metrics. 

 

5.6. Discussion 
5.6.1. 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 platforms provides not only a comprehensive understanding 

of trait distributions and variances, but also holistic insights into functional diversity and 

redundancy (inferred by FDis and FRed in this study). Using multispectral drone imagery and 

handheld LiDAR scans acquired at the plot-level, we obtain detailed spectral and structural 

information of forest functional composition at fine scales. Then, we use 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 understanding 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, diversity, 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 redundancy with optimal predictive accuracies (Objective 1). These spatially 

explicit predictions further allow 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 variation 

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 
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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. 

The uncertainty of our spatial predictions varies across functional trait groups and 

metrics. Overall, nutrient-related traits exhibit the highest uncertainty across both trait 

composition (CWM and CWV) and functional diversity (FDis) and redundancy (FRed), as 

indicated by their comparatively lower predictive performance. This likely reflects both the 

inherent spatial heterogeneity of leaf nutrients and their sensitivity to micro-environmental 

factors that are not fully captured by the remotely sensed and environmental predictors used in 

this study. In contrast, morphological, hydraulic, and photosynthetic traits tend to be more 

reliably predicted, suggesting stronger links with canopy structure, spectral signals, and large-

scale environmental gradients. From an ecological perspective, the higher uncertainty for 

nutrient traits implies that spatial maps of functional composition, diversity, and redundancy 

should be interpreted with caution when considering nutrient-driven ecosystem functions, such 

as productivity and nutrient cycling. 

 

5.6.2. 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 (Sarricolea et 

al., 2017). Despite the overall favourable climatic conditions, including cold to moderate 

temperatures and sufficient moisture (Cavieres et al., 2007), the reduced trait variability within 

plant communities 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 
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minimising the influence of seasonal water availability on species composition and functional 

trait distributions. 

In the central portion of the study area (spanning from approximately 30°S to 35°S), 

several functional traits, i.e., FW, DW, TWD, P50, and P88, consistently exhibit 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 survival 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 & Fraterrigo, 2020), 

contributing to the community’s ecological diversity and resilience within the Mediterranean 

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 temperatures 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 functional 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 contribute to the higher trait 

variability observed in the southern region. One important caveat is the widespread presence 

of Pinus radiata plantations in central and southern Chile, which may partially influence trait-

environment relationships. Although areas classified as forests were prioritised in this study, 

residual plantation effects cannot be fully excluded, particularly in transitional landscapes. 
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5.6.3. 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). In our study, we 

observe distinct latitudinal patterns where some regions exhibit high diversity with high 

redundancy, while others show imbalances between the two metrics (Table 5.1). 

Table 5.1. Latitudinal patterns of functional diversity (FDis) and functional redundancy 

(FRed), and corresponding ecological interpretation in South American temperate forests. 

Latitudinal 
range (°S) FDis FRed Ecological interpretation 

30-35 High Moderate Adaptable but sensitive to species loss; Mediterranean 
drought adaptations 

35-42 High High High ecological resilience; transition zone with diverse 
functional strategies 

42-48 Moderate High Convergent functional strategies; vulnerable to novel 
disturbances but stable under current climate 

48-53 Low Low Extremely vulnerable; high-latitude cold-adapted refugia 

As expected, we reveal a combination of both high FDis and FRed emerging from dense 

tree cover and high species diversity in the intermediate region of the study area. 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 disturbances (Oliver et al., 2015). This balance 

between FDis and FRed suggests a high-resilience system, well-adjusted to a mild climate with 

ample moisture (Correia et al., 2018). However, considering this region’s status as a highly 

threatened area in which forests have experienced extensive conversion to exotic forest 

plantations (Braun et al., 2017; Miranda et al., 2017), the high FDis and FRed emphasises the 
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importance of preserving ecological integrity. With reduced trait variability and increased 

environmental homogenisation 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 environmental 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 Mediterranean 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, particularly under recent environmental 

disturbances. For example, extreme fire weather 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), while large-scale forest browning has been linked to the severe 

megadrought since 2010 (Miranda et al., 2023). Regions with high FDis are likely to be more 

resilient to these stressors, as diverse functional strategies buffer ecosystem functioning against 

environmental fluctuations. In contrast, areas with high FRed but low FDis, such as those 

between approximately 42°S to 48°S, suggest a prevalence of similar functional traits among 

coexisting species (M. W. Cadotte et al., 2011), indicating convergent adaptation to the harsh 

environmental conditions, particularly 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. In the southernmost forests, 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 
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species in TRA forest, two in MAG forest), 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 conservation 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. 

 

5.6.4. 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 with in-situ trait measurements and high-resolution 

drone/LiDAR data presents a limitation, and the approach used in this study inevitably 

introduces higher uncertainty in regions not directly represented by the calibration sites and 

plots. While these plots were selected to capture a range of environmental and vegetation 

conditions, the relatively small sample size may introduce uncertainty when extrapolating trait-

based models to broader scales. 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, 

especially in underrepresented areas such as shrublands or transitional forest zones, could 

improve the resolution and generality of the derived relationships, 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. Predictions of underrepresented 

areas should be interpreted with caution. 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 use a random 70/30 training-testing split and leave-one-out cross-

validation within the training set to evaluate model performance. These approaches are 

commonly applied in trait prediction and remote sensing studies where field data are limited 
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and sampling is systematic or random (Camino et al., 2018; Z. Wang et al., 2019; Zhang et al., 

2022). While these methods can still be affected by spatial autocorrelation, recent findings 

suggest that they remain robust under certain conditions (Mushagalusa et al., 2024). We 

acknowledge, however, 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 

robustness (Roberts et al., 2017). 

Furthermore, the dominance of Pinus radiata plantations poses a potential limitation 

for interpreting trait-environment patterns, as they may mask or bias the functional signal of 

native forests. While the use of the WorldCover dataset helpes reduce this effect, future efforts 

should expand trait inventories in strictly native forests and improve land-cover discrimination 

between native forests and plantations. 

Finally, Random forests predictions rely on the available training data, and the 

relatively low predictive accuracy for certain traits, particularly nutrients, highlights the need 

for additional measurements to improve model robustness. Future directions should focus on 

incorporating dynamic vegetation models to simulate trait responses under climate change 

scenarios, expanding trait coverage to include root, reproductive, and wood traits, and linking 

functional trait composition, diversity, and redundancy maps to socio-ecological resilience by 

considering human impacts, plantation areas, and land use changes. Integrating long-term 

disturbance data, such as fire, drought, and pest outbreaks, would further enhance our 

understanding of functional resilience across temperate forest ecosystems. 

 

5.7. 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. This study demonstrates the first large-scale and high-

resolution mapping of plant functional traits in this region and enables an integrated assessment 

of functional diversity and redundancy across broad spatial scales in South America. 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 latitudinal range between 

approximately 35°S and 42°S, which may represent a critical threshold where forests are more 
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likely to maintain stability of key ecosystem functions under climate change. This is due to the 

combination of high trait functional diversity and redundancy, which together provide 

complementary strategies and insurance effects. 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. While we refer to 

this as contributing to ecosystem “resilience”, it is important to note that resilience here is 

inferred through the potential for functional diversity and redundancy to buffer variability in 

ecosystem processes, rather than measured directly. 

In the northern region (approximately 30°S to 35°S), high functional diversity but low 

functional redundancy suggests adaptability to environmental changes but potential 

vulnerability to species loss, which could destabilise ecosystem functioning. Conservation 

strategies in this zone 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 concentration of species with similar traits may increase vulnerability 

to climate change, as multiple species could be affected by the same disturbance. Conservation 

efforts here 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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5.9. Supplementary materials 
5.9.1. Figures 

 
Fig. S5.1. Trait within-category correlation. 
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Fig. S5.2. Input band within-category correlation. 
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Fig. S5.3. Distribution maps of CWM of FW, DW, LA, and SLA. 

 

 
Fig. S5.4. Distribution maps of CWM of TWD, N, P, and Ca.  
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Fig. S5.5. Distribution maps of CWM of Mg, P50, P88, and WPmd. 

 

 
Fig. S5.6. Distribution maps of CWM of TmaxL, TspanL, Topt, and T50. 
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Fig. S5.7. Distribution maps of CWV of FW, DW, LA, and SLA. 

 

 
Fig. S5.8. Distribution maps of CWV of TWD, N, P, and Ca. 
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Fig. S5.9. Distribution maps of CWV of Mg, P50, P88, and WPmd. 

 

 
Fig. S5.10. Distribution maps of CWV of TmaxL, TspanL, Topt, and T50. 
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Fig. S5.11. Distribution maps of FDis of morphological, nutrients, hydraulic, and 

photosynthetic traits. 

 

 
Fig. S5.12. Distribution maps of FRed of morphological, nutrients, hydraulic, and 

photosynthetic traits. 
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Fig. S5.13. The contribution of each variable in predicting morphological traits. Variable 

importance of all variables inputted into Random forests regression for predicting the two 

community-weighted moments of morphological traits. Each panel contains two stacked bar 

charts, representing the variable importance of all variables in predicting CWM and CWV of 

functional traits, respectively. All stacked bar charts are arranged in the order of spectral bands, 

vegetation indices, plant canopy height, climatic covariates, hydrological stress, topography, 

and soil properties. Each stacked bar denotes the importance of an input variable for predicting 

functional traits with different segments corresponding to distinct functional traits. Colours are 

used to differentiate the five morphological traits, refer to the legend for the corresponding 

colour-key associations. 
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Fig. S5.14. The contribution of each variable in predicting nutrient traits. Variable 

importance of all variables inputted into Random forests regression for predicting the two 

community-weighted moments of nutrient traits. Each panel contains two stacked bar charts, 

representing the variable importance of all variables in predicting CWM and CWV of 

functional traits, respectively. All stacked bar charts are arranged in the order of spectral bands, 

vegetation indices, plant canopy height, climatic covariates, hydrological stress, topography, 

and soil properties. Each stacked bar denotes the importance of an input variable for predicting 

functional traits with different segments corresponding to distinct functional traits. Colours are 

used to differentiate the four nutrient traits, refer to the legend for the corresponding colour-

key associations.  
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Fig. S5.15. The contribution of each variable in predicting hydraulic traits. Variable 

importance of all variables inputted into Random forests regression for predicting the two 

community-weighted moments of hydraulic traits. Each panel contains two stacked bar charts, 

representing the variable importance of all variables in predicting CWM and CWV of 

functional traits, respectively. All stacked bar charts are arranged in the order of spectral bands, 

vegetation indices, plant canopy height, climatic covariates, hydrological stress, topography, 

and soil properties. Each stacked bar denotes the importance of an input variable for predicting 

functional traits with different segments corresponding to distinct functional traits. Colours are 

used to differentiate the three hydraulic traits, refer to the legend for the corresponding colour-

key associations. 
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Fig. S5.16. The contribution of each variable in predicting photosynthetic traits. Variable 

importance of all variables inputted into Random forests regression for predicting the two 

community-weighted moments of photosynthetic traits. Each panel contains two stacked bar 

charts, representing the variable importance of all variables in predicting CWM and CWV of 

functional traits, respectively. All stacked bar charts are arranged in the order of spectral bands, 

vegetation indices, plant canopy height, climatic covariates, hydrological stress, topography, 

and soil properties. Each stacked bar denotes the importance of an input variable for predicting 

functional traits with different segments corresponding to distinct functional traits. Colours are 

used to differentiate the four photosynthetic traits, refer to the legend for the corresponding 

colour-key associations. 
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5.9.2. Sampling design 

At each of the seven study sites, we installed two or three permanent plots to estimate tree 

abundance (Supplementary Table S5.1). The dominant tree species (in basal area) at each site 

were: Lithraea caustica and Peumus boldus in CAB, Austrocedrus chilensis, Nothofagus 

dombeyi and Nothofagus obliqua in RAD, Laureliopsis philippiana, Nothofagus dombeyi and 

Saxegothaea conspicua in SPT, Drimys winteri, Fitzroya cupressoides and Nothofagus 

betuloides in ALE, Drimys winteri, Laureliopsis philippiana and Nothofagus betuloides in 

COR, Nothofagus pumilio in TRA and Nothofagus pumilio and Nothofagus antarctica in MAG 

(Supplementary Table S5.1). 

 

5.9.3. Trait measurements 

All traits were measured in adult individuals (between 20 cm and 80 cm diameter at breast 

height-DBH) of the most abundant tree species at each site. Measurements were taken during 

the Austral Spring and Summer seasons (from November to February). 

Leaf morphological traits were measured in 10 randomly selected individuals per 

species per site, according to standardised protocols (Pérez-Harguindeguy et al., 2013). Within 

one or two hours (h) after collection, one to five (depending on leaf size) fully expanded leaves 

per individual were scanned (Scanner Epson Perfection V850) and their fresh weight (FW; g) 

was measured using an analytical balance (ADAM PGL 203). Leaves were then oven-dried at 

60 °C for 48 h to measure their dry weight (DW; g). Leaf area (LA; cm2) was calculated using 

ImageJ (C. A. Schneider et al., 2012), specific leaf area (SLA; the ratio of leaf area to leaf dry 

mass [cm2 g-1]), leaf mass per area (LMA; the ratio of leaf dry mass to leaf area [g cm-2]), and 

leaf dry matter content (LDMC; the ratio of leaf dry mass to fresh mass [mg g-1]) were also 

calculated. For trunk wood density estimates, an increment core of approximately 10 cm length 

(5 mm diameter) was collected using an increment borer, and a 5 cm branch section was cut 

for branch wood density. The branch section was cut from a large branch collected for hydraulic 

vulnerability measurements (see below). Wood density (WD; the ratio of oven dry mass to 

green volume [g cm-3]) was calculated using shorter wood sections (i.e., 3 cm length), from 

where green volume was calculated (after removing branch’s bark) using the water 

displacement method (Osazuwa-Peters & Zanne, 2011). Wood pieces were then oven-dried at 

60 °C for 48 h to measure their dry weight. 
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For leaf nutrients, four individuals were sampled per species per site. Fully expanded 

leaves were collected from tree branches (the same used for photosynthetic traits 

measurements), oven-dried at 60 °C for 48 h, and stored in paper bags until analysis. Nitrogen 

content (N [%]), phosphorus content (P [%]), potassium content (K [%]), calcium content (Ca 

[%]), magnesium content (Mg [%]), and the N/P ratio were quantified at the Laboratorio de 

Nutrición y Suelos Forestales at the Universidad Austral de Chile. 

The stem P50 and P88, were determined in five trees per site through xylem 

vulnerability to air entry curves, that relate the xylem water potential measured with a 

Scholander pressure bomb and the percent loss of hydraulic function (i.e. the percentage of air 

discharged) using a pneumatron apparatus V 1.0 (Pereira et al., 2016, 2020). For this purpose, 

long branches approximately 1 m long were collected early in the morning from the top or sun 

exposed areas of the trees using a big shot and a handmade knife. Smaller branches, that were 

cut under water, were used to record the air flowing out of the stems. For the development of 

the curve, measurements (air discharged and water potentials) were repeatedly taken after 

variable dehydration times (15 minutes at the beginning, then 30 minutes and up to one hour), 

and a sigmoidal curve was used to fit the data and calculate the P50 and P88 for each tree 

(Pereira et al., 2016). 

The hydraulic safety margin (MPa) was calculated as the difference between the stem 

P50 and P88 and the minimum xylem water potential, measured in five trees per site at the end 

of the summer. 

Photosynthesis temperature response curves (A-T curves) were performed in long 

branches of four trees per site, collected following the same protocol mentioned above. 

Measurements were taken between  10:00 and 15:00 h on fully expanded leaves using an open 

gas exchange system (Li- 6400XT, Li-Cor Inc., Lincoln, NE, USA) set at 1000 mmol photons 

m-2 s-1 (10% blue), at an ambient CO2 concentration (400 mmol CO2 mol-1) and at 13 different 

ambient/block temperatures (9°C, 12°C, 15°C, 18°C, 21°C, 24°C, 27°C, 30°C, 33°C, 36°C, 

40°C, 45°C and 50°C). The temperature at carbon compensation point (TmaxL, °C), 

temperature of optimum photosynthesis (Topt, °C), photosynthesis rate at optimum 

temperature (Aopt, µmol CO2 m-2 s-1), and the breadth of temperature optimum (TspanL, °C) 

in each temperature response curve, were determined using a standard quadratic equation 

(Docherty et al., 2023). The temperature at which the maximum quantum yield of photosystem 

II declines to 50% (T50, °C) was estimated through heat thermal tolerance assays in five trees 

per site. 35 leaves (5 per temperature treatment) were collected per individual and were covered 
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with moist tissue paper and put into sealed plastic bags. Leaves were then immersed in a 

temperature-controlled water bath preset to the desired temperature (30 °C, 40 °C, 45 °C, 47 °C, 

50 °C and 55°C) for 15 min. A set of leaves were not immersed in temperature treatments, 

which were used as a control (ambient temperature of about 18 to 20°C). After each 

temperature treatment, leaves in their plastic bags were placed into opaque containers for dark 

adaptation at room temperature for 30 min, before chlorophyll fluorescence (Fv/Fm) was 

measured with a handheld chlorophyll fluorometer. T50 was estimated using a four-parameter 

logistic curve (Docherty et al., 2023). 

 

5.9.4. Processing workflow for plot-level remotely sensed data 

The main steps for processing multispectral drone images with the Pix4D software 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. When using the LAStools software to process 

handheld LiDAR data, 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. 

 

5.9.5. Tables 

Table S5.1. Total tree species richness and relative abundance (estimated from basal area) 

at each site. Site acronyms: CAB-Las Cabras, RAD-Radal Siete Tazas, SPT-San Pablo de 

Tregua, ALE-Alerce Costero National Park, COR-Correntoso, TRA-Trapananda National 

Reserve, MAG-Magallanes National Reserve. 

    Sites 

    CAB RAD SPT ALE COR TRA MAG 
Number of plots  3 3 2 2 2 2 2 
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Total tree-species richness  2 5 6 8 11 1 2 
Plot size (ha)  0.36 0.36 1 0.6 1 1 1 
Tree species Tree acronyms Relative abundance 
Austrocedrus chilensis Ac - 0.10929 - - - - - 
Amomyrtus luma Al - - 0.00912 - 0.06949 - - 
Amomyrtus meli Am - - 0.00065 - - - - 
Caldcuvia paniculata Cp - - - - 0.01847 - - 
Drimys winteri Dw - - - 0.03431 0.14052 - - 
Eucryphia cordifolia Ec - - - - 0.05042 - - 
Fitzroya cupressoides Fc - - - 0.9021 - - - 
Lithraea caustica Lc 0.6271 - - - - - - 
Lomatia ferruginea Lf - - - - 0.00115 - - 
Lomatia hirsuta Lh - 0.02135 - - - - - 
Laureliopsis phillipiana Lp - - 0.43608 - 0.29146 - - 
Maytenus boaria Mb - 0.0004 - - - - - 
Myrceugenia planipes Mp - - 0.02338 - 0.01259 - - 
Nothofagus antarctica Na      - 0.1477 
Nothofagus betuloides Nb - - - 0.02941 0.23699 - - 
Nothofagus dombeyi Nd - 0.68858 0.05351 0.00406 - - - 
Nothofagus nitida Nn - - - 0.00733 - - - 
Nothofagus obliqua No - 0.18041 - - - - - 
Nothofagus pumilio Np      1 0.8523 
Ovidia pillopillo Op - - - 8.50E-05 - - - 
Peumus boldus Pb 0.3728 - - - - - - 
Podocarpus nubigenus Pn - - - - 0.00674 - - 
Pilgerodendron uviferum Pu - - - 0.01619 - - - 
Saxegothaea conspicua Sc - - 0.47727 - 0.15959 - - 
Weinmannia trichosperma Wt - - - 0.00297 0.01259 - - 

 

Table S5.2. Information on plot locations, elevations, and sizes. 

Site Plot ID Longitude (˚) Latitude (˚) Elevation (m) Size (ha) 

Las Cabras CAB1 -71.192 -34.211 388.45 0.36 

 CAB2 -71.193 -34.212 386.41 0.36 

 CAB3 -71.193 -34.213 358.7 0.36 

Radal 7 Tazas RAD1 -70.97 -35.48 1233.53 0.36 

 RAD2 -70.969 -35.479 1245.03 0.36 

 RAD3 -70.969 -35.478 1244.595 0.36 

San Pablo de Tregua SPT1 -72.074 -39.598 876.293 1 

 SPT3 -72.098 -39.604 774 1 

Alerce Costero ALE2 -73.445 -40.171 820 0.6 

 ALE3 -73.443 -40.173 841.586 0.6 
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Correntoso COR1 -72.65 -41.521 513.025 1 

 COR3 -72.646 -41.522 442 1 

Trapananda National Reserve TRA1 -71.762 -45.338 1102 1 

 TRA2 -71.764 -45.34 1108.75 1 

Magallanes National Reserve MAG1 -71.032 -53.142 401.376 1 

 MAG2 -71.026 -53.143 392.472 1 

 

Table S5.3. Description of all morphological traits measured and calculated in Chile and 

the reasons why they were measured in this study. 

Trait Abbreviation Unit Description Trait selection justification 

Leaf fresh 
weight FW g Mass of a fresh leaf 

Higher FW suggests robust growth and favourable 
environmental conditions, while lower values may indicate 
stress or resource limitations 

Leaf dry 
weight DW g Mass of a dry leaf DW assesses the plant’s biomass allocation and long-term 

growth strategies and resource-use efficiency 

Specific leaf 
area SLA cm2 g-1 

A ratio indicating how much leaf 
area a plant builds with a given 
amount of leaf biomass 

SLA correlates with whole plant growth and reflects the trade-
off between resource acquisition and conservation 

Leaf area LA cm2 Area of leaves 
LA quantifies the surface area available for photosynthesis, 
providing a direct measure of the plant’s potential to capture 
solar energy and contribute to ecosystem productivity 

Leaf mass 
per area LMA g cm-2 The ratio between leaf dry mass 

and leaf area 

Higher LMA suggests thicker, denser leaves with potentially 
lower photosynthetic rates, and lower LMA indicates thinner, 
more photosynthetically active leaves 

Leaf dry 
matter 
content 

LDMC mg g-1 The ratio of leaf dry mass to fresh 
mass 

LDMC evaluates the proportion of dry matter in the leaf, 
providing insights into leaf structure, resource-use strategies, 
and the plant’s its ability to retain water 

Trunk wood 
density TWD g cm-3 

The dry weight per unit volume of 
wood, the amount of wood in a 
unit measured at trunks 

TWD assesses the structural and mechanical properties of tree 
trunks, wood strength, resource allocation strategies, and 
potential resistance to mechanical stresses and environmental 
pressures 
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Branch wood 
density BWD g cm-3 

The dry weight per unit volume of 
wood, the amount of wood in a 
unit measured at branches 

BWD evaluates the structural characteristics of tree branches, 
branch strength, mechanical stability, and resource allocation 
within the canopy, influencing overall tree architecture and 
ecological interactions 

 

Table S5.4. Description of all leaf nutrients measured in Chile and the reasons why they 

were measured in this study. 

Trait Abbreviation Unit Description Trait selection justification 

Leaf calcium content Ca % Calcium content per unit dry leaf mass 

Leaf nutrients 
comprehensively assess plant 
nutritional status, nutrient 
interactions, and potential 
impacts ecosystem dynamics 

Leaf potassium content K % Potassium content per unit dry leaf mass 

Leaf magnesium content Mg % Magnesium content per unit dry leaf mass 

Leaf nitrogen content N % Nitrogen content per unit dry leaf mass 

Leaf phosphorus content P % Phosphorus content per unit dry leaf mass 

Ratio of leaf nitrogen 
and phosphorus content N/P Unitless Ratio of leaf nitrogen and phosphorus 

content per unit dry leaf mass 

 

Table S5.5. Description of all hydraulic traits measured in Chile and the reasons why they 

were measured in this study. 
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Trait Abbreviation Unit Description Trait selection justification 

P50 P50 MPa 
Water potential at which 50% and 
88% of hydraulic conductivity is 
lost 

P50 and P88 evaluate the plant’s tolerance to 
water stress and its ability to maintain 
hydraulic conductivity under drought 
conditions 

P88 P88 MPa 

WPmd WPmd MPa Minimum water potential (midday 
water potential at the driest month) 

WPmd assesses the plant’s drought tolerance 
and capacity to withstand water stress, 
providing critical information on its ability to 
maintain water balance during periods of 
limited water availability 

SM_P50 SM50 MPa 

Safety Margin P50 and P88 
SM50 and SM88 serve as important indicators 
predicting the vulnerability of plants to 
drought-induced mortality 

SM_P88 SM88 MPa 

 

Table S5.6. Description of all photosynthetic traits measured in Chile and the reasons 

why they were measured in this study. 

Trait Abbreviation Unit Description Trait selection justification 

TmaxL TmaxL °C 
Temperature at 
carbon 
compensation point 

TmaxL assesses the minimum temperature required 
for a plant to achieve carbon balance, providing 
insights into a species’ thermal tolerance, metabolic 
performance, and adaptation to specific 
environmental conditions 

Temperature of 
Optimum 
Photosynthesis 

Topt °C 
Temperature of 
optimum 
photosynthesis 

Topt evaluates the temperature range at which a plant 
achieves maximal photosynthetic efficiency, species’ 
thermal adaptation, growth potential, and 
responsiveness to changing environmental conditions 

Photosynthesis 
rate at optimum 
temperature 

Aopt µmol CO2 m-2 s-1 
Photosynthesis rate 
at optimum 
temperature 

Aopt assesses the species’ potential for carbon 
assimilation and overall growth performance 
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TspanL TspanL °C 
Breadth of 
temperature 
optimum 

TspanL characterised the range of temperatures over 
which a plant exhibits optimal photosynthetic rates 
and the species’ ability to perform efficiently across 
varying environmental conditions 

T50 T50 °C 

Temperature at 
which the 
maximum quantum 
yield of the 
photosystem II 
declines to 50% 

T50 assesses the species’ vulnerability to 
temperature-induced reductions in photosynthetic 
efficiency 

 

Table S5.7. Description of multispectral images collected for each plot. B, G, R, RE, and 

NIR are abbreviations for the spectral bands blue, green, red, red edge, and near-infrared, 

respectively. 

Plot Instrument type Imaging date Scenes tiles Spectral bands (centre bandwidth (nm)) Spatial resolution 
(m) 

CAB1 MicaSense Altum-PT 10/01/2020 618 B (475), G (560), R (668), RE (717), NIR (842) 5.28×10-2 

CAB2 MicaSense Altum-PT 10/01/2020 1200 B (475), G (560), R (668), RE (717), NIR (842) 5.28×10-2 

CAB3 MicaSense Altum-PT 10/01/2020 799 B (475), G (560), R (668), RE (717), NIR (842) 5.28×10-2 

RAD3 MicaSense Altum-PT 11/01/2020 1194 B (475), G (560), R (668), RE (717), NIR (842) 5.28×10-2 

RAD2 MicaSense Altum-PT 11/01/2020 1356 B (475), G (560), R (668), RE (717), NIR (842) 5.28×10-2 

RAD1 MicaSense Altum-PT 11/01/2020 1188 B (475), G (560), R (668), RE (717), NIR (842) 5.28×10-2 

SPT1 SuperDove 09/11/2021 2 
Coastal blue (431-452), B (465-515), Green I (513-

549), G (547-583), Yellow (600-620), R (650-680), RE 
(697-713), NIR (845-885) 

3 

SPT3 MicaSense Altum-PT 03/03/2020 390 B (475), G (560), R (668), RE (717), NIR (842) 5.28×10-2 

ALE2 SuperDove 18/09/2020 2 B (465-515), G (547-583), R (650-680), RE (697-713), 
NIR (845-885) 3 

ALE3 MicaSense Altum-PT 04/03/2020 468 B (475), G (560), R (668), RE (717), NIR (842) 5.28×10-2 

COR1 SuperDove 24/03/2021 1 B (465-515), G (547-583), R (650-680), RE (697-713), 
NIR (845-885) 3 

COR3 SuperDove 24/03/2021 1 B (465-515), G (547-583), R (650-680), RE (697-713), 
NIR (845-885) 3 

TRA1 MicaSense Altum-PT 20/01/2020 498 B (475), G (560), R (668), RE (717), NIR (842) 5.28×10-2 
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TRA2 MicaSense Altum-PT 20/01/2020 732 B (475), G (560), R (668), RE (717), NIR (842) 5.28×10-2 

MAG1 SuperDove 17/01/2023 1 
Coastal blue (431-452), B (465-515), Green I (513-

549), G (547-583), Yellow (600-620), R (650-680), RE 
(697-713), NIR (845-885) 

3 

MAG2 MicaSense Altum-PT 07/03/2020 780 B (475), G (560), R (668), RE (717), NIR (842) 5.28×10-2 

 

Table S5.8. Description of LiDAR data collected for each plot. 

Plot Instrument type Imaging date Scanner points per second Spatial resolution (m) 

CAB1 ZEB1 handheld 3D scanner 06/01/2020 43000 0.01-0.03 
(environment dependant) 

CAB2 ZEB1 handheld 3D scanner 06/01/2020 43000 0.01-0.03 
(environment dependant) 

CAB3 ZEB1 handheld 3D scanner 06/01/2020 43000 0.01-0.03 
(environment dependant) 

RAD3 ZEB1 handheld 3D scanner 17/01/2020 43000 0.01-0.03 
(environment dependant) 

RAD2 ZEB1 handheld 3D scanner 17/01/2020 43000 0.01-0.03 
(environment dependant) 

RAD1 ZEB1 handheld 3D scanner 17/01/2020 43000 0.01-0.03 
(environment dependant) 

SPT1 ZEB1 handheld 3D scanner 28/02/2020 43000 0.01-0.03 
(environment dependant) 

SPT3 ZEB1 handheld 3D scanner 28/02/2020 43000 0.01-0.03 
(environment dependant) 

ALE2 ZEB1 handheld 3D scanner 29/02/2020 43000 0.01-0.03 
(environment dependant) 

ALE3 ZEB1 handheld 3D scanner 29/02/2020 43000 0.01-0.03 
(environment dependant) 

COR1 Global Forest Canopy Height / / 30 

COR3 Global Forest Canopy Height / / 30 

TRA1 ZEB1 handheld 3D scanner 15/01/2020 43000 0.01-0.03 
(environment dependant) 

TRA2 ZEB1 handheld 3D scanner 15/01/2020 43000 0.01-0.03 
(environment dependant) 

MAG1 ZEB1 handheld 3D scanner 02/03/2020 43000 0.01-0.03 
(environment dependant) 
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MAG2 ZEB1 handheld 3D scanner 03/03/2020 43000 0.01-0.03 
(environment dependant) 

 

Table S5.9. Vegetation indices generated from spectral bands. 

Vegetation index Abbreviation Equation Description 

Normalised Difference 
Vegetation Index NDVI 

ρNIR-ρRed
ρNIR+ρRed

 Used to estimate the amount and 
health of vegetation 

Normalised Difference Red 
Edge Index NDRE 

ρNIR-ρRed Edge

ρNIR+ρRed Edge
 

Particularly useful for assessing 
subtle changes in vegetation health 
and stress 

Soil-Adjusted Vegetation 
Index SAVI 1.5×

ρNIR-ρRed
ρNIR+ρRed+0.5

 
An improvement over NDVI, 
designed to minimise the influence 
of soil brightness 

Modified Soil-Adjusted 
Vegetation Index MSAVI 2×ρNIR+1-K(2×ρNIR+1)2-8×(ρNIR-ρRed) 

2
 

Aiming to provide a more accurate 
representation of vegetation cover 

 

Table S5.10. Model performance for mapping the two community-weighted moments of 

morphological traits. The bold numbers indicate the highest R2 values. 

Trait FW DW LA SLA TWD 
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Moment CWM CWV CWM CWV CWM CWV CWM CWV CWM CWV 

R2 0.50 0.64 0.58 0.59 0.33 0.51 0.82 0.40 0.92 0.37 

RMSE 0.18 0.19 0.07 0.03 4.04 57.25 18.71 565.68 0.05 0.00 

MAE 0.14 0.14 0.05 0.02 3.14 47.72 15.48 453.34 0.04 0.00 

 

Table S5.11. Model performance for mapping the two community-weighted moments of 

nutrient traits. The bold numbers indicate the highest R2 values. 

Trait N P Ca Mg 

Moment CWM CWV CWM CWV CWM CWV CWM CWV 

R2 0.75 0.27 0.77 0.39 0.36 0.44 0.25 0.15 

RMSE 0.28 0.05 0.05 0.00 0.23 0.15 0.07 0.01 

MAE 0.25 0.04 0.03 0.00 0.17 0.09 0.06 0.01 

 

Table S5.12. Model performance for mapping the two community-weighted moments of 

hydraulic traits. The bold numbers indicate the highest R2 values. 

Trait P50 P88 WPmd 

Moment CWM CWV CWM CWV CWM CWV 
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R2 0.54 0.27 0.77 0.14 0.97 0.96 

RMSE 0.36 0.30 0.49 0.53 0.20 0.39 

MAE 0.29 0.25 0.42 0.46 0.16 0.21 

 

Table S5.13. Model performance for mapping the two community-weighted moments of 

photosynthetic traits. The bold numbers indicate the highest R2 values. 

Trait TmaxL Topt TspanL T50 

Moment CWM CWV CWM CWV CWM CWV CWM CWV 

R2 0.57 0.54 0.68 0.77 0.34 0.18 0.57 0.38 

RMSE 2.08 5.49 1.83 2.59 1.04 2.49 1.26 1.88 

MAE 1.41 3.69 1.47 1.66 0.76 1.60 0.91 1.42 

 

Table S5.14. Model performance for assessing the four groups of FDis and FRed. The bold 

numbers indicate the highest R2 values. 

Group Morphology Nutrients Hydraulic Photosynthesis 

Metric FDis FRed FDis FRed FDis FRed FDis FRed 

R2 0.36 0.52 0.23 0.48 0.69 0.54 0.64 0.56 
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RMSE 0.91 0.16 0.55 0.17 0.41 0.18 0.44 0.16 

MAE 0.69 0.12 0.45 0.13 0.32 0.15 0.33 0.13 
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Chapter 6 Trait-based analysis of Mexican forest resilience to 

extreme climate change (Paper 3) 

6.1. Preface 
As the final chapter of this thesis, this study builds on the trait-mapping framework and spatial 

analyses of functional diversity and redundancy established in Papers 1 and 2 to explore how 

these biodiversity metrics contribute to forest carbon resilience, defined here as the ability of 

forests to maintain or accumulate carbon, reflected in carbon stocks, gains, losses, and net 

carbon sink. Focusing on temperate and tropical forests in Mexico, we assess how initial 

functional diversity and redundancy measured at the start of monitoring in morphological and 

nutrient traits influences temporal changes in carbon stocks and dynamics under increasing 

climatic stress. This chapter shifts from spatial prediction to ecological interpretation, aiming 

to understand the stabilising role of biodiversity in maintaining carbon stocks and dynamics 

under climate change. 

 

6.1.1. Highlights 

Using repeated forest inventory data, we examined how initial functional diversity and climate 

stressors shape temporal changes in carbon stocks, gains, losses, and net carbon sink. In 

temperate forests, higher morphological trait diversity enhanced carbon accumulation and 

stability, buffering the impacts of drought and temporal stress. Nutrient trait diversity, by 

contrast, was linked to reduced carbon resilience, likely due to traits favouring fast growth over 

drought tolerance. Interaction analyses revealed that morphological diversity mitigated, while 

nutrient diversity amplified, climate-related carbon losses. These stabilising effects were not 

evident in tropical forests, possibly due to trait saturation or data limitations. 

This paper is prepared for submission to Nature Climate Change, which requires the 

Method section to be placed at the end of the manuscript in accordance with the journal’s author 

guidelines. 
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6.2. Abstract 

Understanding the mechanisms that sustain forest carbon stocks and dynamics under climate 

change is critical for forecasting ecosystem resilience. Here, we use repeated forest inventory 

data from temperate and tropical forest plots in Mexico to assess how functional diversity and 

redundancy in morphological and nutrient traits at the beginning of monitoring (hereafter initial) 

and climatic stressors influence forest carbon resilience, defined as the forest’s ability to 

maintain or accumulate carbon, reflected in temporal changes in carbon stocks, gains, losses, 

and net carbon sink. We find that in temperate forests, higher initial morphological functional 

diversity (FDMor) consistently enhances the stability of carbon-related processes, supporting 

greater carbon accumulation, higher gains, lower losses, and a stronger net sink, thereby 

buffering against the negative effects of increasing drought severity and temporal stress. In 

contrast, nutrient-based functional diversity (FDNutr) is associated with declines in carbon 

stability, likely reflecting trait combinations favouring fast growth but lower drought tolerance. 
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Interaction effects reveal that high FDMor restrains the adverse impacts of both climate and time 

on carbon fluxes, whereas high FDNutr amplifies them. In tropical forests, neither functional 

trait diversity nor climate variables shows strong or consistent associations with carbon 

resilience, possibly due to limited data, trait saturation, or overriding climatic constraints. 

These results highlight that the stabilising effect of functional trait diversity on forest carbon 

stocks and dynamics is particularly pronounced in temperate forests under increasing drought 

stress. 

 

Keywords: Functional diversity; Carbon resilience; Warming; Drought stress; Climate 

change; Temperate forests; Tropical forests 
 

6.3. Main 

Forests are critical components of the global carbon cycle, they act as major carbon sinks that 

regulate atmospheric CO2 levels and influence global climate patterns (Pan et al., 2011). Forest 

ecosystems are not only central to carbon storage and nutrient cycling (Malhi et al., 2024) but 

also provide a host of other essential services, including biodiversity support and water 

regulation (Chen et al., 2023). However, the growing intensity of climate change, particularly 

through extreme droughts, threatens the resilience of forest ecosystems worldwide (Malhi et 

al., 2020). Extreme droughts disrupt key carbon flux processes by limiting photosynthesis, 

reducing biomass growth, and increasing tree mortality, leading to substantial carbon losses 

from forest ecosystems (Doughty et al., 2015; Schlesinger et al., 2016). As drought stress 

intensifies, forests may experience declines in carbon gains due to suppressed productivity, 

while simultaneously facing increased carbon emissions through tree death and decomposition 

(Anderegg et al., 2013). In the most severe cases, these combined effects can shift forests from 

being net carbon sinks to becoming net carbon sources, thereby accelerating atmospheric CO2 

accumulation (Anderegg et al., 2013; Anderegg, Trugman, Badgley, Konings, et al., 2020; 

Yang et al., 2018). Measures of carbon stocks and dynamics (carbon gains, carbon losses, and 

net carbon sink) thus provide integrative indicators of forest functioning and resilience (defined 

as the ability of forests to absorb disturbances and reorganise under change while maintaining 

critical functions and structure (Scheffer, 2009)) under drought. However, predicting how this 

carbon dynamics respond to climatic extremes remains challenging without an understanding 

of the ecological and functional properties that confer stability to forest ecosystems. 
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Recent advances in trait-based ecology have highlighted the pivotal role of community 

functional trait diversity (FD) and redundancy (FR) in mediating forest responses to 

environmental stress (Sakschewski et al., 2016; Wieczynski et al., 2019; B. F. Oliveira et al., 

2022; Hisano et al., 2024) such as drought. Functional traits, such as leaf area, wood density, 

and hydraulic traits, provide an aggregate measure of the dominant ecological strategies within 

a community, which directly influence drought tolerance (Anderegg et al., 2016, 2019; Serra-

Maluquer et al., 2022). In addition, FD captures the range of trait values within a community 

and reflects the spectrum of ecological strategies that species employ in response to 

environmental challenges, and FD can reveal information about ecosystem functioning and the 

susceptibility of a forest ecosystem to climate change (Anderegg et al., 2018; Schneider et al., 

2017) and disturbances (Durán et al., 2019; Jetz et al., 2016). There is a strong positive 

relationship between FD and forest stability and, by extension, resilience (Schmitt et al., 2020a).  

Higher FD can enhance ecosystem resilience by promoting complementary responses among 

coexisting species, which helps stabilise ecosystem functions such as carbon uptake and 

biomass retention during periods of stress (Hisano et al., 2024; Oliver et al., 2015; Schmitt et 

al., 2020b). On the other hand, FR reflects the degree to which multiple species share similar 

functional traits (Rosenfeld, 2002), and potentially act as an insurance mechanism to maintain 

ecosystem functioning despite the loss of individual species (Biggs et al., 2020), and thus buffer 

ecosystem functioning during disturbances: when one species declines or dies under stress, 

others with similar functional roles can compensate and maintain community-level processes 

(Ricotta et al., 2016) such as primary production and carbon sequestration. In systems subject 

to increasing climatic variability, such insurance effects are likely to be critical for long-term 

ecosystem stability.  

While functional trait diversity and redundancy are not direct measures of resilience, 

they represent mechanisms that can promote the stability of ecosystem processes in the face of 

disturbance and directional change. From a conservation perspective, this means that 

maintaining or restoring functional trait diversity and redundancy can directly support climate 

mitigation goals by safeguarding carbon storage and ensuring continued forest functioning 

under intensifying climatic stress. Although these trait-based metrics are known to be vital in 

shaping forest resilience, there is a limited body of work linking functional trait metrics directly 

to carbon fluxes, and few studies have directly tested whether higher functional diversity and 

redundancy actually enhance resistance or resilience in terms of forest carbon stocks and 
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dynamics, particularly in the context of extreme droughts (Prentice et al., 2014; Sakschewski 

et al., 2016). 

Known as one of the main world megadiverse countries, Mexico hosts 10 to 12 percent 

of the global biodiversity, with its forests spanning a wide range of ecosystems from tropical 

rainforests to temperate pine-oak forests. These forests play a critical role in carbon storage, 

nutrient cycling, climate regulation, and the maintenance of biodiversity (Fuller et al., 2007; 

Galicia & Zarco-Arista, 2014). However, Mexican forests are increasingly threatened by and 

vulnerable to the impacts of climate change. In particular they are currently undergoing one of 

the most extensive and severe droughts in decades (Dobler-Morales & Bocco, 2021). Despite 

their ecological importance, the resilience of these forests to such extreme climatic events 

remains poorly understood yet warrants urgent investigation. Understanding how Mexican 

forests respond to prolonged droughts, and the functional attributes that influence their capacity 

to withstand and recover from such droughts, is essential for informing conservation and 

management strategies. Maintaining high functional diversity increases an ecosystem’s overall 

capacity to adapt to changing environmental conditions, safeguarding its long-term stability, 

and high functional redundancy ensures that crucial services like carbon sequestration continue 

even if some species decline due to climate impacts. By promoting and protecting functional 

diversity and redundancy, we are essentially increasing an ecosystem’s adaptive capacity. 

In biodiverse regions such as Mexico, where droughts are intensifying, it is crucial to 

examine how functional trait diversity and redundancy interact to influence carbon stocks and 

dynamics. Tropical and temperate forests are key to global biodiversity and carbon storage but 

are also among the most vulnerable to climate extremes (Bennett et al., 2023; Hubau et al., 

2020; Millar & Stephenson, 2015). While numerous studies have observed the impacts of 

drought on forest structure and biomass (Bennett et al., 2021, 2023; Hubau et al., 2020; Maia 

et al., 2020), few have examined how community trait diversity and redundancy directly affect 

forest carbon fluxes under extreme drought conditions. This gap is especially pronounced in 

high-biodiversity countries like Mexico, where forest resilience remains largely unquantified 

in functional and carbon terms. 

Here, we assess how functional trait diversity and redundancy mediate the carbon 

resilience of Mexican forests under intensifying drought stress. We compiled and analysed 

repeated forest census data from 293 forest plots (each 0.25 ha) across Mexico, including 278 

temperate forest plots and 15 tropical forest plots, spanning the period from 2007 to 2021. 

Across these plots, we tracked over 13056 trees with diameter at breast height (DBH) greater 
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than 5 cm. Each plot was censused 2 to 3 times, with mean census intervals of 6.77 years, 

which enabled estimates of carbon stocks, gains, losses, and net sink strength over time. To 

characterise community functioning, we compiled data on morphological traits and leaf 

nutrients. Using these trait values, we calculated FD and FR separately for morphological traits 

and nutrients. Climatic conditions at each plot were characterised using mean annual maximum 

temperature (Tmax, in °C), vapour pressure deficit (VPD, in kPa), and maximum climatological 

water deficit (MCWD, in mm), with spatial patterns and plot locations shown in Fig.6.1a-c, the 

climatic space occupied by the plots illustrated in Fig. 6.1d, and the long-term trends of these 

climate variables over the study period displayed in Fig. 6.1e. 

This study tests the hypothesis that higher initial functional diversity enhances forest 

resilience to extreme climatic events, particularly droughts, by buffering carbon losses and 

maintaining positive net carbon balances. By linking community trait diversity metrics directly 

to observed carbon fluxes, we aim to evaluate how trait-based ecosystem properties shape both 

the resistance (reduced loss during drought) and recovery (subsequent gains) of forests. Unlike 

previous studies focused primarily on tropical systems, our analysis includes a large number 

of temperate Mexican forests, offering a broader perspective on how forest functional structure 

mediates carbon responses across diverse climatic contexts. Through this approach, we 

contribute novel insights into the mechanisms of forest resilience and the potential for 

functional trait-based metrics to inform forest conservation and climate mitigation strategies. 
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Fig. 6.1. Spatial patterns and long-term trends of warming and drought stress across 

temperate and tropical forests in Mexico. a-c, Spatial distributions of mean maximum 

temperature (Tmax, °C, a), vapour pressure deficit (VPD, kPa, b), and maximum climatological 

water deficit (MCWD, mm, c) across Mexico over the study period (2007–2021), overlaid with 

the locations of temperate (blue squares) and tropical (orange squares) forest inventory plots. 

Note that all the squares are magnified for visualisation purposes. d-f, Temporal trends in Tmax 

(d), VPD (e), and MCWD (f) from 2007 to 2021 for temperate (blue) and tropical (orange) 

forest plots. Each point represents an annual observation at a plot, and regression lines indicate 

the average trend for each forest type: solid lines represent statistically significant trends 

(P<0.05), while dashed lines denote non-significant trends (P>0.05). 

 

6.4. Results 
6.4.1. Intensifying warming and drought across Mexican forests 

Between 2007 and 2021, both temperate and tropical forests in Mexico experienced statistically 

significant and concurrent warming and increasing drought stress, although the magnitude and 

significance of these changes varied by forest type. In temperate forests, maximum temperature 

(Tmax) rose at a rate of 0.078 °C per year (P<0.001, Fig. 6.1d), while tropical forests exhibited 

a more modest but still significant increase of 0.043 °C per year (P=0.016, Fig. 6.1d). These 

Temperate Tropical
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trends resulted in cumulative warming of approximately 1.09 °C and 0.60 °C over the 14-year 

period in temperate and tropical forests in Mexico, respectively. 

Vapour pressure deficit (VPD), a measure of atmospheric aridity, also increased across 

both biomes, although significance differed. In temperate forests, VPD rose by 0.005 kPa per 

year (P<0.001, Fig. 6.1e), totalling an approximate rise of 0.07 kPa. In tropical forests, the rate 

of VPD increase was similar (0.005 kPa per year), but not statistically significant (P=0.131, 

Fig. 6.1e). Seasonal drought intensity, as reflected by the maximum climatological water deficit 

(MCWD), intensified in both biomes. Tropical forests showed the strongest increase, with 

MCWD deepening by 11.5 mm per year (P=0.009, Fig. 6.1f), accumulating to a total increase 

of ~161 mm over the study period. Temperate forests also experienced a significant rise in 

drought severity, with MCWD increasing by 1.332 mm per year (P=0.007, Fig. 6.1f), 

corresponding to an overall increase of ~18.6 mm. 

 

6.4.2. Long-term trends and future projections of carbon stocks and dynamics 

Over the period from 2007 to 2021, carbon stocks in temperate forests showed a significant 

long-term increase, with an estimated slope of 2.122 Mg C ha-1 yr-1 (P<0.001, Fig. 6.2a). 

Tropical forests also exhibited a significantly positive trend in carbon stocks with a 

slope of 2.475 Mg C ha-1 yr-1 (P=0.009, Fig. 6.2a). Carbon dynamics, in contrast, revealed more 

complex patterns. In temperate forests, carbon gains declined significantly over time (slope=-

0.318 Mg C ha-1 yr-2, P<0.001, Fig. 6.2c), while carbon losses remained stable (slope=-0.008 

Mg C ha-1 yr-2, P=0.817, Fig. 6.2d), although the result was statistically non-significant. In 

tropical forests, carbon gains also showed a significantly declining trend (slope=-0.184 

Mg C ha-1 yr-2, P=0.042, Fig. 6.2c). Carbon losses, in contrast, exhibited a slight upward trend 

(slope=0.07 Mg C ha-1 yr-2, P=0.394, Fig. 6.2d), although again not statistically significant. 

These trends resulted in a decrease in the net carbon sink over time, particularly in 

temperate forests (slope=-0.31 Mg C ha-1 yr-2, P<0.001, Fig. 6.2b). Although tropical forests 

showed a similar declining trend in net carbon sink (slope=-0.254 Mg C ha-1 yr-2, Fig. 6.2b), 

this trend was not statistically significant (P=0.09). Extrapolations from the observed trends 

predicted that temperate forests would reach carbon sink saturation by approximately 2025, 

while tropical forests were expected to follow by 2029. These projections suggested that, under 

current trajectories, both forest types may lose their capacity to act as net carbon sinks before 

the end of this decade (Fig. 6.2b). 
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Fig. 6.2. Long-term trends and projected trajectories of carbon stocks and dynamics in 

Mexican forests. a-d, Annual trends for temperate (blue) and tropical (orange) forests in 

aboveground carbon stocks (a), net carbon sink (b), carbon gains (b), and carbon losses (d) 

between 2007 and 2021, and extrapolated projections of prior trends to 2030. Solid lines 

indicate statistically significant trends (P<0.05), and dashed lines indicate non-significant 

trends (P>0.05). Two-dashed lines denote extrapolated trajectories from 2021 to 2030 based 

on observed trends. Projections in panel (b) suggest that temperate forests may reach carbon 

sink saturation by 2025, with tropical forests following by 2029. 

 

6.4.3. Functional and climatic drivers of carbon resilience 

Our analysis revealed biome-specific patterns in how FD influenced the rate of change in forest 

carbon stocks and dynamics. In temperate forests, higher initial morphological FD (FDMor) was 
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consistently associated with enhanced carbon resilience. Specifically, greater FDMor was 

significantly associated with faster increases in carbon stocks (slope=1.878 Mg C ha-1 yr-1, 

P<0.001, Fig. 6.3a), greater net carbon sink (slope=1.028  Mg C ha-1 yr-2, P<0.001, Fig. 6.3b), 

increased carbon gains (slope=0.604  Mg C ha-1 yr-2, P<0.001, Fig. 6.3c), and reduced carbon 

losses (slope=-0.441 Mg C ha-1 yr-2, P<0.001, Fig. 6.3d). In contrast, tropical forests showed 

no significant relationship between FDMor and any carbon metric (Fig. 6.3a-d). Nutrient-based 

FD (FDNutr) revealed an unexpected negative association with the change rate of carbon stocks 

and dynamics in temperate forests. Higher initial FDNutr was significantly linked to reduced 

carbon stocks (slope=-3.440  Mg C ha-1 yr-1, P<0.001, Fig. 6.4a), diminished net carbon sink 

(slope=-1.826 Mg C ha-1 yr-2, P<0.001, Fig. 6.4b), lower carbon gains (slope=-1.017 Mg C ha-

1 yr-2, P<0.001, Fig. 6.4c), and higher carbon losses (slope=0.907 Mg C ha-1 yr-2, P=0.006, Fig. 

6.4d). Again, these patterns were not reflected in tropical forests, where FDNutr showed no 

significant associations with any carbon metric (Fig. 6.4a-d). Beyond FD, morphological FR 

showed no significant associations with changes in carbon stocks or dynamics in either 

temperate or tropical forests (Supplementary Fig. S6.1). 

In addition to functional attributes, we assessed how climatic stress (mean annual 

MCWD and VPD) influenced the temporal change rates of carbon stocks and dynamics. 

MCWD exhibited significant negative associations with multiple carbon metrics in temperate 

forests. Higher drought severity (i.e., greater MCWD) was associated with declining carbon 

stocks (slope=-0.03 Mg C ha-1 yr-1, P<0.001, Fig. 6.5a), decreasing net carbon sink (slope=-

0.006 Mg C ha-1 yr-2, P=0.016, Fig. 6.5b), and increasing carbon losses (slope=0.004 Mg C ha-

1 yr-2, P=0.015, Fig. 6.5d). Carbon gains, however, were not significantly affected (P=0.278, 

Fig. 6.5c). In contrast, tropical forests showed no significant relationships between MCWD 

and any carbon metric (Fig. 6.5a-d). By comparison, VPD did not show statistically significant 

associations with changes in carbon stocks or dynamics in either biome (Supplementary Fig. 

S6.2). In temperate forests, trends were weak and non-significant across all metrics 

(Supplementary Fig. S6.2), while in tropical forests, despite a relatively large positive slope for 

carbon stocks (slope=13.89 Mg C ha-1 yr-1, Supplementary Fig. S6.2a), the relationship was 

non-significant (P=0.597, Supplementary Fig. S6.2a). 

Our analysis also revealed significant interaction effects between FD components and 

both climatic (MCWD) and temporal (Year) variables in temperate forests (Supplementary 

Figs. S6.3 to S6.6). Specifically, higher FDMor significantly buffered the negative impact of 

increasing drought severity (MCWD) on the rate of carbon stock change (interaction=2.29, 
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P<0.001, Supplementary Fig. S6.3a), and the decline of carbon stock change rate was steepest 

at low FDMor but remained most stable under high FDMor (Supplementary Fig. S6.3a). Similarly, 

FDMor moderated temporal trends (Year), with the positive trend of carbon stocks change rate 

only observed at high FDMor (interaction=0.73, P<0.001, Supplementary Fig. S6.3c), while 

stocks declined under low and median FDMor (Supplementary Fig. S6.3c). For the change rate 

of carbon dynamics, high FDMor significantly restrained declines in temporal net carbon sink, 

carbon gains and increases in carbon losses (interactions ranging from -0.94 to 2.63, all 

P<0.001, Supplementary Figs. S6.4 to S6.6). Conversely, FDNutr showed the opposite pattern. 

Greater FDNutr exacerbated negative effects of both MCWD (interaction=-1.44, P<0.001, 

Supplementary Figs. S6.3e, S6.4e, S6.5e, and S6.6e) and Year (interactions ranging from -0.77 

to -1.08, all P<0.001, Supplementary Figs. S6.3g, S6.4g, S6.5g, and S6.6g) on the change rate 

of carbon stocks and carbon dynamics. No significant interaction effects were observed in 

tropical forests (all P>0.05, Supplementary Figs. S6.7 to S6.10). 
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Fig. 6.3. Effects of morphological functional diversity (FD) on changes in forest carbon 

stocks and dynamics. Relationships between initial morphological functional diversity and 

the change rate of carbon stocks (a), net carbon sink (b), carbon gains (c), and carbon losses 

(d) in temperate (blue) and tropical (orange) forests. Each point represents a census interval for 

a plot, and regression lines indicate biome-specific trends. Solid lines denote statistically 

significant relationships (P<0.05), and dashed lines indicate non-significance (P>0.05). 
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Fig. 6.4. Effects of nutrient-based functional diversity (FD) on changes in forest carbon 

stocks and dynamics. Relationships between initial nutrient-based functional diversity and the 

change rate of carbon stocks (a), net carbon sink (b), carbon gains (c), and carbon losses (d) in 

temperate (blue) and tropical (orange) forests. Each point represents a census interval for a plot, 

and regression lines indicate biome-specific trends. Solid lines denote statistically significant 

relationships (P<0.05), and dashed lines indicate non-significance (P>0.05). 
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Fig. 6.5. Effects of mean maximum cumulative water deficit (MCWD) on changes in 

forest carbon stocks and dynamics. Relationships between mean MCWD and the change rate 

of carbon stocks (a), net carbon sink (b), carbon gains (c), and carbon losses (d) in temperate 

(blue) and tropical (orange) forests. Each point represents a census interval for a plot, and 

regression lines represent statistically significant (solid) or non-significant (dashed) trends 

(P<0.05 and P>0.05, respectively). 
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Our biome-specific yet concurrent trends in temperature and drought-related metrics indicate 

that both temperate and tropical forest types are undergoing increasingly stressful climatic 

conditions from 2007 to 2021. Tropical forests are showing greater absolute increases in 

seasonal drought severity (MCWD), while temperate forests are experiencing more statistically 

robust warming (Tmax) and atmospheric drying (VPD). The positive and highly significant 

trends in Tmax, VPD, and MCWD are consistent with broader regional (De la Barreda et al., 

2020; Overpeck & Udall, 2020) and global (Trenberth et al., 2014; Zscheischler & Seneviratne, 

2017) climate trends. These shifts reflect rising atmospheric heat extremes (Tmax), declining 

atmospheric moisture (VPD), and worsening soil water deficits and diminished water 

availability (MCWD), which together exacerbate thermal stress, increase evaporative demand, 

and reduce plant water supply, and ultimately driving suppressing forest stress and increasing 

tree mortality (Bauman et al., 2022; Esquivel-Muelbert et al., 2020). 

In tropical forests, while the warming trend is weaker and VPD changes are not 

statistically significant, MCWD increases, which suggests intensifying dry-season water 

deficits. This deepening MCWD trend is particularly concerning, as it reflects increasing 

seasonal drought stress (Bauman et al., 2022; Malhi et al., 2009). Even in the absence of strong 

VPD signals, severe dry season deficits alone can diminish tropical forest resilience and carbon 

balance by disrupting water transport and increasing vulnerability to disturbance (Stan & 

Sanchez-Azofeifa, 2019). 

The cumulative effects of these climate shifts differ between forest types. In temperate 

forests, Tmax increases by approximately 1.09 °C, accompanied by a 0.07 kPa rise in VPD and 

an intensification of seasonal drought measured by an increase of 18.65 mm in MCWD 

between 2007 and. Higher temperatures can increase respiration costs and tree mortality risks 

(Anderegg et al., 2013), while elevated VPD impairs stomatal function and reduces 

photosynthesis (Grossiord et al., 2020). Over time, such conditions can reduce productivity and 

alter competitive dynamics (McDowell et al., 2020). In contrast, tropical forests experience a 

0.60 °C rise in Tmax, with VPD increasing by 0.07 kPa, a similar magnitude to temperate forests, 

though not statistically significant. However, seasonal drought severity (MCWD) deepens 

substantially by 161 mm, indicating a much greater increase in cumulative dry season water 

deficits. Although tropical species often display traits adapted to periodic water stress, the scale 

of drought intensification raises concerns about long-term resilience (R. S. Oliveira et al., 2021). 

These compounding stressors are likely to push many forest systems beyond physiological 

thresholds (Betts et al., 2008; Lesk et al., 2022), especially in water-limited or transitional 
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ecosystems. Under high temperatures and elevated VPD, stomatal closure reduces transpiration, 

which can conserve soil moisture in the short term but concurrently intensifies land surface 

warming (Grossiord et al., 2020; Jalakas et al., 2021; Lesk et al., 2022) and further amplifies 

forest stress and feedback to regional climate (Anderegg, Trugman, Badgley, Anderson, et al., 

2020; Bonan, 2008), and increasing MCWD signifies intensifying seasonal drought stress, 

potentially triggering hydraulic failure and carbon starvation (Bennett et al., 2021, 2023; 

Tavares et al., 2023). Over time, these pressures can reshape species composition (Morin et al., 

2018), reduce forest productivity (Xu et al., 2019), and compromise long-term carbon storage 

and sequestration capacity (Liu et al., 2024), which poses significant challenges for the 

resilience of both temperate and tropical forests under future climate trajectories (Forzieri et 

al., 2022). 

 

6.5.2. Shifting carbon stocks and declining carbon sink strength 

Our analyses reveal contrasting carbon trajectories between forest types. Temperate forests 

experience significant carbon accumulation from 2007 to 2021, while tropical forests show a 

marginal and non-significant increase. These patterns may reflect a legacy of past land-use 

recovery (Poorter et al., 2016, 2021), shifts in disturbance regimes (Pugh et al., 2019), or 

periods of climatic favourability in some forest zones (Eggers et al., 2008). However, despite 

the growth in biomass carbon for both forest types, they exhibit declining net carbon sinks over 

the same time, driven by reductions in carbon gains (in the case of tropical forests) and slight 

increases in carbon losses, which suggests potential early signals of carbon sink saturation 

(Brienen et al., 2015; Hubau et al., 2020; Maia et al., 2020), where forests continue to sequester 

carbon but at a diminishing rate. This decoupling suggests that while total stocks may still be 

rising, the rate of accumulation is slowing due to declining gains (e.g., growth and recruitment) 

and slightly rising or stable losses (e.g., mortality and turnover), particularly in tropical forests. 

This finding aligns with the previous studies (Brienen et al., 2015; Hubau et al., 2020; Maia et 

al., 2020; Mo et al., 2023). As forests mature with increasing competition, growth rates often 

slow (Anderson-Teixeira et al., 2022) and structural limitations like hydraulic constraints 

reduce net productivity (McDowell et al., 2022). Simultaneously, increasing stress from 

warming and drought can exacerbate mortality (Marchin et al., 2022; McDowell et al., 2022), 

even in forests with rising total biomass carbon. Thus, carbon gains and losses may begin to 

converge. This dynamic is critical to recognise, as it reflects a shift from an expanding carbon 
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sink to a potentially saturating or unstable one, with important implications for future climate 

mitigation capacity. 

Potentially the most critical finding is the projected collapse of net carbon sinks by 2025 

in temperate forests (Fig. 6.2b) and 2029 in tropical forests (Fig. 6.2b). While it is expected 

that mature forests eventually approach carbon balance over long timescales, the concern here 

is the accelerated pace of this transition under intensifying drought and climate stress. Instead 

of stabilising around neutrality, this convergence toward net-zero sequestration or negative net 

carbon uptake, where emissions from mortality consistently exceed gains from growth, signals 

a potential tipping point, beyond which these forests may transition from carbon sinks to 

sources. Similar early declines have been reported across the Amazon (Brienen et al., 2015; 

Gatti et al., 2021; Hubau et al., 2020) and Africa (Bennett et al., 2021), where increasing 

drought and warming have undermined carbon uptake capacity, which suggests a broader 

pattern of vulnerability in tropical and subtropical biomes. As Mexican forests are approaching 

these critical thresholds, feedback to the regional climate system is likely to intensify. 

Diminished carbon uptake weakens the land carbon sink and accelerates atmospheric CO2 

accumulation (Ruehr et al., 2023). Moreover, climate-induced forest degradation can increase 

albedo and reduce evapotranspiration (Lawton et al., 2001; Zeng et al., 2021), reinforcing 

warming and aridification at the land surface (Lawrence & Vandecar, 2015; Lawton et al., 2001; 

Zeng et al., 2021). This biophysical feedback further amplifies local climate extremes and may 

reduce the effectiveness of forests in buffering against broader climate variability (Coe et al., 

2013; Staal et al., 2018). Thus, the critical issue is not that carbon sink collapse will eventually 

occur, but that climate change may accelerate and lock in this transition, undermining both 

local and global climate regulation. Our results suggest that, without targeted conservation, 

adaptive management, and mitigation strategies to enhance resilience and functionality, 

Mexican forests may follow the same trajectory toward becoming persistent carbon source 

under continuing climate change. 

 

6.5.3. Functional trait diversity and climatic stress shape forest carbon resilience 

Our results highlight the critical role of FD in mediating components of forest carbon resilience, 

particularly in temperate forests. Higher initial FDMor emerges as a strong positive driver of 

changes in carbon stocks, net carbon sink, and carbon gains in temperate forests, while 

simultaneously reducing carbon losses. These findings support our hypothesis that higher 
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initial FD enhances forest carbon stability. Morphologically diverse communities may support 

greater niche complementarity or facilitation (Bulleri et al., 2016) in light capture, water use, 

and mechanical support (Sapijanskas et al., 2014), allowing coexisting species to optimise 

resource acquisition and maintain productivity under environmental stress (Cadotte et al., 

2011), thus enhancing biomass accumulation and buffering against stressors (Aoyama et al., 

2023). The observed increases in the change rate of carbon stocks and net carbon sink, 

alongside higher carbon gains and reduced carbon losses, indicate that FDMor contributes to 

buffering carbon dynamics against drought and warming (Lavorel et al., 2015; Lloret et al., 

2012), thereby enhancing the stability of these particular carbon-cycle processes. Furthermore, 

interaction effects between FDMor and MCWD show that forests with higher FDMor exhibit 

more stable trajectories in carbon stock change under intensifying drought, whereas forests 

with lower FDMor experience steeper declines. Similarly, the FDMor×Year interaction indicate 

that forests with low or median FDMor see decreasing carbon stocks over time, while those with 

high FDMor exhibit increasing stocks. For net carbon sink, gains, and losses, high FDMor also 

moderate negative temporal trends, including in net sink, carbon gains, and carbon losses, 

further supporting its resilience-enhancing role. However, we caution that this evidence applies 

specifically to carbon-related metrics and does not encompass other ecosystem functions or 

broader dimensions of resilience. Thus, while FDMor clearly supports more stable carbon 

dynamics under climatic stress in Mexican temperate forests, further research is required to 

determine whether such effects extend to other processes (e.g., regeneration, recruitment, or 

nutrient cycling). 

In contrast, FDNutr shows the opposite pattern in temperate forests. Higher initial FDNutr 

is significantly associated with declining change rate of carbon stocks, net carbon sink, and 

carbon gains, and increasing change rate of carbon losses in temperate forests. The divergent 

effects of FDNutr on carbon resilience likely reflect underlying trade-offs inherent in leaf 

economic strategies under climatic stress, such as exacerbating drought conditions. Acquisitive 

species with nutrient-rich leaves (high nitrogen and phosphorus content) (Homeier et al., 2021) 

may benefit from fast resource uptake and photosynthesis during wet seasons, which in turn 

prioritise rapid growth, but they often have lower water-use efficiency, thus they require more 

water to produce biomass compared to conservative species that are typically low in leaf 

nutrients and high in drought tolerance, and their low drought tolerance makes them vulnerable 

under intensifying stress (Camarero et al., 2024; Chaturvedi et al., 2021). Thus, higher FDNutr 

may amplify stress exposure rather than buffer it, especially when coupled with increasing 
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drought severity and long-term climatic stress. This pattern highlights how different trait 

dimensions can diverge in their contributions to resilience: while FDMor enhances carbon 

stability, FDNutr may intensify ecological trade-offs that destabilise carbon cycling under 

drought. In addition, higher FDNutr amplifies negative effects of both MCWD and time, 

indicating potential vulnerability in communities dominated by acquisitive strategies. 

By contrast, tropical forests do not show significant associations between initial FD and 

carbon resilience. One likely explanation is that tropical forests already harbour much higher 

baseline levels of FD, so the marginal benefits of additional FD may saturate and provide 

diminishing returns. Moreover, higher biodiversity has been linked to higher tree mortality 

(Searle et al., 2022), which may offset potential stability benefits of trait complementarity. In 

addition, the lack of observed resilience effects may result from the overwhelming intensity of 

heat waves and drought conditions as captured by Tmax and MCWD, which can constrain 

physiological plasticity (Bjorkman et al., 2018) and suppress the buffering capacity of trait 

variation. Together, these mechanisms suggest that in tropical forests, either ecological 

saturation of FD effects or overriding climatic stress limits the capacity of FD to enhance 

carbon resilience. 

FR in morphological traits does not significantly explain changes in carbon stocks or 

dynamics in either biome, potentially because high redundancy implies limited variation in 

functional traits across communities, which weakens the biodiversity-ecosystem functioning 

relationship. As previous studies have suggested, when FD is saturated, i.e., FD is high but not 

variable, its explanatory power for ecosystem functioning diminishes, even if species richness 

remains high (Cadotte et al., 2011). 

Climatic stressors, particularly seasonal drought intensity (MCWD), are more 

consistently linked to carbon resilience than atmospheric drought (VPD). In temperate forests, 

higher MCWD values, which indicate greater cumulative seasonal water deficits, are associated 

with declining rates of carbon stocks, net carbon sink, and carbon losses. These relationships 

highlight the importance of soil water availability during the dry season in regulating forest 

carbon balance. Unlike short-term fluctuations in atmospheric moisture, MCWD captures the 

prolonged intensity of water limitation (Malhi et al., 2009), which directly affects tree hydraulic 

function, photosynthetic capacity, and mortality risk (Bauman et al., 2022). Severe seasonal 

drought can impair plant water transport and reduce carbon assimilation, particularly for 

species lacking deep rooting or conservative water-use strategies (Powers et al., 2020). As such, 
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MCWD represents a strong integrative stressor that constrains forest productivity and enhances 

vulnerability to mortality and biomass decline, especially in water-limited temperate systems. 

 

6.5.4. Limitations, core insights, and applied relevance 

This study has several limitations that should be acknowledged when interpreting the findings. 

First, there is a sampling imbalance between temperate and tropical forests. Temperate forests 

in western Mexico are represented by most plots, which provides robust statistical power and 

strong confidence in the patterns we report. In contrast, tropical forests (15 plots) and isolated 

southern temperate plots are underrepresented, which increases uncertainty and limits the 

ability to detect consistent biodiversity-climate-carbon relationships in those ecosystems. 

Nonetheless, retaining tropical and southern temperate plots was important for providing 

baseline context, highlighting data gaps, and identifying regions where additional sampling is 

needed. From an applied perspective, this highlights that conservation and management efforts 

in Mexico should prioritise temperate forests, where results are most reliable, while also 

recognising the ecological significance of tropical and southern temperate forests and the 

urgent need for improved monitoring in these regions. 

Second, the climatic drivers were characterised using TerraClimate data. Although 

TerraClimate provides long-term and spatially consistent estimates of Tmax, VPD, and MCWD, 

its ~4 km resolution cannot fully capture local microclimatic variation. Plot-level conditions 

are influenced by fine-scale topography, soil properties, and canopy structure, which can 

strongly mediate drought severity and temperature extremes. As such, while TerraClimate 

metrics provide robust regional drivers, they may misrepresent the exact climatic conditions 

experienced by individual forest plots, which adds uncertainty to the strength of biodiversity-

climate-carbon relationships. 

Third, our carbon flux estimates are subject to methodological assumptions. Tree-level 

carbon stocks were derived from forest-type-specific allometric equations, converted to carbon 

using a fixed factor (45.6% of biomass), and adjusted for census interval bias with the “CIC1” 

correction. While these approaches are widely used and provide comparability across studies, 

they inevitably introduce uncertainties in absolute values of carbon stocks and fluxes. In 

particular, the reliance on general forest-type allometries may oversimplify species-specific 

differences in tree form and biomass allocation. Using species-specific allometric equations 

would likely improve accuracy. Nonetheless, because the same methods were applied 
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consistently across all sites and forest types, relative differences and comparative patterns 

among forests can be interpreted with confidence. 

Despite these limitations, three core ecological insights emerge with confidence, 

particularly from the well-sampled western temperate forests: 

(1) The stabilising role of FDMor in enhancing carbon stock accumulation and buffering 

carbon-cycle processes against drought and warming. 

(2) The destabilising influence of FDNutr, likely reflecting ecological trade-offs between 

acquisitive and conservative plant strategies under climatic stress. 

(3) The moderating effect of drought severity, with intensifying water deficits constraining 

carbon resilience. 

Together, these insights provide an applied foundation for conservation and 

management in Mexico. They suggest that temperate forests should be prioritised for 

conservation due to both their strong representation in the dataset and their demonstrated role 

in maintaining stable carbon dynamics under climate stress. At the same time, the ecological 

significance of tropical and southern temperate forests highlights the need for expanded 

monitoring networks and improved trait and climate data in underrepresented regions. These 

efforts will be critical for designing targeted conservation and restoration strategies that 

enhance functional diversity, mitigate drought vulnerability, and maintain the long-term carbon 

resilience of Mexico’s forests. 

 

6.6. Methods 

An overview of the study design and analytical sequence was provided in the schematic 

workflow (Fig. 6.6). Detailed procedures for each step were described in the following 

subsections. 
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Fig. 6.6. Schematic workflow of the study design and analytical framework. Forest 

inventory data and functional traits were collected from temperate and tropical plots to generate 

carbon stocks and dynamics (stocks, gains, losses, and net sink) and functional trait diversity 

and redundancy, respectively, and climate variables were extracted from TerraClimate as 

climatic stress indicators. These inputs were then linked to forest carbon stocks and dynamics 

using linear mixed-effects models (LMMs) to investigate the impact of functional diversity and 

redundancy on forest carbon resilience. FD: functional diversity, FR: functional redundancy. 

 

6.6.1. Plot data collection and selection 

We compiled and selected repeated forest census data and wood density (in g cm−3) from 293 

structurally intact (Brienen et al., 2015; Hubau et al., 2020) (free of fire and anthropogenic 

disturbances) forest plots (0.25 ha, totalling 73.25 ha) across Mexico, spanning the period from 

2007 to 2021. These plots were part of the Monitoreo Nacional Forestal network 

(http://fcfposgrado.ujed.mx/monafor/inicio/), established by the Mexican National Forestry 

Commission to support sustainable forest management and long-term ecological monitoring. 

Each plot was censused 2 to 3 times, with mean census interval length of 6.77 years. 

Specifically, our data comprised 690 census intervals nested within 293 plots, including 

temperate forest plots (645 census intervals nested within 278 plots, Fig. 6.1a) and tropical 

forest plots (45 census intervals nested within 15 plots, Fig. 6.1a). Across these plots, we 

tracked over 13056 trees with DBH≥5 cm, representing 194 species with plot-level species 

richness ranging from 1 to 45 (mean=9.65). Tree measurements followed the protocol of 

Corral-Rivas et al. (2009). Note that the uneven sampling between temperate and tropical forest 

plots created an imbalance, with temperate forests being better represented. Such imbalance 

limited the statistical power to detect relationships in tropical forests and southern temperate 

forests and therefore resulted from these subsets should be interpreted with caution. We 

retained the tropical and southern plots because they extended the ecological and climatic 

coverage of the study and allowed broader contextual comparisons. However, our main 

inferences and conclusions were drawn from the well-sampled temperate forests of western 

Mexico, where robust representation ensured higher reliability of the results. 

 

6.6.2. Carbon stocks and dynamics estimation 

6.6.2.1. Tree aboveground carbon and carbon stocks estimation 
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To estimate aboveground carbon (AGC, in Mg C) for each individual tree, we applied forest-

type-specific allometric equations (Chave et al., 2014; Segura & Kanninen, 2005) published 

previously to calculate aboveground biomass, which was then converted to carbon based on 

the assumption that AGC constitutes 45.6% of total aboveground biomass (Martin et al., 2018). 

The following equations were used to estimate AGC for trees in temperate and tropical forests, 

respectively: 

𝐴𝐺𝐶 = 0.456 × [0.0291 × (𝐷𝐵𝐻*.@3*AB × 𝐻*.*AA*3) + 0.02029 × (𝐷𝐵𝐻*.CC+DD ×

𝐻2.D+,,@) + 0.02508 × (𝐷𝐵𝐻*.,C@@C × 𝐻2.B3A+A) + 0.05227 × (𝐷𝐵𝐻*.+,+C* ×

𝐻2.3C+@B)] × 0.001         (1) 

𝐴𝐺𝐶 = 0.456 × [0.0673 × (𝑊𝐷 × 𝐷𝐵𝐻+ × 𝐻)2.D@A] × 0.001  (2) 

where AGC (in Mg C) was the AGC in living biomass for a tree, WD (in in g cm−3), DBH (in 

cm), and H (in m) denoted wood density, diameter at breast height, and tree height of this tree. 

Plot-level carbon stocks (in Mg C ha-1) in each census were estimated as the sum of the AGC 

of all living trees, scaled by plot area, which was 0.25 ha in this study. 

 

6.6.2.2. Carbon dynamics estimation 

Carbon gains (in Mg C ha-1 yr-1) were calculated as the sum of the AGC accumulated by 

surviving trees (i.e., the difference in AGC between two censuses) plus the AGC of newly 

recruited trees, which was defined as individuals that reached DBH≥5 cm at the end of the 

interval (assuming DBH=0 at the start). The total gain was then divided by the census interval 

length (in years) and scaled to per-hectare values. Similarly, carbon losses (in Mg C ha-1 yr-1) 

were estimated as the sum of AGC from all trees that died during a census interval, divided by 

the interval length and plot area. As both carbon gains and losses were sensitive to census 

interval bias, particularly due to the underestimation of unobserved growth and mortality events 

over longer intervals, we applied a correction following a method denoted “CIC1” (Talbot et 

al., 2014). This adjustment accounted for unrecorded growth of trees that died within the 

interval and recruits that grew and died between two censuses. Finally, net carbon sink (in Mg 

C ha-1 yr-1) was calculated as carbon gains minus carbon losses. 

 

6.6.3. Functional trait diversity and redundancy 

6.6.3.1. Functional diversity 
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We focused on key morphological and leaf nutrient traits directly related to plant ecological 

strategies and drought responses. We collected data on five morphological traits including leaf 

dry mass (in g), specific leaf area (in cm2 g-1), leaf area (in cm2), leaf thickness (in mm), and 

wood density (in g cm−3), and three leaf nutrient traits including leaf carbon (in %), nitrogen 

(in %), and phosphorus (in %) content. These trait data were obtained through a combination 

of direct field measurements in Mexico and species-level data from trait databases including 

TRY (https://www.try-db.org/TryWeb/Home.php) (Kattge et al., 2011, 2020) and the 

Botanical Information and Ecology Network (https://bien.nceas.ucsb.edu/bien/) (Enquist et al., 

2016). We quantified FD separately for morphological traits and nutrients using functional 

dispersion (Laliberté & Legendre, 2010). FDMor and FDNutr were calculated separately based 

on the dbFD function from the R package FD (Lalibert et al., 2014): 

𝐹𝐷 = ∑ EF9×H9
:
9;<
∑ EF9:
9;<

      (3) 

where BAi was the basal area of species i in a plot, and zi stood for the distance of species i in 

a plot to the weighted centroid of the n individual species in the trait space. 

 

6.6.3.2. Functional redundancy 

Similarly, we calculated FR separately for morphological traits and nutrients. We used the 

uniqueness function from the R package adiv (Pavoine, 2020). Specifically, for a community 

of n species: 

𝐹𝑈 =
∑ I9×∑ I=J9=

:
=;<

:
9;<
∑ I=(*7I9):
=;<

      (4) 

𝐹𝑅 = 1 − 𝐹𝑈      (5) 

where FU was functional uniqueness at community level, pi with 0<pi≤1 and ∑ 𝑝&K
&)* = 1 

represented the relative abundance of a given species i, and 𝛿&' denoted the pairwise functional 

dissimilarity between species i and j (𝛿&' = 𝛿'& and 𝛿&& = 0). 

 

6.6.4. Climatic variables and drought estimation 

We extracted monthly climatic data experienced by each plot during the monitoring period 

from the TerraClimate dataset (https://www.climatologylab.org/terraclimate.html) 

(Abatzoglou et al., 2018) that provided global climatic and hydrological data at ~4 km. For 

https://www.try-db.org/TryWeb/Home.php
https://bien.nceas.ucsb.edu/bien/
https://www.climatologylab.org/terraclimate.html
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each forest plot in Mexico, we obtained monthly maximum temperature (Tmax, in °C) and 

vapour pressure deficit (VPD, in kPa) from 2007 to 2021. These variables were extracted using 

plot-level coordinates and aggregated to derive annual means for each census interval. We 

calculated mean annual Tmax and mean annual VPD for each interval by averaging the monthly 

values over the years encompassed by the census periods. 

To quantify drought intensity, we calculated the maximum climatological water deficit 

(MCWD, in mm), a metric that captured the peak severity of dry-season water deficit within a 

year (Malhi et al., 2009). MCWD was computed following the methodology of previous studies 

(Aragão et al., 2007; Malhi et al., 2009), modified for use with TerraClimate data. Specifically, 

the estimation of monthly climatological water deficit (CWD) for each census interval was 

initiate by identifying the wettest month of the first year, and was calculated iteratively for each 

plot using monthly precipitation (Pr, in mm) and an assumed constant monthly 

evapotranspiration (ET) of 100 mm as used in previous research (Bennett et al., 2023; Hubau 

et al., 2020; Malhi et al., 2009; Phillips et al., 2009): 

𝐶𝑊𝐷(K) = 𝐶𝑊𝐷(K7*) + 𝐸𝑇 − 𝑃𝑟(K)     (6) 

𝑚𝑖𝑛[𝐶𝑊𝐷(K)] = 0      (7) 

𝑖𝑓	𝐶𝑊𝐷(K) < 0, 𝑡ℎ𝑒𝑛	𝐶𝑊𝐷(K) = 0     (8) 

𝐶𝑊𝐷(2) = 𝐶𝑊𝐷(*+)      (9) 

𝑀𝐶𝑊𝐷 = 𝑚𝑎𝑥[𝐶𝑊𝐷(2), 𝐶𝑊𝐷(*), . . . , 𝐶𝑊𝐷(*+)]    (10) 

where CWD(n) and Pr(n) represented the water deficit and precipitation in month n (n=1, 2, …, 

12), and ET was evapotranspiration set as 100 mm. We set CWD(7)=0 as July was typically the 

wettest month in Mexico (Murray-Tortarolo, 2021),  and negative CWD(n) values were also set 

to zero to indicate the absence of drought conditions (Aragão et al., 2014; Hubau et al., 2020), 

which ensured that water deficits accumulated only during dry periods, while the deficit reset 

annually from the peak wet season. The MCWD for each year was then defined as the most 

positive (i.e., driest) monthly CWD value within the year. In this case, larger MCWD values 

directly reflected more intense water stress. 

We selected Tmax and VPD as indicators of heat and atmospheric dryness stress, 

respectively, while MCWD served as a temperature-independent measure of water deficit. 

These climatic variables allowed us to independently evaluate the effects of warming and 

drought on forest carbon stocks and dynamics. We highlighted that for the first census of each 
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plot, we used the average climatic values of these three variables from the five years preceding 

the census date to represent baseline environmental conditions prior to initial measurements 

(Maia et al., 2020). The spatial patterns and long-term trends of these environmental variables 

across the study region were displayed in Fig. 6.1a–c and Fig. 6.1d–e, respectively. 

 

6.6.5. Statistical modelling of carbon stocks and dynamics trend estimation 

We applied weighting in the carbon dynamics models to account for residual variation due to 

interval duration (Hubau et al., 2020; Maia et al., 2020). Specifically, we used the cube root of 

the census interval length as the weighting factor. Since all plots had the same area, no spatial 

weighting was applied. Carbon stocks models were also unweighted due to uniform plot size 

and consistent census timing. We organised the modelling approach into two primary sections: 

 

6.6.5.1. Long-term trends in carbon stocks and dynamics 

We first modelled each carbon metric (stocks, gains, losses, and net sink) as a function of time 

using bivariate linear mixed-effects models (LMMs). The year used in each model 

corresponded to the midpoint of the census interval, except for carbon stocks, where the census 

year was used directly (Maia et al., 2020). 

 

6.6.5.2. Multivariate drivers of long-term changes in carbon stocks and dynamics 

We used LMMs to estimate the rate of change in these variables over time, considering 

potential drivers including temporal trends (calendar year), FD, FR, and climatic variables 

(mean annual Tmax and VPD, and MCWD) of each plot. To compute the rate of change in 

carbon stocks, we used the difference in carbon stocks between two consecutive census years 

divided by the time between censuses (Hisano et al., 2024). Therefore, ∆Carbon 

stocks=(Carbon stocksb-Carbon stocksa)/(Yearb-Yeara), where Carbon stocksb is the carbon 

stocks at the later census year Yearb, Carbon stocksa is the carbon stock at the previous census 

year Yeara. For carbon dynamics variables (gains, losses, and net sink), we used values already 

expressed in per-year units and modelled them against the midpoint year of the census interval 

rather than using the census year directly as the temporal variable (Brienen et al., 2015; Hisano 

et al., 2024; Hubau et al., 2020; Maia et al., 2020). Thus, ∆Carbon dynamics=(Carbon 

dynamicsb-Carbon dynamicsa)/(Midb-Mida), where Carbon dynamicsb is the per-year carbon 
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gains, losses, or net carbon sink during the later census interval, Carbon dynamicsₐ is the 

corresponding value during the previous interval, and Midb and Mida are the midpoints (in 

decimal years) of the respective census intervals. 

Prior to model fitting, we calculated pairwise Pearson correlation coefficients among 

all predictors (Supplementary Fig. S6.11) and only included variables with |r|<0.8 to reduce 

multicollinearity and redundancy in the models. Eventually, predictors included in the global 

LMMs were year, FDMor and FDNutr, morphological FR (FRMor), VPD, and MCWD. These 

predictors included in the final models were standardised with scaling and centring (mean=0, 

SD=1) to facilitate comparison of effect sizes. Because field measurements were repeatedly 

taken from the same plots over time, we accounted for temporal non-independence by 

incorporating random effects into our modelling framework, we used LMMs with plot identity 

as a random effect to account for temporal autocorrelation (Hisano et al., 2024; Hubau et al., 

2020; Maia et al., 2020). Random slopes were not included due to limited census intervals in 

some plots (Brienen et al., 2015; Hubau et al., 2020; Maia et al., 2020), which prevented model 

convergence. 

To explore the roles of climatic and functional drivers of long-term changes in carbon 

stocks and dynamics, we fitted global LMMs using the lmer function from the lme4 package 

and applied the restricted maximum likelihood estimation (Bates et al., 2015), with fixed 

effects for time, functional attributes (FD and FR), and climatic conditions (VPD and MCWD), 

we also included interaction terms to evaluate how FD and FR varied through time and under 

different climatic conditions: 

∆𝐶𝑎𝑟𝑏𝑜𝑛	𝑠𝑡𝑜𝑐𝑘𝑠~𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 + 𝑌𝑒𝑎𝑟 + 𝐹𝐷LMN + 𝐹𝐷(OPN + 𝐹𝑅LMN + 𝑉𝑃𝐷 +

𝑀𝐶𝑊𝐷 + 𝑌𝑒𝑎𝑟 × (𝐹𝐷LMN + 𝐹𝐷(OPN) + 𝑉𝑃𝐷 × (𝐹𝐷LMN + 𝐹𝐷(OPN) + 𝑀𝐶𝑊𝐷 ×

(𝐹𝐷LMN + 𝐹𝐷(OPN) + (1|𝑃𝑙𝑜𝑡)        (11) 

∆𝐶𝑎𝑟𝑏𝑜𝑛	𝑑𝑦𝑛𝑎𝑚𝑖𝑐𝑠~𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 + 𝑌𝑒𝑎𝑟 + 𝐹𝐷LMN + 𝐹𝐷(OPN + 𝐹𝑅LMN +

𝑉𝑃𝐷 +𝑀𝐶𝑊𝐷 + 𝑌𝑒𝑎𝑟 × (𝐹𝐷LMN + 𝐹𝐷(OPN) + 𝑉𝑃𝐷 × (𝑌𝑒𝑎𝑟 + 𝐹𝐷LMN +

𝐹𝐷(OPN) + 𝑀𝐶𝑊𝐷 × (𝑌𝑒𝑎𝑟 + 𝐹𝐷LMN + 𝐹𝐷(OPN) + (1|𝑃𝑙𝑜𝑡)    (12) 

where ∆Carbon stocks (in Mg C ha-1 yr-1) and ∆Carbon dynamics (in Mg C ha-1 yr-2) were the 

rate of change of carbon stocks and carbon dynamics including carbon gains, losses, and net 

carbon sink. Year in model (12) and (13) were the census year of the later time point and the 

midpoint year of the census interval, respectively. Note that Year was not included in models 

for tropical forests due to the limited unique number of years. FDMor, FDNutr, and FRMor were 
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morphological FD, nutrient-related FD, and morphological FR in the first census as we aimed 

to investigate if higher initial FD and FR enhance forest carbon resilience to climate change. 

VPD and MCWD were mean vapour pressure deficit and mean maximum climatological water 

deficit over the census interval. We included two groups of interaction terms, with the first 

group comprising interactions between time and initial FD and FR, and the second group 

including interactions between climatic stressors (VPD and MCWD) and time and initial FD 

and FR. The first interaction terms tested whether forests with higher initial FD and/or FR 

showed stronger or weaker carbon change over time, i.e., whether functional resilience 

mechanisms buffered or amplified carbon change over time, while the second interaction terms 

assessed whether the effects of time and FD and FR on carbon stocks and dynamics depended 

on climate stress, specifically atmospheric aridity (VPD) and water availability (MCWD), e.g., 

they allowed us to assess whether the forest resilience associated with initial FD and FR was 

more (or less) effective under drier and more water-limited conditions. (1|Plot) stood for the 

random effect of plot identity , which accounted for repeated measurements and unmeasured 

variation (e.g., local disturbances, historical management, microclimate differences, and other 

unknow factors (Hisano et al., 2024; Maia et al., 2020)) from the same plot over time. 

We also evaluated spatial autocorrelation in residuals of global models using the 

Moran’s I test based on the coordinates of the plots via the ncf package (Bjornstad & Cai, 2022) 

at the 0.05 significance level. The minimum P value obtained was 0.059, indicating no 

significant spatial autocorrelation. 

The most informative and best-ranked simplified models were identified using an 

information theoretic approach based on second-order Akaike Information Criterion (AICc), 

implemented via the dredge function from the MuMIn package (Bartoń, 2025). We selected all 

models within ΔAICc≤4 of the top-ranked model and ensured reliable estimates by only 

including predictors with variance inflation factor<4. Model coefficients were averaged across 

the best set of models using multimodel inference based on the model.avg function from the 

MuMIn package (Bartoń, 2025), and the final results were based on the conditional averaged 

coefficients. We considered predictors significant at the 0.05 level. 

  



 305 

6.7. References 

Abatzoglou, J. T., Dobrowski, S. Z., Parks, S. A., & Hegewisch, K. C. (2018). TerraClimate, a 

high-resolution global dataset of monthly climate and climatic water balance from 

1958–2015. Scientific Data, 5(1), 170191. https://doi.org/10.1038/sdata.2017.191 

Anderegg, W. R. L., Kane, J. M., & Anderegg, L. D. L. (2013). Consequences of widespread 

tree mortality triggered by drought and temperature stress. Nature Climate Change, 

3(1), 30–36. https://doi.org/10.1038/nclimate1635 

Anderegg, W. R. L., Klein, T., Bartlett, M., Sack, L., Pellegrini, A. F. A., Choat, B., & Jansen, 

S. (2016). Meta-analysis reveals that hydraulic traits explain cross-species patterns of 

drought-induced tree mortality across the globe. Proceedings of the National Academy 

of Sciences, 113(18), 5024–5029. https://doi.org/10.1073/pnas.1525678113 

Anderegg, W. R. L., Konings, A. G., Trugman, A. T., Yu, K., Bowling, D. R., Gabbitas, R., 

Karp, D. S., Pacala, S., Sperry, J. S., Sulman, B. N., & Zenes, N. (2018). Hydraulic 

diversity of forests regulates ecosystem resilience during drought. Nature, 561(7724), 

538–541. https://doi.org/10.1038/s41586-018-0539-7 

Anderegg, W. R. L., Trugman, A. T., Badgley, G., Anderson, C. M., Bartuska, A., Ciais, P., 

Cullenward, D., Field, C. B., Freeman, J., Goetz, S. J., Hicke, J. A., Huntzinger, D., 

Jackson, R. B., Nickerson, J., Pacala, S., & Randerson, J. T. (2020). Climate-driven 

risks to the climate mitigation potential of forests. Science, 368(6497), eaaz7005. 

https://doi.org/10.1126/science.aaz7005 

Anderegg, W. R. L., Trugman, A. T., Badgley, G., Konings, A. G., & Shaw, J. (2020). 

Divergent forest sensitivity to repeated extreme droughts. Nature Climate Change, 

10(12), 1091–1095. https://doi.org/10.1038/s41558-020-00919-1 

Anderegg, W. R. L., Trugman, A. T., Bowling, D. R., Salvucci, G., & Tuttle, S. E. (2019). 

Plant functional traits and climate influence drought intensification and land–



 306 

atmosphere feedbacks. Proceedings of the National Academy of Sciences, 116(28), 

14071–14076. https://doi.org/10.1073/pnas.1904747116 

Anderson-Teixeira, K. J., Herrmann, V., Rollinson, C. R., Gonzalez, B., Gonzalez-Akre, E. 

B., Pederson, N., Alexander, M. R., Allen, C. D., Alfaro-Sánchez, R., Awada, T., 

Baltzer, J. L., Baker, P. J., Birch, J. D., Bunyavejchewin, S., Cherubini, P., Davies, S. 

J., Dow, C., Helcoski, R., Kašpar, J., … Zuidema, P. A. (2022). Joint effects of 

climate, tree size, and year on annual tree growth derived from tree-ring records of ten 

globally distributed forests. Global Change Biology, 28(1), 245–266. 

https://doi.org/10.1111/gcb.15934 

Aoyama, L., Shaw, E. A., White, C. T., Suding, K. N., & Hallett, L. M. (2023). Functional 

diversity buffers biomass production across variable rainfall conditions through 

different processes above- versus below-ground. Functional Ecology, 37(9), 2371–

2385. https://doi.org/10.1111/1365-2435.14394 

Aragão, L. E. O. C., Malhi, Y., Roman-Cuesta, R. M., Saatchi, S., Anderson, L. O., & 

Shimabukuro, Y. E. (2007). Spatial patterns and fire response of recent Amazonian 

droughts. Geophysical Research Letters, 34(7). 

https://doi.org/10.1029/2006GL028946 

Aragão, L. E. O. C., Poulter, B., Barlow, J. B., Anderson, L. O., Malhi, Y., Saatchi, S., 

Phillips, O. L., & Gloor, E. (2014). Environmental change and the carbon balance of 

Amazonian forests. Biological Reviews, 89(4), 913–931. 

https://doi.org/10.1111/brv.12088 

Bartoń, K. (2025). MuMIn: Multi-Model Inference (Version 1.48.11) [Computer software]. 

https://cran.r-project.org/web/packages/MuMIn/index.html 



 307 

Bates, D., Mächler, M., Bolker, B., & Walker, S. (2015). Fitting Linear Mixed-Effects Models 

Using lme4. Journal of Statistical Software, 67, 1–48. 

https://doi.org/10.18637/jss.v067.i01 

Bauman, D., Fortunel, C., Delhaye, G., Malhi, Y., Cernusak, L. A., Bentley, L. P., Rifai, S. 

W., Aguirre-Gutiérrez, J., Menor, I. O., Phillips, O. L., McNellis, B. E., Bradford, M., 

Laurance, S. G. W., Hutchinson, M. F., Dempsey, R., Santos-Andrade, P. E., 

Ninantay-Rivera, H. R., Chambi Paucar, J. R., & McMahon, S. M. (2022). Tropical 

tree mortality has increased with rising atmospheric water stress. Nature, 608(7923), 

528–533. https://doi.org/10.1038/s41586-022-04737-7 

Bennett, A. C., Dargie, G. C., Cuni-Sanchez, A., Tshibamba Mukendi, J., Hubau, W., 

Mukinzi, J. M., Phillips, O. L., Malhi, Y., Sullivan, M. J. P., Cooper, D. L. M., Adu-

Bredu, S., Affum-Baffoe, K., Amani, C. A., Banin, L. F., Beeckman, H., Begne, S. K., 

Bocko, Y. E., Boeckx, P., Bogaert, J., … Lewis, S. L. (2021). Resistance of African 

tropical forests to an extreme climate anomaly. Proceedings of the National Academy 

of Sciences, 118(21), e2003169118. https://doi.org/10.1073/pnas.2003169118 

Bennett, A. C., Rodrigues de Sousa, T., Monteagudo-Mendoza, A., Esquivel-Muelbert, A., 

Morandi, P. S., Coelho de Souza, F., Castro, W., Duque, L. F., Flores Llampazo, G., 

Manoel dos Santos, R., Ramos, E., Vilanova Torre, E., Alvarez-Davila, E., Baker, T. 

R., Costa, F. R. C., Lewis, S. L., Marimon, B. S., Schietti, J., Burban, B., … Phillips, 

O. L. (2023). Sensitivity of South American tropical forests to an extreme climate 

anomaly. Nature Climate Change, 13(9), 967–974. https://doi.org/10.1038/s41558-

023-01776-4 

Betts, R. A., Malhi, Y., & Roberts, J. T. (2008). The future of the Amazon: New perspectives 

from climate, ecosystem and social sciences. Philosophical Transactions of the Royal 



 308 

Society B: Biological Sciences, 363(1498), 1729–1735. 

https://doi.org/10.1098/rstb.2008.0011 

Biggs, C. R., Yeager, L. A., Bolser, D. G., Bonsell, C., Dichiera, A. M., Hou, Z., Keyser, S. 

R., Khursigara, A. J., Lu, K., Muth, A. F., Negrete Jr., B., & Erisman, B. E. (2020). 

Does functional redundancy affect ecological stability and resilience? A review and 

meta-analysis. Ecosphere, 11(7), e03184. https://doi.org/10.1002/ecs2.3184 

Bjorkman, A. D., Myers-Smith, I. H., Elmendorf, S. C., Normand, S., Rüger, N., Beck, P. S. 

A., Blach-Overgaard, A., Blok, D., Cornelissen, J. H. C., Forbes, B. C., Georges, D., 

Goetz, S. J., Guay, K. C., Henry, G. H. R., HilleRisLambers, J., Hollister, R. D., 

Karger, D. N., Kattge, J., Manning, P., … Weiher, E. (2018). Plant functional trait 

change across a warming tundra biome. Nature, 562(7725), 57–62. 

https://doi.org/10.1038/s41586-018-0563-7 

Bjornstad, O. N., & Cai, J. (2022). ncf: Spatial Covariance Functions (Version 1.3-2) 

[Computer software]. https://cran.r-project.org/web/packages/ncf/index.html 

Bonan, G. B. (2008). Forests and Climate Change: Forcings, Feedbacks, and the Climate 

Benefits of Forests. Science, 320(5882), 1444–1449. 

https://doi.org/10.1126/science.1155121 

Brienen, R. J. W., Phillips, O. L., Feldpausch, T. R., Gloor, E., Baker, T. R., Lloyd, J., Lopez-

Gonzalez, G., Monteagudo-Mendoza, A., Malhi, Y., Lewis, S. L., Vásquez Martinez, 

R., Alexiades, M., Álvarez Dávila, E., Alvarez-Loayza, P., Andrade, A., Aragão, L. E. 

O. C., Araujo-Murakami, A., Arets, E. J. M. M., Arroyo, L., … Zagt, R. J. (2015). 

Long-term decline of the Amazon carbon sink. Nature, 519(7543), 344–348. 

https://doi.org/10.1038/nature14283 



 309 

Bulleri, F., Bruno, J. F., Silliman, B. R., & Stachowicz, J. J. (2016). Facilitation and the niche: 

Implications for coexistence, range shifts and ecosystem functioning. Functional 

Ecology, 30(1), 70–78. https://doi.org/10.1111/1365-2435.12528 

Cadotte, M. W., Carscadden, K., & Mirotchnick, N. (2011). Beyond species: Functional 

diversity and the maintenance of ecological processes and services. Journal of 

Applied Ecology, 48(5), 1079–1087. https://doi.org/10.1111/j.1365-

2664.2011.02048.x 

Camarero, J. J., Pizarro, M., Gernandt, D. S., & Gazol, A. (2024). Smaller conifers are more 

resilient to drought. Agricultural and Forest Meteorology, 350, 109993. 

https://doi.org/10.1016/j.agrformet.2024.109993 

Chaturvedi, R. K., Tripathi, A., Raghubanshi, A. S., & Singh, J. S. (2021). Functional traits 

indicate a continuum of tree drought strategies across a soil water availability gradient 

in a tropical dry forest. Forest Ecology and Management, 482, 118740. 

https://doi.org/10.1016/j.foreco.2020.118740 

Chave, J., Réjou-Méchain, M., Búrquez, A., Chidumayo, E., Colgan, M. S., Delitti, W. B. C., 

Duque, A., Eid, T., Fearnside, P. M., Goodman, R. C., Henry, M., Martínez-Yrízar, A., 

Mugasha, W. A., Muller-Landau, H. C., Mencuccini, M., Nelson, B. W., Ngomanda, 

A., Nogueira, E. M., Ortiz-Malavassi, E., … Vieilledent, G. (2014). Improved 

allometric models to estimate the aboveground biomass of tropical trees. Global 

Change Biology, 20(10), 3177–3190. https://doi.org/10.1111/gcb.12629 

Chen, J., Shao, Z., Deng, X., Huang, X., & Dang, C. (2023). Vegetation as the catalyst for 

water circulation on global terrestrial ecosystem. Science of The Total Environment, 

895, 165071. https://doi.org/10.1016/j.scitotenv.2023.165071 

Coe, M. T., Marthews, T. R., Costa, M. H., Galbraith, D. R., Greenglass, N. L., Imbuzeiro, H. 

M. A., Levine, N. M., Malhi, Y., Moorcroft, P. R., Muza, M. N., Powell, T. L., 



 310 

Saleska, S. R., Solorzano, L. A., & Wang, J. (2013). Deforestation and climate 

feedbacks threaten the ecological integrity of south–southeastern Amazonia. 

Philosophical Transactions of the Royal Society B: Biological Sciences, 368(1619), 

20120155. https://doi.org/10.1098/rstb.2012.0155 

Corral-Rivas, J., Vargas, B., Wehenkel, C., Aguirre, C., Álvarez, G., & Rojo, A. (2009). Guía 

para el establecimiento de sitios de investigación forestal y de suelos en bosques del 

estado de Durango. Editorial UJED. Durango, México. 

De la Barreda, B., Metcalfe, S. E., & Boyd, D. S. (2020). Precipitation regionalization, 

anomalies and drought occurrence in the Yucatan Peninsula, Mexico. International 

Journal of Climatology, 40(10), 4541–4555. https://doi.org/10.1002/joc.6474 

Dobler-Morales, C., & Bocco, G. (2021). Social and environmental dimensions of drought in 

Mexico: An integrative review. International Journal of Disaster Risk Reduction, 55, 

102067. https://doi.org/10.1016/j.ijdrr.2021.102067 

Doughty, C. E., Metcalfe, D. B., Girardin, C. a. J., Amézquita, F. F., Cabrera, D. G., Huasco, 

W. H., Silva-Espejo, J. E., Araujo-Murakami, A., da Costa, M. C., Rocha, W., 

Feldpausch, T. R., Mendoza, A. L. M., da Costa, A. C. L., Meir, P., Phillips, O. L., & 

Malhi, Y. (2015). Drought impact on forest carbon dynamics and fluxes in Amazonia. 

Nature, 519(7541), 78–82. https://doi.org/10.1038/nature14213 

Durán, S. M., Martin, R. E., Díaz, S., Maitner, B. S., Malhi, Y., Salinas, N., Shenkin, A., 

Silman, M. R., Wieczynski, D. J., Asner, G. P., Bentley, L. P., Savage, V. M., & 

Enquist, B. J. (2019). Informing trait-based ecology by assessing remotely sensed 

functional diversity across a broad tropical temperature gradient. Science Advances, 

5(12), eaaw8114. https://doi.org/10.1126/sciadv.aaw8114 

Eggers, J., Lindner, M., Zudin, S., Zaehle, S., & Liski, J. (2008). Impact of changing wood 

demand, climate and land use on European forest resources and carbon stocks during 



 311 

the 21st century. Global Change Biology, 14(10), 2288–2303. 

https://doi.org/10.1111/j.1365-2486.2008.01653.x 

Enquist, B. J., Condit, R., Peet, R. K., Schildhauer, M., & Thiers, B. M. (2016). 

Cyberinfrastructure for an integrated botanical information network to investigate the 

ecological impacts of global climate change on plant biodiversity (No. e2615v2). 

PeerJ Inc. https://doi.org/10.7287/peerj.preprints.2615v2 

Esquivel-Muelbert, A., Phillips, O. L., Brienen, R. J. W., Fauset, S., Sullivan, M. J. P., Baker, 

T. R., Chao, K.-J., Feldpausch, T. R., Gloor, E., Higuchi, N., Houwing-Duistermaat, 

J., Lloyd, J., Liu, H., Malhi, Y., Marimon, B., Marimon Junior, B. H., Monteagudo-

Mendoza, A., Poorter, L., Silveira, M., … Galbraith, D. (2020). Tree mode of death 

and mortality risk factors across Amazon forests. Nature Communications, 11(1), 

5515. https://doi.org/10.1038/s41467-020-18996-3 

Forzieri, G., Dakos, V., McDowell, N. G., Ramdane, A., & Cescatti, A. (2022). Emerging 

signals of declining forest resilience under climate change. Nature, 608(7923), 534–

539. https://doi.org/10.1038/s41586-022-04959-9 

Fuller, T., Sánchez-Cordero, V., Illoldi-Rangel, P., Linaje, M., & Sarkar, S. (2007). The cost 

of postponing biodiversity conservation in Mexico. Biological Conservation, 134(4), 

593–600. https://doi.org/10.1016/j.biocon.2006.08.028 

Galicia, L., & Zarco-Arista, A. E. (2014). Multiple ecosystem services, possible trade-offs 

and synergies in a temperate forest ecosystem in Mexico: A review. International 

Journal of Biodiversity Science, Ecosystem Services & Management, 10(4), 275–288. 

https://doi.org/10.1080/21513732.2014.973907 

Gatti, L. V., Basso, L. S., Miller, J. B., Gloor, M., Gatti Domingues, L., Cassol, H. L. G., 

Tejada, G., Aragão, L. E. O. C., Nobre, C., Peters, W., Marani, L., Arai, E., Sanches, 

A. H., Corrêa, S. M., Anderson, L., Von Randow, C., Correia, C. S. C., Crispim, S. P., 



 312 

& Neves, R. A. L. (2021). Amazonia as a carbon source linked to deforestation and 

climate change. Nature, 595(7867), 388–393. https://doi.org/10.1038/s41586-021-

03629-6 

Grossiord, C., Buckley, T. N., Cernusak, L. A., Novick, K. A., Poulter, B., Siegwolf, R. T. W., 

Sperry, J. S., & McDowell, N. G. (2020). Plant responses to rising vapor pressure 

deficit. New Phytologist, 226(6), 1550–1566. https://doi.org/10.1111/nph.16485 

Hisano, M., Ghazoul, J., Chen, X., & Chen, H. Y. H. (2024). Functional diversity enhances 

dryland forest productivity under long-term climate change. Science Advances, 

10(17), eadn4152. https://doi.org/10.1126/sciadv.adn4152 

Homeier, J., Seeler, T., Pierick, K., & Leuschner, C. (2021). Leaf trait variation in species-

rich tropical Andean forests. Scientific Reports, 11(1), 9993. 

https://doi.org/10.1038/s41598-021-89190-8 

Hubau, W., Lewis, S. L., Phillips, O. L., Affum-Baffoe, K., Beeckman, H., Cuní-Sanchez, A., 

Daniels, A. K., Ewango, C. E. N., Fauset, S., Mukinzi, J. M., Sheil, D., Sonké, B., 

Sullivan, M. J. P., Sunderland, T. C. H., Taedoumg, H., Thomas, S. C., White, L. J. T., 

Abernethy, K. A., Adu-Bredu, S., … Zemagho, L. (2020). Asynchronous carbon sink 

saturation in African and Amazonian tropical forests. Nature, 579(7797), 80–87. 

https://doi.org/10.1038/s41586-020-2035-0 

Jalakas, P., Takahashi, Y., Waadt, R., Schroeder, J. I., & Merilo, E. (2021). Molecular 

mechanisms of stomatal closure in response to rising vapour pressure deficit. New 

Phytologist, 232(2), 468–475. https://doi.org/10.1111/nph.17592 

Jetz, W., Cavender-Bares, J., Pavlick, R., Schimel, D., Davis, F. W., Asner, G. P., Guralnick, 

R., Kattge, J., Latimer, A. M., & Moorcroft, P. (2016). Monitoring plant functional 

diversity from space. Nature Plants, 2(3), 1–5. 



 313 

Kattge, J., Bönisch, G., Díaz, S., Lavorel, S., Prentice, I. C., Leadley, P., Tautenhahn, S., 

Werner, G. D. A., Aakala, T., Abedi, M., Acosta, A. T. R., Adamidis, G. C., Adamson, 

K., Aiba, M., Albert, C. H., Alcántara, J. M., Alcázar C, C., Aleixo, I., Ali, H., … 

Wirth, C. (2020). TRY plant trait database – enhanced coverage and open access. 

Global Change Biology, 26(1), 119–188. https://doi.org/10.1111/gcb.14904 

Kattge, J., Díaz, S., Lavorel, S., Prentice, I. C., Leadley, P., Bönisch, G., Garnier, E., Westoby, 

M., Reich, P. B., Wright, I. J., Cornelissen, J. H. C., Violle, C., Harrison, S. P., Van 

BODEGOM, P. M., Reichstein, M., Enquist, B. J., Soudzilovskaia, N. A., Ackerly, D. 

D., Anand, M., … Wirth, C. (2011). TRY – a global database of plant traits. Global 

Change Biology, 17(9), 2905–2935. https://doi.org/10.1111/j.1365-2486.2011.02451.x 

Lalibert, E., Legendre, P., & Shipley, B. (2014). Measuring functional diversity from multiple 

traits, and other tools for functional ecology. R-Package FD. 

Laliberté, E., & Legendre, P. (2010). A distance‐based framework for measuring functional 

diversity from multiple traits. Ecology, 91(1), 299–305. 

Lavorel, S., Colloff, M. J., Mcintyre, S., Doherty, M. D., Murphy, H. T., Metcalfe, D. J., 

Dunlop, M., Williams, R. J., Wise, R. M., & Williams, K. J. (2015). Ecological 

mechanisms underpinning climate adaptation services. Global Change Biology, 21(1), 

12–31. https://doi.org/10.1111/gcb.12689 

Lawrence, D., & Vandecar, K. (2015). Effects of tropical deforestation on climate and 

agriculture. Nature Climate Change, 5(1), 27–36. 

https://doi.org/10.1038/nclimate2430 

Lawton, R. O., Nair, U. S., Pielke, R. A., & Welch, R. M. (2001). Climatic Impact of Tropical 

Lowland Deforestation on Nearby Montane Cloud Forests. Science, 294(5542), 584–

587. https://doi.org/10.1126/science.1062459 



 314 

Lesk, C., Anderson, W., Rigden, A., Coast, O., Jägermeyr, J., McDermid, S., Davis, K. F., & 

Konar, M. (2022). Compound heat and moisture extreme impacts on global crop 

yields under climate change. Nature Reviews Earth & Environment, 3(12), 872–889. 

https://doi.org/10.1038/s43017-022-00368-8 

Liu, X., Lie, Z., Reich, P. B., Zhou, G., Yan, J., Huang, W., Wang, Y., Peñuelas, J., Tissue, D. 

T., Zhao, M., Wu, T., Wu, D., Xu, W., Li, Y., Tang, X., Zhou, S., Meng, Z., Liu, S., 

Chu, G., … Liu, J. (2024). Long-term warming increased carbon sequestration 

capacity in a humid subtropical forest. Global Change Biology, 30(1), e17072. 

https://doi.org/10.1111/gcb.17072 

Lloret, F., Escudero, A., Iriondo, J. M., Martínez-Vilalta, J., & Valladares, F. (2012). Extreme 

climatic events and vegetation: The role of stabilizing processes. Global Change 

Biology, 18(3), 797–805. https://doi.org/10.1111/j.1365-2486.2011.02624.x 

Maia, V. A., Santos, A. B. M., de Aguiar-Campos, N., de Souza, C. R., de Oliveira, M. C. F., 

Coelho, P. A., Morel, J. D., da Costa, L. S., Farrapo, C. L., Fagundes, N. C. A., de 

Paula, G. G. P., Santos, P. F., Gianasi, F. M., da Silva, W. B., de Oliveira, F., 

Girardelli, D. T., de Carvalho Araújo, F., Vilela, T. A., Pereira, R. T., … dos Santos, R. 

M. (2020). The carbon sink of tropical seasonal forests in southeastern Brazil can be 

under threat. Science Advances, 6(51), eabd4548. 

https://doi.org/10.1126/sciadv.abd4548 

Malhi, Y., Aragão, L. E., Galbraith, D., Huntingford, C., Fisher, R., Zelazowski, P., Sitch, S., 

McSweeney, C., & Meir, P. (2009). Exploring the likelihood and mechanism of a 

climate-change-induced dieback of the Amazon rainforest. Proceedings of the 

National Academy of Sciences, 106(49), 20610–20615. 



 315 

Malhi, Y., Christmann, T., Deng, X., Zhang-Zheng, H., Moore, S., & Riutta, T. (2024). Forest 

carbon budgets and climate change. In Routledge Handbook of Forest Ecology (2nd 

ed.). Routledge. 

Malhi, Y., Franklin, J., Seddon, N., Solan, M., Turner, M. G., Field, C. B., & Knowlton, N. 

(2020). Climate change and ecosystems: Threats, opportunities and solutions. 

Philosophical Transactions of the Royal Society B: Biological Sciences, 375(1794), 

20190104. https://doi.org/10.1098/rstb.2019.0104 

Marchin, R. M., Backes, D., Ossola, A., Leishman, M. R., Tjoelker, M. G., & Ellsworth, D. S. 

(2022). Extreme heat increases stomatal conductance and drought-induced mortality 

risk in vulnerable plant species. Global Change Biology, 28(3), 1133–1146. 

https://doi.org/10.1111/gcb.15976 

Martin, A. R., Doraisami, M., & Thomas, S. C. (2018). Global patterns in wood carbon 

concentration across the world’s trees and forests. Nature Geoscience, 11(12), 915–

920. https://doi.org/10.1038/s41561-018-0246-x 

McDowell, N. G., Allen, C. D., Anderson-Teixeira, K., Aukema, B. H., Bond-Lamberty, B., 

Chini, L., Clark, J. S., Dietze, M., Grossiord, C., Hanbury-Brown, A., Hurtt, G. C., 

Jackson, R. B., Johnson, D. J., Kueppers, L., Lichstein, J. W., Ogle, K., Poulter, B., 

Pugh, T. A. M., Seidl, R., … Xu, C. (2020). Pervasive shifts in forest dynamics in a 

changing world. Science, 368(6494), eaaz9463. 

https://doi.org/10.1126/science.aaz9463 

McDowell, N. G., Sapes, G., Pivovaroff, A., Adams, H. D., Allen, C. D., Anderegg, W. R. L., 

Arend, M., Breshears, D. D., Brodribb, T., Choat, B., Cochard, H., De Cáceres, M., 

De Kauwe, M. G., Grossiord, C., Hammond, W. M., Hartmann, H., Hoch, G., 

Kahmen, A., Klein, T., … Xu, C. (2022). Mechanisms of woody-plant mortality under 



 316 

rising drought, CO2 and vapour pressure deficit. Nature Reviews Earth & 

Environment, 3(5), 294–308. https://doi.org/10.1038/s43017-022-00272-1 

Millar, C. I., & Stephenson, N. L. (2015). Temperate forest health in an era of emerging 

megadisturbance. Science, 349(6250), 823–826. 

https://doi.org/10.1126/science.aaa9933 

Mo, L., Zohner, C. M., Reich, P. B., Liang, J., de Miguel, S., Nabuurs, G.-J., Renner, S. S., 

van den Hoogen, J., Araza, A., Herold, M., Mirzagholi, L., Ma, H., Averill, C., 

Phillips, O. L., Gamarra, J. G. P., Hordijk, I., Routh, D., Abegg, M., Adou Yao, Y. 

C., … Crowther, T. W. (2023). Integrated global assessment of the natural forest 

carbon potential. Nature, 624(7990), 92–101. https://doi.org/10.1038/s41586-023-

06723-z 

Morin, X., Fahse, L., Jactel, H., Scherer-Lorenzen, M., García-Valdés, R., & Bugmann, H. 

(2018). Long-term response of forest productivity to climate change is mostly driven 

by change in tree species composition. Scientific Reports, 8(1), 5627. 

https://doi.org/10.1038/s41598-018-23763-y 

Murray-Tortarolo, G. N. (2021). Seven decades of climate change across Mexico. Atmósfera, 

34(2), 217–226. https://doi.org/10.20937/atm.52803 

Oliveira, B. F., Moore, F. C., & Dong, X. (2022). Biodiversity mediates ecosystem sensitivity 

to climate variability. Communications Biology, 5(1), 1–9. 

https://doi.org/10.1038/s42003-022-03573-9 

Oliveira, R. S., Eller, C. B., Barros, F. de V., Hirota, M., Brum, M., & Bittencourt, P. (2021). 

Linking plant hydraulics and the fast–slow continuum to understand resilience to 

drought in tropical ecosystems. New Phytologist, 230(3), 904–923. 

https://doi.org/10.1111/nph.17266 



 317 

Oliver, T. H., Heard, M. S., Isaac, N. J. B., Roy, D. B., Procter, D., Eigenbrod, F., Freckleton, 

R., Hector, A., Orme, C. D. L., Petchey, O. L., Proença, V., Raffaelli, D., Suttle, K. B., 

Mace, G. M., Martín-López, B., Woodcock, B. A., & Bullock, J. M. (2015). 

Biodiversity and Resilience of Ecosystem Functions. Trends in Ecology & Evolution, 

30(11), 673–684. https://doi.org/10.1016/j.tree.2015.08.009 

Overpeck, J. T., & Udall, B. (2020). Climate change and the aridification of North America. 

Proceedings of the National Academy of Sciences, 117(22), 11856–11858. 

https://doi.org/10.1073/pnas.2006323117 

Pan, Y., Birdsey, R. A., Fang, J., Houghton, R., Kauppi, P. E., Kurz, W. A., Phillips, O. L., 

Shvidenko, A., Lewis, S. L., Canadell, J. G., Ciais, P., Jackson, R. B., Pacala, S. W., 

McGuire, A. D., Piao, S., Rautiainen, A., Sitch, S., & Hayes, D. (2011). A Large and 

Persistent Carbon Sink in the World’s Forests. Science, 333(6045), 988–993. 

https://doi.org/10.1126/science.1201609 

Pavoine, S. (2020). adiv: An r package to analyse biodiversity in ecology. Methods in 

Ecology and Evolution, 11(9), 1106–1112. https://doi.org/10.1111/2041-210X.13430 

Phillips, O. L., Aragão, L. E. O. C., Lewis, S. L., Fisher, J. B., Lloyd, J., López-González, G., 

Malhi, Y., Monteagudo, A., Peacock, J., Quesada, C. A., van der Heijden, G., 

Almeida, S., Amaral, I., Arroyo, L., Aymard, G., Baker, T. R., Bánki, O., Blanc, L., 

Bonal, D., … Torres-Lezama, A. (2009). Drought Sensitivity of the Amazon 

Rainforest. Science, 323(5919), 1344–1347. https://doi.org/10.1126/science.1164033 

Poorter, L., Bongers, F., Aide, T. M., Almeyda Zambrano, A. M., Balvanera, P., Becknell, J. 

M., Boukili, V., Brancalion, P. H. S., Broadbent, E. N., Chazdon, R. L., Craven, D., de 

Almeida-Cortez, J. S., Cabral, G. A. L., de Jong, B. H. J., Denslow, J. S., Dent, D. H., 

DeWalt, S. J., Dupuy, J. M., Durán, S. M., … Rozendaal, D. M. A. (2016). Biomass 



 318 

resilience of Neotropical secondary forests. Nature, 530(7589), 211–214. 

https://doi.org/10.1038/nature16512 

Poorter, L., Craven, D., Jakovac, C. C., van der Sande, M. T., Amissah, L., Bongers, F., 

Chazdon, R. L., Farrior, C. E., Kambach, S., Meave, J. A., Muñoz, R., Norden, N., 

Rüger, N., van Breugel, M., Almeyda Zambrano, A. M., Amani, B., Andrade, J. L., 

Brancalion, P. H. S., Broadbent, E. N., … Hérault, B. (2021). Multidimensional 

tropical forest recovery. Science, 374(6573), 1370–1376. 

https://doi.org/10.1126/science.abh3629 

Powers, J. S., Vargas G., G., Brodribb, T. J., Schwartz, N. B., Pérez-Aviles, D., Smith-Martin, 

C. M., Becknell, J. M., Aureli, F., Blanco, R., Calderón-Morales, E., Calvo-Alvarado, 

J. C., Calvo-Obando, A. J., Chavarría, M. M., Carvajal-Vanegas, D., Jiménez-

Rodríguez, C. D., Murillo Chacon, E., Schaffner, C. M., Werden, L. K., Xu, X., & 

Medvigy, D. (2020). A catastrophic tropical drought kills hydraulically vulnerable tree 

species. Global Change Biology, 26(5), 3122–3133. https://doi.org/10.1111/gcb.15037 

Prentice, I. C., Dong, N., Gleason, S. M., Maire, V., & Wright, I. J. (2014). Balancing the 

costs of carbon gain and water transport: Testing a new theoretical framework for 

plant functional ecology. Ecology Letters, 17(1), 82–91. 

https://doi.org/10.1111/ele.12211 

Pugh, T. A. M., Arneth, A., Kautz, M., Poulter, B., & Smith, B. (2019). Important role of 

forest disturbances in the global biomass turnover and carbon sinks. Nature 

Geoscience, 12(9), 730–735. https://doi.org/10.1038/s41561-019-0427-2 

Ricotta, C., De Bello, F., Moretti, M., Caccianiga, M., Cerabolini, B. E. L., & Pavoine, S. 

(2016). Measuring the functional redundancy of biological communities: A 

quantitative guide. Methods in Ecology and Evolution, 7(11), 1386–1395. 

https://doi.org/10.1111/2041-210X.12604 



 319 

Rosenfeld, J. S. (2002). Functional redundancy in ecology and conservation. Oikos, 98(1), 

156–162. https://doi.org/10.1034/j.1600-0706.2002.980116.x 

Ruehr, S., Keenan, T. F., Williams, C., Zhou, Y., Lu, X., Bastos, A., Canadell, J. G., Prentice, 

I. C., Sitch, S., & Terrer, C. (2023). Evidence and attribution of the enhanced land 

carbon sink. Nature Reviews Earth & Environment, 4(8), 518–534. 

https://doi.org/10.1038/s43017-023-00456-3 

Sakschewski, B., von Bloh, W., Boit, A., Poorter, L., Peña-Claros, M., Heinke, J., Joshi, J., & 

Thonicke, K. (2016). Resilience of Amazon forests emerges from plant trait diversity. 

Nature Climate Change, 6(11), 1032–1036. https://doi.org/10.1038/nclimate3109 

Sapijanskas, J., Paquette, A., Potvin, C., Kunert, N., & Loreau, M. (2014). Tropical tree 

diversity enhances light capture through crown plasticity and spatial and temporal 

niche differences. Ecology, 95(9), 2479–2492. https://doi.org/10.1890/13-1366.1 

Scheffer, M. (2009). Critical Transitions in Nature and Society. Princeton University Press. 

https://doi.org/10.2307/j.ctv173f1g1 

Schlesinger, W. H., Dietze, M. C., Jackson, R. B., Phillips, R. P., Rhoades, C. C., Rustad, L. 

E., & Vose, J. M. (2016). Forest biogeochemistry in response to drought. Global 

Change Biology, 22(7), 2318–2328. https://doi.org/10.1111/gcb.13105 

Schmitt, S., Maréchaux, I., Chave, J., Fischer, F. J., Piponiot, C., Traissac, S., & Hérault, B. 

(2020a). Functional diversity improves tropical forest resilience: Insights from a long-

term virtual experiment. Journal of Ecology, 108(3), 831–843. 

https://doi.org/10.1111/1365-2745.13320 

Schmitt, S., Maréchaux, I., Chave, J., Fischer, F. J., Piponiot, C., Traissac, S., & Hérault, B. 

(2020b). Functional diversity improves tropical forest resilience: Insights from a long-

term virtual experiment. Journal of Ecology, 108(3), 831–843. 

https://doi.org/10.1111/1365-2745.13320 



 320 

Schneider, F. D., Morsdorf, F., Schmid, B., Petchey, O. L., Hueni, A., Schimel, D. S., & 

Schaepman, M. E. (2017). Mapping functional diversity from remotely sensed 

morphological and physiological forest traits. Nature Communications, 8(1), 1441. 

https://doi.org/10.1038/s41467-017-01530-3 

Searle, E. B., Chen, H. Y. H., & Paquette, A. (2022). Higher tree diversity is linked to higher 

tree mortality. Proceedings of the National Academy of Sciences, 119(19), 

e2013171119. https://doi.org/10.1073/pnas.2013171119 

Segura, M., & Kanninen, M. (2005). Allometric Models for Tree Volume and Total 

Aboveground Biomass in a Tropical Humid Forest in Costa Rica. Biotropica, 37(1), 

2–8. https://doi.org/10.1111/j.1744-7429.2005.02027.x 

Serra-Maluquer, X., Gazol, A., Anderegg, W. R. L., Martínez-Vilalta, J., Mencuccini, M., & 

Camarero, J. J. (2022). Wood density and hydraulic traits influence species’ growth 

response to drought across biomes. Global Change Biology, 28(12), 3871–3882. 

https://doi.org/10.1111/gcb.16123 

Staal, A., Tuinenburg, O. A., Bosmans, J. H. C., Holmgren, M., van Nes, E. H., Scheffer, M., 

Zemp, D. C., & Dekker, S. C. (2018). Forest-rainfall cascades buffer against drought 

across the Amazon. Nature Climate Change, 8(6), 539–543. 

https://doi.org/10.1038/s41558-018-0177-y 

Stan, K., & Sanchez-Azofeifa, A. (2019). Tropical Dry Forest Diversity, Climatic Response, 

and Resilience in a Changing Climate. Forests, 10(5), Article 5. 

https://doi.org/10.3390/f10050443 

Talbot, J., Lewis, S. L., Lopez-Gonzalez, G., Brienen, R. J. W., Monteagudo, A., Baker, T. R., 

Feldpausch, T. R., Malhi, Y., Vanderwel, M., Araujo Murakami, A., Arroyo, L. P., 

Chao, K.-J., Erwin, T., van der Heijden, G., Keeling, H., Killeen, T., Neill, D., Núñez 

Vargas, P., Parada Gutierrez, G. A., … Phillips, O. L. (2014). Methods to estimate 



 321 

aboveground wood productivity from long-term forest inventory plots. Forest 

Ecology and Management, 320, 30–38. https://doi.org/10.1016/j.foreco.2014.02.021 

Tavares, J. V., Oliveira, R. S., Mencuccini, M., Signori-Müller, C., Pereira, L., Diniz, F. C., 

Gilpin, M., Marca Zevallos, M. J., Salas Yupayccana, C. A., Acosta, M., Pérez 

Mullisaca, F. M., Barros, F. de V., Bittencourt, P., Jancoski, H., Scalon, M. C., 

Marimon, B. S., Oliveras Menor, I., Marimon, B. H., Fancourt, M., … Galbraith, D. 

R. (2023). Basin-wide variation in tree hydraulic safety margins predicts the carbon 

balance of Amazon forests. Nature, 617(7959), 111–117. 

https://doi.org/10.1038/s41586-023-05971-3 

Trenberth, K. E., Dai, A., van der Schrier, G., Jones, P. D., Barichivich, J., Briffa, K. R., & 

Sheffield, J. (2014). Global warming and changes in drought. Nature Climate Change, 

4(1), 17–22. https://doi.org/10.1038/nclimate2067 

Wieczynski, D. J., Boyle, B., Buzzard, V., Duran, S. M., Henderson, A. N., Hulshof, C. M., 

Kerkhoff, A. J., McCarthy, M. C., Michaletz, S. T., Swenson, N. G., Asner, G. P., 

Bentley, L. P., Enquist, B. J., & Savage, V. M. (2019). Climate shapes and shifts 

functional biodiversity in forests worldwide. Proceedings of the National Academy of 

Sciences, 116(2), 587–592. https://doi.org/10.1073/pnas.1813723116 

Xu, C., McDowell, N. G., Fisher, R. A., Wei, L., Sevanto, S., Christoffersen, B. O., Weng, E., 

& Middleton, R. S. (2019). Increasing impacts of extreme droughts on vegetation 

productivity under climate change. Nature Climate Change, 9(12), 948–953. 

https://doi.org/10.1038/s41558-019-0630-6 

Yang, Y., Saatchi, S. S., Xu, L., Yu, Y., Choi, S., Phillips, N., Kennedy, R., Keller, M., 

Knyazikhin, Y., & Myneni, R. B. (2018). Post-drought decline of the Amazon carbon 

sink. Nature Communications, 9(1), 3172. https://doi.org/10.1038/s41467-018-05668-

6 



 322 

Zeng, Z., Wang, D., Yang, L., Wu, J., Ziegler, A. D., Liu, M., Ciais, P., Searchinger, T. D., 

Yang, Z.-L., Chen, D., Chen, A., Li, L. Z. X., Piao, S., Taylor, D., Cai, X., Pan, M., 

Peng, L., Lin, P., Gower, D., … Wood, E. F. (2021). Deforestation-induced warming 

over tropical mountain regions regulated by elevation. Nature Geoscience, 14(1), 23–

29. https://doi.org/10.1038/s41561-020-00666-0 

Zscheischler, J., & Seneviratne, S. I. (2017). Dependence of drivers affects risks associated 

with compound events. Science Advances, 3(6), e1700263. 

https://doi.org/10.1126/sciadv.1700263 

 

  



 323 

6.8. Supplementary materials 

 
Fig. S6.1. Effects of morphological functional redundancy (FR) on changes in forest 

carbon stocks and dynamics. Relationships between initial morphological functional 

redundancy and the change rate of carbon stocks (a), net carbon sink (b), carbon gains (c), and 

carbon losses (d) in temperate (blue) and tropical (orange) forests. Each point represents a 

census interval for a plot, and regression lines indicate biome-specific trends. Solid lines denote 

statistically significant relationships (P<0.05), and dashed lines indicate non-significance 

(P>0.05). 
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Fig. S6.2. Effects of vapour pressure deficit (VPD) on changes in forest carbon stocks and 

dynamics. Relationships between mean VPD and the change rate of carbon stocks (a), net 

carbon sink (b), carbon gains (c), and carbon losses (d) in temperate (blue) and tropical (orange) 

forests. Each point represents a census interval for a plot, and regression lines represent 

statistically significant (solid) or non-significant (dashed) trends (P<0.05 and P>0.05, 

respectively). 
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Fig. S6.3. Interaction effects between predictors on the change rate of carbon stocks in 

temperate forest. (a), MCWD as predictor and FDMor as mediating variable (b), VPD as 

predictor and FDMor as mediating variable (c), Time as predictor and FDMor as mediating 

variable (d) MCWD as predictor and time as mediating variable (e), MCWD as predictor and 

FDNutr as mediating variable (f), VPD as predictor FDNutr and as mediating variable (g), Time 

as predictor FDNutr and as mediating variable (h) VPD as predictor and time as mediating 

variable. Lines represent statistically significant (solid) or non-significant (dashed) interaction 

effects (P<0.05 and P>0.05, respectively), with different colours indicating multiple mediating 

variable levels. 
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Fig. S6.4. Interaction effects between predictors on the change rate of net carbon sink in 

temperate forest. (a), MCWD as predictor and FDMor as mediating variable (b), VPD as 

predictor and FDMor as mediating variable (c), Time as predictor and FDMor as mediating 

variable (d) MCWD as predictor and time as mediating variable (e), MCWD as predictor and 

FDNutr as mediating variable (f), VPD as predictor FDNutr and as mediating variable (g), Time 

as predictor FDNutr and as mediating variable (h) VPD as predictor and time as mediating 

variable. Lines represent statistically significant (solid) or non-significant (dashed) interaction 

effects (P<0.05 and P>0.05, respectively), with different colours indicating multiple mediating 

variable levels. 
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Fig. S6.5. Interaction effects between predictors on the change rate of carbon gains in 

temperate forest. (a), MCWD as predictor and FDMor as mediating variable (b), VPD as 

predictor and FDMor as mediating variable (c), Time as predictor and FDMor as mediating 

variable (d) MCWD as predictor and time as mediating variable (e), MCWD as predictor and 

FDNutr as mediating variable (f), VPD as predictor FDNutr and as mediating variable (g), Time 

as predictor FDNutr and as mediating variable (h) VPD as predictor and time as mediating 

variable. Lines represent statistically significant (solid) or non-significant (dashed) interaction 

effects (P<0.05 and P>0.05, respectively), with different colours indicating multiple mediating 

variable levels. 
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Fig. S6.6. Interaction effects between predictors on the change rate of carbon losses in 

temperate forest. (a), MCWD as predictor and FDMor as mediating variable (b), VPD as 

predictor and FDMor as mediating variable (c), Time as predictor and FDMor as mediating 

variable (d) MCWD as predictor and time as mediating variable (e), MCWD as predictor and 

FDNutr as mediating variable (f), VPD as predictor FDNutr and as mediating variable (g), Time 

as predictor FDNutr and as mediating variable (h) VPD as predictor and time as mediating 

variable. Lines represent statistically significant (solid) or non-significant (dashed) interaction 

effects (P<0.05 and P>0.05, respectively), with different colours indicating multiple mediating 

variable levels. 
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Fig. S6.7. Interaction effects between predictors on the change rate of carbon stocks in 

temperate forest. (a), MCWD as predictor and FDMor as mediating variable (b), VPD as 

predictor and FDMor as mediating variable (c), MCWD as predictor and FDNutr as mediating 

variable (d), VPD as predictor FDNutr and as mediating variable. Lines represent statistically 

significant (solid) or non-significant (dashed) interaction effects (P<0.05 and P>0.05, 

respectively), with different colours indicating multiple mediating variable levels. 
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Fig. S6.8. Interaction effects between predictors on the change rate of net carbon sink in 

temperate forest. (a), MCWD as predictor and FDMor as mediating variable (b), VPD as 

predictor and FDMor as mediating variable (c), MCWD as predictor and FDNutr as mediating 

variable (d), VPD as predictor FDNutr and as mediating variable. Lines represent statistically 

significant (solid) or non-significant (dashed) interaction effects (P<0.05 and P>0.05, 

respectively), with different colours indicating multiple mediating variable levels. 
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Fig. S6.9. Interaction effects between predictors on the change rate of carbon gains in 

temperate forest. (a), MCWD as predictor and FDMor as mediating variable (b), VPD as 

predictor and FDMor as mediating variable (c), MCWD as predictor and FDNutr as mediating 

variable (d), VPD as predictor FDNutr and as mediating variable. Lines represent statistically 

significant (solid) or non-significant (dashed) interaction effects (P<0.05 and P>0.05, 

respectively), with different colours indicating multiple mediating variable levels. 
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Fig. S6.10. Interaction effects between predictors on the change rate of carbon losses in 

temperate forest. (a), MCWD as predictor and FDMor as mediating variable (b), VPD as 

predictor and FDMor as mediating variable (c), MCWD as predictor and FDNutr as mediating 

variable (d), VPD as predictor FDNutr and as mediating variable. Lines represent statistically 

significant (solid) or non-significant (dashed) interaction effects (P<0.05 and P>0.05, 

respectively), with different colours indicating multiple mediating variable levels. 
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Fig. 6.S11. Heatmap of pairwise correlation between predictors. 
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Chapter 7 Synthesis and conclusion 

This chapter revisits the main research questions that guided this work, summaries primary 

conclusions and novelties, acknowledges the limitations encountered during the research, and 

proposes promising avenues for future research in this critical field. This thesis has explored 

how plant functional trait composition, diversity, and redundancy can be assessed using multi-

sensor remote sensing, and how these functional characteristics influence forest resilience in 

the face of increasing environmental stress. Through three integrated studies, it has contributed 

to advancing our ability to monitor, understand, and predict the ecological functioning of forest 

ecosystems at broad spatial and temporal scales. The findings highlight both the potential and 

the complexity of using trait-based approaches and remotely sensed data to address key 

challenges in forest ecology and global change biology. 

 

7.1. Summary of the primary conclusions 

This thesis makes a novel contribution to forest functional ecology by being the first to establish 

cross-biome linkages between remote sensing, functional traits, and ecosystem resilience. 

Through innovative remote sensing applications, detailed analyses of functional diversity 

across environmental gradients, and critical assessments of climate change impacts on forest 

carbon dynamics, it advances our understanding of how forests function and respond to global 

change. The key findings from Chapters 4, 5, and 6 are synthesised below. 

 

7.1.1. Remote sensing of large-scale trait mapping 

The study in Chapter 4 represents one of the first attempts to predict multiple functional traits 

including morphological and photosynthetic traits and leaf nutrients across the tropics using an 

integrated remote sensing framework. By combining multispectral, SAR, and LiDAR data with 

environmental variables and employing both machine learning (Random forests) and deep 

learning (Multilayer Perceptron) algorithms trained on the largest available tropical trait dataset, 

the research demonstrates that Random forests outperforms Multilayer Perceptron in terms of 

pan-tropical traits mapping, likely due to their robustness to data complexity, limited sample 

sizes for deep architectures, and handling nonlinear relationships effectively. The Multilayer 

Perceptron algorithm’s performance may have been constrained by the sample size, which, 

though substantial, might be insufficient for deep learning algorithms to generalise without 
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overfitting. The results prove the value of integrating different remote sensing modalities, each 

capturing unique biophysical dimensions: multispectral for leaf nutrients, and SAR and LiDAR 

for canopy structure, as the integrated multi-sensor and environmental data approach achieved 

comparable or improved accuracy for several traits, such as leaf dry mass, leaf water content, 

and leaf nutrients (Ca, Mg, N, P), when compared to studies relying solely on spectral and 

environmental data (Aguirre-Gutiérrez et al., 2025). 

Another critical aspect of Chapter 4 is the comprehensive assessment of spatial 

robustness through a series of cross-validation strategies, including leave-one-plot-out, leave-

one-cluster-out, leave-one-country-out, and leave-one-continent-out methods. These tests are 

designed to evaluate not just model accuracy, but also the generalisability of trait predictions 

across geographic and ecological boundaries. While overall prediction accuracy is strong under 

standard validation procedures, performance consistently declines as the spatial scale of 

exclusion increases. This pattern highlights the presence of strong regional effects and 

substantial spatial heterogeneity in trait-environment relationships. It suggests that models 

calibrated in one area may not reliably transfer to distant or ecologically distinct regions, even 

within the same biome. This spatial sensitivity is particularly important in tropical ecosystems, 

where high biodiversity, environmental complexity, and limited ground data exacerbate 

challenges of model transferability (Sequeira et al., 2018; Yates et al., 2018). These findings 

highlight the importance of incorporating spatial structure explicitly into model development 

and validation (Rangel et al., 2010; Roberts et al., 2017), and they call for more geographically 

representative training data if large-scale trait mapping is to be operationalised with confidence. 

Importantly, the spatial variability in trait predictions indicates the regional 

heterogeneity in trait-environment relationships, which complicates the generalisation of 

models across biomes. Despite this, clear patterns are found that photosynthetic traits are 

largely shaped by climate, while morphological traits and leaf nutrients show stronger 

associations with soil and terrain properties. These findings demonstrate the feasibility of 

predicting multiple functional traits across large and diverse areas and highlight the importance 

of environmental gradients in shaping functional trait distributions and variations. 

Regarding the primary drivers for trait prediction, remotely sensed data, especially 

multispectral imagery proves most influential. This highlights the capacity of spectral data to 

capture subtle variations in plant physiology and biochemistry (Kokaly et al., 2009; Thenkabail 

et al., 2018). SAR data are particularly important for predicting photosynthetic traits, likely due 

to its sensitivity to vegetation structure and moisture (Lucas et al., 2010). While LiDAR metrics 
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have lower overall importance, they contribute significantly to SLA prediction, suggesting the 

relevance of 3D structural information (Omasa et al., 2007). This highlights the synergistic 

benefits of integrating multiple remotely sensed data. In contrast, broad-scale environmental 

variables (soil, climate, and terrain) play a relatively minor role in direct trait prediction 

compared to remotely sensed data, possibly due to scale mismatches in environmental datasets. 

 

7.1.2. Mapping functional trait composition, diversity, and redundancy across 

environmental gradients 

Building on the trait-mapping foundation from Chapter 4, Chapter 5 expands the analysis to 

include functional diversity and redundancy considering morphology, nutrients, photosynthesis, 

and hydraulics using the Random forests algorithm. A key achievement is demonstrating the 

ability to accurately scale up plot-level ecological understanding across extensive latitudinal 

and environmental gradients. By integrating multispectral drone imagery, handheld LiDAR 

scans, satellite data, and environmental variables, the study shows how fine-scale field data can 

be scaled up to landscape levels. This enables spatially explicit assessments of trait composition 

and functional diversity and redundancy across broad latitudinal gradients in South American 

temperate forests. 

The results reveals clear latitudinal patterns in functional trait composition, diversity, 

and redundancy across South American temperate forests in Chile, shaped by interacting 

gradients of climate, soil, and topography. A transitional zone between approximately 35°S 

and 42°S emerges as a region of particular interest, where both functional diversity and 

redundancy peak. This co-occurrence suggests that these forests may possess strong resilience 

to disturbances, with both a wide range of adaptive strategies and functional overlap that can 

buffer against species loss. In addition, the northern Mediterranean region (~30°S to ~35°S) is 

characterised by high functional diversity but low redundancy, indicating adaptability to 

environmental variability but increased vulnerability should key species be lost. In contrast, 

toward the south, from ~42°S to ~48°S, forests exhibit high redundancy but lower diversity, 

suggesting ecological convergence under harsher Subantarctic conditions. While redundancy 

may offer some resilience, the prevalence of similar trait strategies increases the risk of 

synchronous species decline under future stress. Beyond 48°S, in the southernmost forests, 

both functional diversity and redundancy are low, reflecting extremely low species richness. 

These ecosystems are especially vulnerable but play an important role as refugia for cold-
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adapted taxa and reservoirs of unique evolutionary history. These findings reinforce the value 

of functional trait-based metrics for informing conservation priorities and highlight the 

importance of management strategies to vulnerabilities under climate change. 

 

7.1.3. Integrating methods and addressing limitations 

Across Chapters 4 and 5, the integration of multi-source remotely sensed images and trait data 

proves critical. The combination of remote sensor types allows for robust and scalable 

estimates of functional trait composition, diversity, and redundancy, which is a promising 

pathway for operational ecological monitoring. However, several limitations must be 

acknowledged. Sparse field plot data in some regions limit the resolution of spatial models, 

particularly in shrublands or transitional forests. The presence of spatial autocorrelation also 

presents challenges for model validation, even when using advanced cross-validation strategies. 

Future studies should aim to expand field sampling, especially in underrepresented 

ecosystems, and employ spatially explicit validation methods. Long-term ecological networks 

and coordinated monitoring efforts would improve the spatial robustness and transferability of 

trait models. Methodologically, the continued development of hybrid analytical approaches 

that combine statistical, machine learning, and physically based models is essential to enhance 

trait prediction and ecological inference. 

 

7.1.4. Climate change impacts on forest ecosystems and carbon dynamics 

Chapter 6 focuses on the impacts of recent warming and drying trends (2007-2021) on 

Mexican temperate and tropical forests, particularly concerning their carbon stocks and net 

carbon sink. The findings reveals that both forest types are experiencing increasingly stressful 

climatic conditions. Tropical forests exhibit greater absolute increases in seasonal drought 

severity (MCWD), while temperate forests show more statistically robust warming (maximum 

temperature) and atmospheric drying (VPD). These trends, consistent with broader regional 

(Méndez & Magaña, 2010; Stahle et al., 2009) and global patterns (Dai, 2011, 2013; Trenberth 

et al., 2014), exacerbate thermal stress, reduce plant water supply, and ultimately suppress 

forest growth and increase tree mortality. 

Specifically, tropical forests see a sharp increase in MCWD, indicating intensifying 

dry-season water deficits that can diminish resilience even without strong VPD signals. 
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Temperate forests experience a significant rise in maximum temperature, VPD, and MCWD 

between 2007 and 2021. These compounding stressors are likely pushing many forest systems 

beyond their physiological thresholds, potentially reshaping species composition, reducing 

productivity, and compromising long-term carbon storage. 

Regarding carbon resilience, temperate forests show significant carbon accumulation 

over the study period, while tropical forests have a non-significant increase. However, both 

forest types exhibit declining net carbon sinks. This is driven by reductions in carbon gains 

(especially in tropical forests) and slight increases in carbon losses, suggesting an early signal 

of carbon sink saturation. This decoupling, where total stocks might rise while the rate of 

accumulation slows, is attributed to factors like hydraulic constraints and increasing stress-

induced mortality. Most alarmingly, the study projects a potential collapse of net carbon sinks 

by 2025 in these temperate forests and 2029 in the tropical forests, which means they could 

transition from carbon sinks to carbon sources. This trajectory, similar to trends observed in 

the Amazon and Africa (Hubau et al., 2020), has severe implications for regional climate 

feedbacks and suggests Mexican forests may become persistent carbon sources without urgent 

intervention. 

Chapter 6 also investigates the role of functional trait diversity and redundancy in 

mediating forest carbon resilience. In temperate forests, higher initial morphological functional 

diversity is strongly linked to positive changes in carbon stocks, net carbon sink, and carbon 

gains, while also reducing carbon losses. This suggests that diverse structural and 

morphological traits enhance niche complementarity or facilitation, which allows for optimised 

resource acquisition and buffering against environmental stress. Conversely, higher nutrient 

functional diversity in temperate forests is associated with declining carbon stocks, net sink, 

and gains, and increasing losses. This likely reflects trade-offs where acquisitive species (high 

nutrients and fast growth) are more vulnerable to drought due to lower water-use efficiency. In 

the tropical forests studied, neither functional diversity shows significant associations with 

carbon resilience, possibly due to higher baseline diversity where additional diversity effects 

level off, or because the intensity of climatic stress overwhelmed any buffering capacity of trait 

variation. Morphological functional redundancy does not significantly explain carbon 

dynamics in either biome. Finally, seasonal drought intensity (MCWD) emerges as a more 

consistent climatic stressor linked to carbon resilience than atmospheric drought (VPD), 

particularly in temperate forests, highlighting the critical role of soil water availability. 
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7.2. Collective implications for forest functional ecology and resilience 

The collective findings of this thesis demonstrate the transformative potential of integrating 

multiple remote sensing sensors including spectral, SAR, and LiDAR data with trait-based 

ecological frameworks to advance our understanding of forest function, biodiversity, and 

resilience under global change. By enabling the spatially explicit mapping of functional traits 

such as leaf nutrients, morphological, and photosynthetic traits, as well as derived metrics like 

functional diversity and redundancy, this work contributes to a transition beyond purely 

taxonomic approaches toward a more dynamic and trait-based understanding of ecosystems. 

This integrated perspective is critical for assessing how forests respond to complex 

environmental gradients and disturbances. The thesis confirms that trait-based monitoring, 

when coupled with advanced remote sensing technologies, allows for more ecologically 

meaningful assessments of forest composition, function, and vulnerability. 

One of the central contributions of this research is the empirical linkage between 

specific dimensions of functional diversity and indicators of ecosystem resilience, particularly 

carbon stocks and carbon dynamics. The consistent positive influence of morphological trait 

diversity on carbon uptake and stability in temperate forests demonstrates the role of structural 

variation in maintaining ecosystem function under climatic stress, particularly warming and 

drought. In contrast, the observed negative associations between nutrient trait diversity and 

carbon resilience point to important ecological trade-offs, where acquisitive strategies that 

promote rapid growth may simultaneously reduce resistance to environmental extremes and/or 

resilience to environmental disturbances. These findings advance our understanding beyond 

general biodiversity-function relationships by identifying which types of trait variation matter 

most, and under what conditions. Moreover, the spatial modelling of trait composition across 

environmental gradients reveals that resilience is not uniformly distributed but rather 

concentrated in regions with specific combinations of diversity and redundancy, such as the 

temperate transition zone in Chile identified in Chapter 5, while other regions may face 

increased risks due to functional convergence or low trait richness. 

In addition to the theoretical value, the insights carry significant applied implications. 

The spatial patterns uncovered in Chapters 4 and 5, including high-diversity, high-redundancy 

“resilience hotspots” and low-diversity, low-redundancy “risk zones,” provide a foundation for 

more targeted conservation strategies. For example, maintaining or enhancing morphological 

diversity in structurally diverse forests could be a practical goal for forest managers aiming to 

preserve carbon storage and mitigate the impacts of climate change. Similarly, areas with high 
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functional redundancy but low trait variation may benefit from efforts to promote ecological 

connectivity or diversify species compositions to reduce vulnerability to current and novel 

climatic stressors. The detection of declining net carbon sink and projected transitions to net 

carbon sources in Mexican forests reinforces the urgency of such interventions, highlighting 

the real-time implications of trait-based monitoring for understanding and responding to 

climatic tipping points. 

Ultimately, this thesis provides both a conceptual and methodological foundation for 

applying functional ecology principles through remote sensing technologies to the real-world 

challenges of biodiversity loss and climate change. It offers scalable and transferable 

approaches for assessing ecosystem condition and resilience, with direct relevance to 

ecological forecasting, conservation planning, and adaptive management. The demonstrated 

ability to predict functional trait composition, quantify functional diversity and redundancy, 

and link these trait-based metrics to ecosystem outcomes such as carbon dynamics suggests 

that trait-based remote sensing is not only scientifically robust but also policy-informative. As 

the global forest community increasingly turns to nature-based solutions for climate mitigation 

and biodiversity conservation (Seddon, Chausson, et al., 2020; Seddon, Daniels, et al., 2020; 

Seddon et al., 2021), this research supports a transition toward ecosystem monitoring informed 

by plant functional traits, which moves from observing forests to understanding them in terms 

of the functions they perform and the resilience they can sustain. 

 

7.3. Limitations of the research 

While this thesis presents significant advances in the application of remote sensing and trait-

based approaches to forest functional ecology, it is essential to critically evaluate its limitations, 

as these shape the scope and interpretation of the findings. 

The first limitation concerns the distribution, density, and representativeness of plot 

data. In pan-tropical forests (Chapter 4), South American temperate forests (Chapter 5), and 

Mexican forests (Chapter 6), plots were unevenly distributed or limited, with dense coverage 

in certain regions and underrepresentation in others. This imbalance may bias results toward 

the ecological conditions of better-sampled areas (e.g., tropical Americas and western 

temperate Mexico), while limiting inference for tropical Africa and Asia, transitional or 

disturbance-prone systems like shrublands in Chile, and tropical Mexico. Consequently, some 
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of the observed trait distribution patterns and biodiversity-carbon-climate relationships may 

reflect regional sampling biases rather than generalisable ecological patterns. 

The second limitation lies in the reliance on remote sensing for trait prediction. 

Although multi-sensor models achieved good performance in Chapters 4 and 5, uncertainties 

remain due to sensor resolution and the reliance on training data that may not fully capture 

local trait variability. These uncertainties can propagate into large-scale trait maps, especially 

where predictions are extrapolated beyond the environmental or taxonomic range of training 

plots. The resulting trait-environment relationships may therefore reflect artefacts of model 

transferability as much as true ecological gradients, particularly across biomes with distinct 

evolutionary histories. 

Third, generalising results across biomes remains a substantial challenge. As shown in 

Chapters 5 and 6, trait-environment and trait-function relationships are often regionally 

specific, shaped by local adaptations, disturbance histories, and environmental context. For 

example, morphological functional diversity enhanced carbon resilience in Mexican temperate 

forests but not in tropical forests, highlighting that the same trait dimensions may operate 

differently depending on baseline diversity and climatic stress regimes. This limits the ability 

to infer universal mechanisms from regionally focused studies and indicates the risk of 

overextending results beyond the biomes where they were tested. 

Finally, the temporal and process scope of the analyses also imposes constraints. The 

carbon resilience analysis (Chapter 6) focused on 2007-2021, a period of accelerating drought 

and warming, but longer-term dynamics including lagged responses to past disturbances 

remain unresolved. Moreover, the analyses emphasised climate-driven stressors, while other 

drivers such as fire, pests, pathogens, and anthropogenic disturbance (Burton et al., 2020; Weed 

et al., 2013) were not explicitly modelled. These unaccounted factors may interact with climate 

stress in complex ways, further shaping forest trajectories. 

Recognising these limitations is critical not only for contextualising the findings of this 

thesis but also for guiding future research. Addressing sampling bias through expanded 

monitoring networks, improving remote sensing calibration with broader and more 

representative ground data, and testing trait-function relationships across diverse biomes will 

be essential to strengthen the generality and applied relevance of trait-based approaches in 

forest ecology under global change. 
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7.4. Avenues for future research 

The findings and limitations of this thesis highlight several directions for future research that 

can deepen our understanding of forest functional ecology and resilience. One major priority 

is improving the spatial prediction and interpretation of functional traits. This will require more 

advanced modelling approaches that explicitly account for spatial autocorrelation and regional 

heterogeneity, such as spatial cross-validation and geographically weighted machine learning 

techniques (Hashemi & Karimi, 2020; Wang et al., 2023; Yang et al., 2023). Enhanced 

environmental datasets, particularly higher-resolution information on soil properties, 

microclimate, and topography, can help disentangle the influences of environmental gradients 

from remotely sensed data, thereby improving model accuracy and interpretability. Alongside 

these technical advances, there remains a need for mechanistic ecological studies that 

investigate the physiological drivers behind trait distribution and variation patterns, which 

helps to bridge remotely sensed data with ecological theory (Cavender-Bares et al., 2022; 

Enquist et al., 2015). 

Advancing assessments of functional diversity and redundancy will also require 

expanded and better-coordinated data infrastructures. Establishing long-term ecological 

monitoring networks that integrate in-situ trait sampling with remote sensing across diverse 

forest types would improve spatial representativeness and allow for more robust inference 

(Hauser et al., 2021; Pause et al., 2016). Greater attention should also be given to the 

development of multi-dimensional trait diversity metrics that move beyond univariate indices 

(Daly et al., 2018; O’Shaughnessy et al., 2023), as well as to understanding how these metrics 

change over time in response to disturbance and restoration. Moreover, examine how 

functional traits relate to key ecosystem services beyond carbon dynamics, such as water 

cycling, pollination, and/or soil stability, would offer a more complete understanding of 

ecosystem function and resilience (Faucon et al., 2017; Oliver et al., 2015). 

Climate change impacts, and their implications for forest resilience, remain a critical 

field for future work. Continued long-term monitoring of carbon fluxes in regions identified as 

at risk of net sink collapse will be essential to assess the validity of early warning signs and to 

better understand forest responses at or beyond potential tipping points. Further investigation 

into the mechanisms by which morphological trait diversity promotes carbon resilience, and 

why nutrient diversity may have contrasting effects, could be addressed through targeted eco-

physiological studies or manipulative experiments. In tropical forests, where no clear link 

between functional diversity and carbon resilience is observed, more focused studies can 
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explore alternative trait dimensions, such as hydraulic and/or photosynthetic traits (Anderegg 

et al., 2016, 2018; Hu et al., 2022; Qi et al., 2021), or assess whether extreme stress simply 

overwhelms the buffering capacity of diversity (Cadotte et al., 2011). Importantly, future 

studies should aim to account for the interactive effects of multiple stressors, including fire, 

pests, land use, and climate extremes, to develop a more realistic understanding of ecosystem 

vulnerability (Gonzalez et al., 2010; Laurance et al., 2011; Stork et al., 2009). 

Finally, bridging science and practice will be essential for translating these insights into 

meaningful conservation and management outcomes. The remote sensing methods and trait-

based frameworks developed in this thesis can be developed into operational tools for forest 

managers to monitor functional diversity and resilience in real time. Field-based experiments 

designed to test adaptive management interventions, such as fostering morphological diversity 

to enhance climate resilience, can validate theoretical predictions and inform practical 

strategies. Integrating socioeconomic dimensions into future research will also be crucial to 

ensure that resilience-building measures are both ecologically effective and socially just 

(Cinner & Barnes, 2019), especially in forest ecosystems facing the dual pressures of 

environmental degradation and climate change. Together, these avenues offer a path toward 

more resilient forest ecosystems and more informed management in an era of rapid 

environmental transformation. 
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