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Abstract 

 Traditionally, the study of biodiversity has focused on quantifying patterns of species 

diversity, or species richness, by simply counting the number of species across environmental 

gradients. This approach has been fundamental to ecological investigations and thinking with 

regards to identifying patterns of biodiversity. Although species diversity is the most commonly 

used dimension of biodiversity, species diversity alone does not provide a mechanistic 

understanding of biodiversity gradients. By also quantifying the genetic and phylogenetic 

diversity of a population, community or ecosystem, ecologists can become more informed on the 

relationships organisms have with one another, as well as their potential to adapt to changes in 

their environment. While each of these approaches provides methods for characterizing 

biodiversity, they do not offer direct insight into what species do, how they function, or how they 

will respond to changes in their environment. Functional, or trait-based ecology, provides an 

informative alternative to species-centric approaches that seeks to understand patterns of 

biodiversity in terms of functional traits. Functional traits capture fundamental tradeoffs in life 

history strategies that can be used to determine species ecological roles and can be used to scale 

from organisms to ecosystems to ask broad ecological questions.  

The overarching goal of my dissertation is to add additional links to trait-based ecology 

by identifying potential sources of trait variation across different spatial and temporal gradients 

between varying levels of biological organization. By assessing variation across spatial-temporal 

scales, I tested two prominent assumptions of trait-based ecology. First, I tested the trait-

environment assumption wherein traits affect ecosystem processes. Therefore, there should be a 

predictable relationship between traits, their environment, and ecosystem function across large 

ecological gradients and between broad taxonomic groups. Second, I tested the assumption that 
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interspecific trait variation exceeds intraspecific trait variation; thus, the species mean trait value 

captures much of the variation for a given trait. My study systems include the latitudinal 

diversity gradient of North America, forests of varying successional age in the tropical dry 

forests of Costa Rica, and a subalpine meadow of Colorado. 

First, we collected leaf trait data and soil microbial data at six sites across the latitudinal 

diversity gradient to test a central hypothesis of trait-based ecology, primarily that shifts in plant 

traits associated with decomposition and nutrient availability ramify to influence microbial 

functioning. We found that changes in plant traits not only reflect nutrient limitation across broad 

ecological gradients, but also have important regional effects on biogeochemical processes, 

microclimates, and energy fluxes that influence microbial diversity. Furthermore, changes in 

plant function correspond to changes in bacterial functional traits related to carbon, nitrogen, and 

phosphorus cycling, although only fungal functional traits related to nitrogen cycling change 

across the gradient. Our results represent one of the first comparisons of functional diversity 

within and across bacterial, fungal, and plant communities across a latitudinal gradient. 

Next, we collected leaf functional trait and abiotic data across a 110-year chronosequence 

within a tropical dry forest in Costa Rica. We focused on six leaf functional traits for woody 

plants within 14 plots that have varying times since disturbance in the tropical dry forests of 

Guanacaste, Costa Rica. When we compare species composition and community function, we 

find that older tropical dry forest communities differ significantly from younger forests in 

species composition, above ground biomass, and functional traits. Species in younger forests 

have traits better adapted to hotter temperatures and increased drought. For example, young 

forests are characterized by thicker leaves with higher water use efficiency. In contrast, older 

forests have thinner broader leaves more susceptible to desiccation. Interestingly, in contrast to 
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expectations, variation in these functional traits does not generally change through succession. 

This means that the different species within each community are converging on similar 

functional strategies. Our results also suggest that regenerating tropical dry forests are resilient 

and can be restored within a human lifetime. 

Finally, we evaluated patterns of trait variation within and between three years to 

understand the widely-ignored source of temporal variation associated with seasonality and test 

the assumption that interspecific trait variation exceeds intraspecific variation and the species 

means account for the overall variation of a trait. To do this, we collected leaf data from eight 

species at a local site in Colorado throughout the growing season, over three years, as well as 

extracted data from a global database and made comparisons to assess sources trait variation. We 

found that, although the timing of collection influences one’s ability to capture fine-scale 

processes occurring on short time scales, collecting data locally throughout the growing season 

and across multiple years does not significantly influence species ranking. However, species 

ranking is not conserved for comparisons between local and global databases. This suggests that 

extra care should be taken when applying global data for species-specific studies and that ‘snap-

shot’ sampling designs may over- or underestimate community trait distributions, reducing 

predictability. 

Overall, this body of work extends beyond understanding patterns of species diversity 

through the inclusion of species function. It contributes to our understanding of variation in 

biodiversity across broad ecological gradients and between diverse taxonomic groups, how 

communities assemble via functional traits, and the importance of temporal variation on 

functional traits for detecting fine-scale patterns.  
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Chapter 1. Introduction 

Understanding what drives patterns of species diversity across temporal and spatial scales 

continues to be at the forefront of ecology despite over a century of scientific exploration (von 

Humboldt 1849; Cowles 1911; Kraft et al. 2011). Notwithstanding this broad and intensive area 

of ecological focus, identifying the drivers of these patterns remains difficult due in large to the 

species-centric approach commonly used to identify and link species to their respective habitats 

along environmental gradients and through ecological succession (von Humboldt 1849; Cowles 

1911; Whittaker & Niering 1964; Odum 1969). Although this species-centric approach has 

highlighted important patterns of biodiversity, such as the latitudinal diversity gradient in which 

the number of species increases towards the equator (von Humboldt 1849; Connell 1978; 

Rosenzweig 1995), as well as, the curved peak in species diversity during ecological succession 

where the number of species first increases, reaches a maximum and then decreases through 

succession (Margalef 1963; Odum 1969; Whittaker 1970; Bazzaz 1975), identifying the 

underlying mechanisms driving these patterns remain uncertain (Pianka 1966; Rohde 1992; 

Gaston 2000; Wright 2002).  

The inability of this species-centric approach to link pattern to mechanism has led to a 

shift in community ecology from identifying and categorizing species distributions across 

ecological gradients to understanding the functional role these species have in their given 

environment through the quantification of traits that influence their survival and reproduction 

(Lavorel & Garnier 2002; McGill et al. 2006; Violle et al. 2007). This trait-based approach is 

promising due to its generalizability- that is its ability to scale up from individuals within a 

community to entire ecosystems across broad taxonomic groups and over large ecological 

gradients (Enquist et al. 2015; Shipley et al. 2016). Despite the strengths of trait-based ecology, 
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there are several important foundational assumptions that require further empirical consideration 

(Enquist et al. 2015; Shipley et al. 2016). This study applies a trait-based approach to understand 

the drivers of species diversity gradients through time and space by observing functional traits 

across broad environmental gradients and between diverse taxonomic groups. 

Traits influence ecosystem processes 

A prominent assumption in trait-based ecology is that traits effect ecosystem processes, 

resulting in a generalizable relationship between traits, the environment, and ecosystem function 

across broad environmental gradients and taxonomic groups (Enquist et al. 2015; Shipley et al. 

2016). This has led to an increased focus on characterizing the trait composition of ecological 

communities to understand the processes shaping biodiversity and biogeography (Violle et al. 

2014). In addition, recent studies have shown support for scaling from traits related to the 

resource acquisition-conservation continuum to biogeochemical cycling (Reich & Oleksyn 2004; 

Han et al. 2005; He et al. 2014; Enquist et al. 2015). For example, communities dominated by 

plants with acquisitive traits were associated with faster rates of decomposition and nutrient 

cycling, whereas plants dominated with conservative traits were associated with slower rates 

(Orwin et al. 2010; Bakker, Carreno-Rocabado & Poorter 2011; Lavorel & Grigulis 2012; He et 

al. 2014). Furthermore, plants with acquisitive traits can promote bacterial functional processes 

that correspond to faster rates of decomposition and nutrient cycling, and lower C sequestration 

(Chapin, 1995; Green et al., 2008; Krause et al., 2014). Conversely, plants with conservative 

traits are typically associated with less fertile soils that have slower rates of decomposition and 

nutrient cycling, and promote more fungal-associated functional processes (Reich et al. 1998; 

Grime et al. 2001; Wardle et al. 2004; Wright et al. 2004). Thus, variation in plant functional 

trait composition can inform understanding of plant-microbe interactions and their influence on 
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soil nutrient cycling and decomposition processes across variable environments. This study uses 

the latitudinal diversity gradient to assess a key prediction of trait-based ecology. 

Recasting succession in terms of traits 

The generalizable and predictive ability of the trait-based approach has been proposed to 

understand the mechanisms that maintain diversity gradients by recasting classic ecological 

hypotheses in terms of their trait distributions (Levins 1968; Lavorel & Garnier 2002; McGill et 

al. 2006; Lamanna et al. 2014). For example, ecological succession is a fundamental concept in 

ecology that has historically focused on the changes in species composition over time (Cowles 

1911; Margalef 1963; Odum 1969; Bazzaz 1975). However, with increased anthropogenic 

disturbances, it remains unclear whether secondary forests return to a state in which the plants 

within the community function at the same, or similar capacity, to those within old-growth 

forests. Ecological theory suggests that the environmental conditions following disturbance are 

stressful (Ewel 1980; Murphy & Lugo 1986; Vieira & Scariot 2006). Therefore, directly 

following a disturbance, communities are likely to be characterized by drier and more variable 

soil moisture, higher light levels, increased temperatures, and lower relative humidity acting as a 

filter where only a few species can successfully establish. During succession both biomass and 

ecosystem net primary productivity tend to increase (Odum 1969). Taken together, the shift in 

environmental conditions and resource availability should correspond with a directional shift in 

the mean physiological strategy of individuals within the community (Grime 2006). Over time, 

as environmental conditions improve, more species establish and begin to compete with one 

another for resources resulting in greater differences between species (Lohbeck et al. 2014). The 

study presented in this thesis is one of the first to assess changes in functional trait composition 

during succession for a handful of leaf traits related to resource acquisition-conservation.   
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Intraspecific and interspecific trait variation at different temporal scales 

Another important assumption is that interspecific trait variation is greater than 

intraspecific trait variation, therefore intraspecific trait variation is often ignored and/or reduced 

to a species mean trait value. Consequently, this assumption has resulted in a focus on species 

means within current trait measurement protocols where intraspecific variation is minimized by 

strictly sampling healthy, matured, sun leaves during peak season (Cornelissen et al. 2003; 

Perez-Harguindeguy et al. 2013). Additionally, large trait databases apply trait values collected 

from individuals in one geographical location and apply them to those located in another location 

or even in multiple locations. This use of trait data in addressing numerous ecological, 

evolutionary, and conservation questions implicitly assumes that intraspecific trait variation does 

not matter for the questions being addressed. Indeed, experimental (Hunt 1984; Meziane & 

Shipley 1999a; Meziane & Shipley 1999b) and observational studies (Garnier et al. 2001) have 

provided evidence justifying the use of species mean traits.  Recent studies test the assumption 

that interspecific trait variation exceeds intraspecific trait variation through the species 

ranking/hierarchy hypothesis (Garnier et al. 2001; Kazakou et al. 2014; Romermann et al. 2016).  

According the species ranking/hierarchy hypothesis, species are ranked by their trait value and 

their ranking is maintained, or conserved, if the variation associated with intraspecific variation 

does not significantly change the general relationship, thus interspecific variation exceeds 

intraspecific variation and the use of trait means remains justified (Garnier et al. 2001; Kazakou 

et al. 2014). However, recent studies that have tested the species ranking/hierarchy hypothesis 

have primarily focused on variation at different spatial scales (Albert et al. 2010; Rose et al. 

2013; Kazakou et al. 2014), with relatively few studies assessing the temporal variation 

associated with seasonal (Romermann et al. 2016) or annual variability (Garnier et al. 2001). 
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This study focuses on the role of seasonal and annual variation to quantify patterns of trait 

variability over the growing season, to assess relationships between intraspecific and 

interspecific variation, and to determine if species ranking is conserved across short temporal 

scales and between local and global scales.  

 Taken together, the goal of this study is to assess the variation of functional traits across 

space and time by testing key hypothesis and assumptions of trait based ecology. In Appendix A, 

we test the hypothesis that biogeochemical cycling drives correlated variation in plant and 

microbial functional traits related to growth rates, soil nutrient availability, and decomposition 

rates. Specifically, we evaluated the soil substrate age hypothesis, growth rate hypothesis, as well 

as the adaptive trait continuum hypothesis (Levins 1968; Reich & Oleksyn 2004; Kerkhoff et al. 

2005). In Appendix B, we tested the hypothesis that shifts in resource supply rates during 

succession select for trait combinations that reflect differences along the ‘fast-slow’ continuum 

of plant life history and ecological strategies (Grime 1981; Tilman 1985; Reich 2014). In 

Appendix C, we assess the assumption that trait variation between species is greater than trait 

variation within species by testing the species ranking/hierarchy hypothesis (Garnier et al. 2001). 

By directly testing these hypotheses and assumptions, we are building on the foundation of trait 

based ecology by adding unique datasets from variable and underrepresented biomes (e.g. 

tropical dry forests) and at time scales that are often ignored. 
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Chapter 2. Present Study 

 The introduction, specific questions addressed, methods, results and conclusions of this 

research program are presented as three appended manuscripts. Here, I provide a brief 

description and a summary of the most important findings for each appended manuscript.  

Appendix A: “Functional traits of forest trees and soil microbes across a broad temperature 

gradient” In this study, we test a central assumption of trait-based ecology, specifically that 

shifts in plant traits are associated with shifts in microbial functioning. Specifically, we assess 

whether shifts in diversity are coordinated via key functional traits related to growth rates, soil 

nutrient availability, and decomposition rates. We assess four leaf functional traits related to 

resource acquisition, nutrient availability, and decomposition across the latitudinal diversity 

gradient and show shifts in the leaf functional traits measured across temperature. In addition, 

variation in these traits across the gradient corresponded to the changes in bacterial functional 

traits related to carbon, nitrogen, and phosphorus cycling, and fungal functional traits related to 

nitrogen cycling. 

Appendix B: “Re-growing a tropical dry forest: functional plant trait composition and 

community assembly during succession” This study advances ecologists’ understanding of 

ecological succession by applying a trait-based approach and recasting several foundational 

concepts of succession in terms of traits. This work fills important gaps of knowledge in the 

recovery of tropical forests post disturbance. Further, the focus on tropical dry forests in Costa 

Rica highlights the importance of recognizing and understanding the variation in forest recovery 

via functional traits within this less studied biome. In this study, we apply a mechanistic 

approach to assess community function over time through the measurement of physiological and 

chemical leaf traits that are related to the success of an individual plant. The main objectives of 
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this study were twofold. First, to use a trait-based approach to shed light on the general processes 

driving this successional trajectory. Second, to quantify the influence of stand age on diversity 

via shifts in the community-weighted trait distributions. From a conservation and management 

perspective, the results of this study suggest that topical dry forests are resilient and that the 

plants within the community can return to a functional state comparable to that of the old-growth 

forests observed in this study. These findings are useful for developing a more mechanistic 

understanding of forest succession. 

Appendix C: “Species-ranking and temporal variation of specific leaf area for eight subalpine 

species” This study tests a central assumption of trait-based ecology. Specifically, that the 

species mean trait value captures the majority of variation for a given trait. The main objectives 

of this study were (i) to assess temporal patterns of a commonly measured trait, specific leaf area 

(SLA), both seasonally and annually; (ii) determine if interspecific variability exceeded 

intraspecific variability for SLA within and between years; and (iii) to ascertain whether species 

rankings remained conserved at different temporal scales and between locally collected and 

globally collected data. Despite variation within and between years, interspecific variability was 

higher than intraspecific variability and species ranking remained conserved for locally collected 

data. However, species rankings were not conserved for comparisons between locally collected 

data and trait data extracted from the global database, violating a central assumption of trait-

based ecology. Overall, these findings suggest that intraspecific variation is important at local 

scales and that extra caution should be used when applying species mean trait data from global 

databases. 
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A prominent assumption in trait-based ecology is that traits affect ecosystem 

processes. Therefore, there should be a generalizable relationship between traits, the 

environment, and ecosystem function across broad taxonomic groups and over large 

ecological gradients1-6. Here we assess prominent hypotheses for trait-based ecology by 

quantifying community functional traits for plants, bacteria, and fungi across a broad 

gradient in latitude and temperature. Specifically, we assess whether shifts in microbial 

functional traits are coordinated via key leaf functional traits related to growth rates, soil 

nutrient availability and decomposition rates7. Our results support the (i) soil substrate age 

hypothesis8 and the (ii) growth rate hypothesis9, whereby nutrient limitation and/or kinetic 

effects of temperature on growth result in increased leaf N:P with temperature, as well as 

the (iii) adaptive trait continuum hypothesis, which proposes that diversity gradients reflect 

shifts in phenotypic optima10. Mean annual temperature was associated with shifts in plant 

functional traits related to resource acquisition and nutrient availability. Variations in 

these traits across the temperature gradient corresponded to changes in bacterial 

functional traits related to carbon (C), nitrogen (N) and phosphorus (P) cycling, and fungal 

functional traits related to N cycling. Our findings are important for understanding how 

biogeochemical processes structure diversity gradients. 

Trait-based approaches offer promise of a more mechanistic ecology capable of 

predicting the response of species and ecosystems to environmental change11- 13. The trait 

composition of ecological communities is increasingly used to understand the processes shaping 

biodiversity and biogeography 14. The distributions of plant functional traits are important to 

rates of nutrient uptake15, litter decomposition15,16 and ecosystem productivity3,17. However, a 

central question remains – do shifts in plant traits ramify to influence ecosystem processes?13,18-20 
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As microbes underlie ecosystem nutrient cycling and characterize a significant component of 

life’s functions, a key prediction of trait-based ecology is that shifts in plant traits should be 

associated with shifts in microbial function. Thus, a key untested step in trait-based ecology is to 

link shifts in climate, plant traits, and microbial traits to ecosystem functioning12.  

Recent, studies have shown that traits related to the plant resource acquisition-

conservation continuum may scale up to influence ecosystem-level C, N, and P cycling6,8,21,22. 

For example, communities dominated by acquisitive plant traits (e.g. high specific leaf area 

(SLA) and nitrogen-rich leaves) were associated with overall faster rates of decomposition and 

nutrient cycling, whereas those dominated by conservative plant traits (e.g. low-SLA and 

nitrogen-poor leaves) were associated with overall slower rates18,22-24. Furthermore, acquisitive 

traits can promote bacterial functional processes that correspond to faster rates of decomposition, 

nutrient cycling, and slower rates of C sequestration. Conversely, conservative traits are typically 

associated with less fertile soils that have slower rates of decomposition and nutrient cycling25-27. 

Additionally, colder and/or shorter growing seasons are expected to select for leaf traits that 

buffer leaf temperatures relative to air temperatures and promote increased rates of net 

photosynthesis and plant growth9,28,29. Thus, variation in plant functional trait composition can 

inform understanding of plant-microbe interactions and their influence on soil nutrient cycling 

and decomposition processes across a broad temperature gradient (Fig. 1). 

In this study, we quantify plant and microbial functional traits to assess proposed 

mechanisms underlying shifts in species assemblages across temperature. We examined 19 

bacterial traits and 13 fungal traits from 126 soil microbial communities (Extended Data Table 1) 

and four plant leaf traits from 30 vegetative plots at six sites spanning a large latitudinal gradient 

of temperature and precipitation (Extended Data Fig. 1). These data were used to evaluate the 
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overarching hypothesis that biogeochemical cycling drives correlated variation in plant and 

microbial functional traits. Specifically, we assess three prominent hypotheses for how 

environmental variation may drive variation in plant and microbial functional traits across 

temperature: the soil-substrate age hypothesis, the growth rate hypothesis, and the adaptive trait 

continuum hypothesis. 

First, we assess two hypotheses that predict a shift in plant nutrient content across latitude 

and temperature. The soil-substrate age hypothesis posits that tropical soils are P-limited as a 

result of increased leaching due to high rainfall and old soil age, whereas higher-latitude soils are 

N-limited8,30. Additionally, the growth-rate hypothesis states that selection to counteract the 

kinetic effects of temperature on growth would select for more leaf P relative to leaf N in 

increasingly colder environments9,31. Both hypotheses would predict an increase in plant tissue 

N:P with increases in latitude and temperature. Building on the growth rate hypothesis, 

Michaletz et al.28,29 used energy budget theory to hypothesize that across broad temperature 

gradients, natural selection acts on leaf thermal traits, such as specific leaf area (SLA), to 

maintain a relative homeostasis of leaf temperatures near their photosynthetic optima28,29. Thus, 

covariation in SLA along air temperature gradients can help modulate variation in leaf 

temperatures to maximize rates of leaf net photosynthesis. 

Our results generally support these hypotheses. We observe that the community weighted 

mean leaf N:P ratio increased with mean annual temperature (MAT) (Fig. 2a; r2 = 0.649, P = 

0.05) and latitude (r2 = 0.681, P = 0.04). Interestingly, four of the six sites had values of N:P 

greater than 16, suggesting that most sites may be more phosphorus limited than nitrogen 

limited. Furthermore, we examined leaf ẟ15N as an integrative measure of total N cycling, where 

high leaf ẟ15N corresponds to greater N availability and N-fixing microbial associations8,32,33. 
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Leaf ẟ15N increased significantly with temperature (r2 = 0.882, P = 0.0005; Fig. 2b). Higher leaf 

SLA and lower leaf C:N also characterize leaf litter quality and reflect the evolutionary tradeoffs 

in growth strategies related to the slow-to-fast growth continuum23,25,26. Finally, our results also 

show that SLA increases and C:N ratio decreases with temperature, shifting from more 

conservative, thick, dense leaves in more variable climates to more acquisitive, thin, less dense 

leaves in more stable climates (r2 = 0.691, P = 0.04 and r2 = 0.918, P = 0.002; Figs. 2c and 2d).  

Variation in leaf traits directly affects soil substrate quality, which in turn influences 

microbial activity and biogeochemical processes20. To assess relationships between each plant 

trait and all microbial traits for both bacteria and fungi, the slope between each plant and 

microbial trait was calculated (Extended Data Table 2) and used in a PCA (Fig. 3a). This PCA 

identified one axis of variation explaining 99% of the variation (PC1) between plant and 

microbial traits. PC1 was primarily associated with positive relationships of microbial traits to 

leaf N:P, SLA and ẟ15N, and negative relationships to leaf C:N (Fig. 3b, c).  

 Second, we tested the adaptive trait continuum hypothesis, which proposes that observed 

shifts in species richness across environmental gradients reflect selection on variation in 

phenotypic optima and ultimately trait distributions10,34. Thus, changes in abiotic and biotic 

factors along the latitudinal diversity gradient should drive shifts in the multivariate trait 

distribution for plants, bacteria, and fungi10,34. To evaluate this hypothesis, we examined 

relationships between variation in microbial and plant functional traits. First, to assess potential 

shifts in multivariate trait space for bacterial and fungal functional traits, we conducted separate 

PCAs for C-, N-, and P-related functional traits using community weighted means (CWM). In 

these analyses, PC1 accounted for 62%, 49%, and 72% of the variation in bacterial C-, N-, and 

P-related traits, and 58%, 50%, and 75% of the variation in fungal C-, N-, and P-related traits, 
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respectively. Second, we conducted PCA using CWM trait values for the four plant functional 

traits. PC1 explained 74% of the variation between leaf traits. PC1 for each of the C-, N-, and P-

related CWM microbial traits was then regressed on PC1 of the plant functional traits. Variation 

in plant functional traits was a strong predictor of variation in bacterial C traits (r2 = 0.757, P = 

0.024; Fig. 4a), bacterial N traits (r2 = 0.872, P = 0.006; Fig. 4c), and bacterial P traits (r2 = 

0.912 P = 0.003; Fig. 4e). Variation in plant functional traits was not a significant predictor of C- 

or P-related fungal traits (r2 = 0.228, P = 0.339 and r2 = 0.320, P = 0.242, respectively; Figs. 4b 

and 4f), but was a strong predictor of variation in fungal N-related traits (r2 = 0.699, P = 0.038; 

Fig. 4d). These results illustrate that shifts in plant functional traits across latitudinal temperature 

gradients are strong predictors of variation in microbial functional traits. These results are 

consistent with the adaptive trait continuum hypothesis, as well as with our hypothesis that 

biogeochemical cycling drives correlated variation in plant and microbial functional traits.  

The main objectives of this study were to assess a central hypothesis of trait-based 

ecology – namely that shifts in plant traits associated with decomposition and nutrient 

availability ramify to influence microbial functioning. Specifically, we tested the (i) soil 

substrate age hypothesis, (ii) the growth rate hypothesis, and (iii) adaptive trait continuum by 

assessing whether shifts in leaf traits are ultimately related to temperature, soil substrate 

availability, and biogeochemical processes. We documented shifts across the temperature 

gradient in the multivariate trait distribution for plants, bacteria and fungi that ultimately reflect 

changes in organismal function34. Overall, our results suggest that the observed shifts in leaf 

functional trait distributions correspond to the availability of key nutrients important for cellular 

processes, development, growth, and reproduction. The observed shift in leaf N:P supports the 

soil substrate age hypothesis, suggesting that N-limitation in temperate regions and P-limitation 
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in tropical ecosystems are important drivers of latitudinal variation in leaf chemical traits. The 

shift in nutrient availability was further supported by an observed increase in ẟ15N with 

temperature, suggesting tropical ecosystems are more nutrient rich with higher rates of 

decomposition (decrease in C:N) and more acquisitive plant traits (increase in SLA)33. Changes 

in plant traits not only reflect nutrient limitation across broad ecological gradients, but also have 

important regional effects on biogeochemical processes, microclimates, and energy fluxes that 

influence microbial diversity13,18,19,35,36.  

Since plant traits directly influence soil nutrient availability, changes in leaf traits across 

the temperature gradient drive patterns of bacterial functional traits. Our results show that 

changes in plant function correspond to changes in bacterial functional traits related to C, N, and 

P cycling. Furthermore, plant function correlates with fungal functional traits related to N 

cycling, suggesting that mycorrhizal associations may correspond with limitations in N 

availability. We find an increase in ectomycorrhizal (ECM) associations in temperate regions 

which would facilitate decomposition of the more recalcitrant leaf litter associated with slow-

conservative leaf traits37-40 (Extended Data Table 3). However, plant function did not correspond 

with changes in fungal traits related to C and P, suggesting that abiotic factors, such as soil 

chemistry may have a stronger influence on patterns of variation for these fungal traits (Extended 

Data Table 4 and 5). 

This study focused on four plant traits related to variation in leaf litter inputs, but other 

studies have shown that plants also influence biogeochemical processes beyond leaf litter 

through root turnover and microclimate7,20,36. Our results represent one of the first comparisons 

of functional traits within and across bacterial, fungal and plant communities across a latitudinal 

gradient. Although several challenges remain in fully comparing patterns of functional traits 
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across taxonomic groups, including limits to species identifications of microbes, our findings 

highlight the mechanisms that help shape biodiversity across temperature and further increase 

our understanding of the main drivers that structure and maintain diversity gradients. 

Methods 

Study System. We collected data from six forest sites along a broad temperature and laditudinal 

gradient from 9-44 °N (Extended Data Fig. 1a). Five sites are part of the NSF Long-Term 

Ecological Research (LTER) network: Niwot Ridge, Colorado (NWT); Harvard Forest, 

Massachusetts (HFR); H. J. Andrews, Oregon (AND); Coweeta, North Carolina (CWT); 

Luquillo, Puerto Rico (LUQ). The sixth site, Barro Colorado Island, Panama (BCI) is 

administered by the Smithsonian Institution and represents one of the tropical communities. The 

selected sites characterize variation from temperate to tropical forest ecosystems, and span broad 

climate gradients, with mean annual temperatures ranging from 2.5 to 25.7 °C and mean annual 

precipitation ranging from roughly 500 to 3100 mm (Extended Data Fig. 1b). Hourly air 

temperature and precipitation were collected from the nearest weather stations at each site and 

averaged over the year. At each of these locations, a permanent 25-hectare plot was established 

from which all sampling for woody plants and soil microbes occurred. Each 500 x 500 m (25 ha) 

plot was oriented north (Extended Data Fig. 2a). Within each plot, we established five 0.1 ha 

‘Gentry’ style vegetative plots that consisted of five 100 m by 2 m transects and 21 square meter 

soil plots.  Each 100 m transect of the vegetative plots was divided into two 50 m segments and 

was separated by 8 m from the next 100 m transect, so that each ‘Gentry’ plot was located within 

a 42 m by 100 m area (Extended Data Fig. 2b). The 21-1 m2 soil plots were laid out on 

perpendicular transects (Extended Data Fig. 2c) with plots adjacent to 1, 10, 50, 100 and 200 m 

in each cardinal direction from a central 1 m2 plot. During the fall of 2011 and spring on 2012, 
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all woody vegetation greater than 1 cm at ground height was measured, identified, and tagged. At 

each site, we also collected and homogenized 9 surface-soil cores (~10 cm depth, Oakfield 

Apparatus Company model HA) from 21 individual square meter plots in the summer of 2012.   

Plant Functional Traits. We collected five leaves from at least two individuals of the five most 

basally abundant species in each plot at each site.  For each leaf, the fresh leaf area was measured 

using flatbed scanner and the area was calculated using image analysis software ImageJ. Leaves 

were then dried in a drying oven for a minimum of 72 hours at 60°C before the final dry mass 

was weighed. Leaves were then transported dry to the University of Arizona where they were 

placed again into a drying oven and ground into a fine homogenous powder for leaf 

stoichiometry and isotope assays. Total phosphorus concentration was determined using 

persulfate oxidation followed by the acid molybdate technique (APHA 1992) and phosphorus 

concentration was then measured colorimetrically with a spectrophotometer (ThermoScientific 

Genesys20, USA). Stable nitrogen isotope (δ15N), carbon, and nitrogen concentrations were 

measured by the Department of Geosciences Environmental Isotope Laboratory at the University 

of Arizona on a continuous-flow gas-ratio mass spectrometer (Finnigan Delta PlusXL) coupled 

to an elemental analyzer (Costech). Samples of 1.0 mg (+/- 0.2 mg) were combusted in the 

elemental analyzer. Standardization is based on acetanilide for elemental concentration, NBS-22 

and USGS-24 for δ13C, and IAEA-N-1 and IAEA-N-2 for δ15N. Precision is at least ± 0.2 for 

δ15N (1s), based on repeated internal standards. Finally, missing species data were filled from 

the Botanical Information and Ecology Network (BIEN) database 

(http://bien.nceas.ucsb.edu/bien/). We used four traits related to resource acquisition, nutrient 

availability and biogeochemical cycling to characterize plant functional diversity: specific leaf 

area (SLA), stable N isotope (ẟ15N), leaf N:P ratio, and leaf C:N ratio12,25. SLA is defined as the 
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light-capturing surface area per unit of dry mass (m2/kg)41,42. SLA has been shown to correlate 

with net photosynthetic capacity, leaf longevity, relative growth rate, litter decomposition and 

nutrient cycling3,6,41,43. Stable nitrogen isotope (ẟ15N, ‰) describes the ratio of 15N to 14N within 

foliar tissue32. Leaf ẟ15N has been used as an integrative measure of N cycling33. Variation in the 

ratio of 15N and 14N provides information on the differences in nitrogen acquisition and origin 

nitrogen. Furthermore, it has been shown to be positively correlated with nitrogen fixing 

microbial associations44. Leaf N:P reflects shifts in the allocation of N towards rubisco for 

photosynthesis and P towards rRNA for protein synthesis and has been shown to decrease with 

latitude8,9. Leaf C:N reflects shifts between carbohydrates and protein in leaf tissue and is a good 

predictor of decomposition rates45-47. Trait data were compiled for the most abundant species in 

each plot. To be consistent with methods used for microbial analyses, observations for multiple 

species within each genus were averaged to create a genus-level mean trait value for each plot. 

This only occurred when multiple measurements per species per genus were available.  

Sequencing Methods. Community DNA was extracted from five grams of mixed soils from nine 

sampling cores pooled from each one meter squared plot. Specific PCR was performed to 

amplify soil community DNA using primers of the V4 region of 16S ribosomal RNA (rRNA) 

genes for bacteria with removed chimeras via Chimera Slayer48 and internal transcribed spacer 

(ITS) between 5.8S and 28S rRNA genes for fungi. PCR amplicons were sequenced by an 

Illumina MiSeq sequencer. Pair-end sequences were joined with FLASH49. Sequences were 

resampled and OTUs were obtained by UCLUST at the 97% sequence identity50. The 

bacterial/archaeal OTU taxonomy was assigned using BLAST against the Greengenes imputed 

core reference alignment data-base (02/2014)51 using PyNAST52. The alignments were then used 

to construct an approximately maximum-likelihood phylogenetic tree with Jukes-Cantor distance 
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using FastTree53 after removing gaps and hypervariable regions using a Lane mask. Taxonomic 

identity of each representative sequence was determined using the RDP Classifier54, and 

chloroplast, mitochondria and archaeal sequences were removed. In addition, singletons detected 

solely in one of the subsamples were discarded prior to the statistical analyses to remove noise 

from the data set.  

Mycorrhizal Associations. Mycorrhizal associations were categorized using Wang and Qiu 

(2006) for trees and Nguyen et al. (2016) for fungi55,56. Mycorrhizal associations included 

arbuscular mycorrhiza (AM), ectomycorrhiza (ECM), ericoid mycorrhiza (ERM, trees only), and 

their combinations. Percent was calculated based on taxon abundance for AM, ECM, and all 

mycorrhiza (Extended Data Table 3). 

Analysis. All analyses were performed using the statistical software R. To determine the 

functional responses driving patterns of functional traits across temperature, we calculated 

abundance weighted community level trait metrics using genus abundances in each plot6. The 

community-weighted mean (CWMjk) was calculated at both the plot level and the site level for 

all traits to allow for direct comparison across taxa with differing numbers of plots per site. 

CWMjk was calculated for each site k for each trait j as: 

CWMjk=Σɸikʎik 

where ɸik is the relative abundance of taxa i in site k, ʎik is the trait mean of taxa i in site k. 

CWMjl was calculated for each plot l for each trait j as: 

CWMjl=Σɸilʎil 
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where ɸil is the relative abundance of taxa i in plot l, ʎil is the trait mean of taxa i in plot l. This 

metric is commonly used in trait-based community ecology in plants, but has never been applied 

to microbial communities. To apply it to microbial communities, we make three general 

assumptions (Box 1). If GeoChip data can be defined as gene abundance per gene per taxa per 

sample, then our first assumption is that GeoChip data correspond to microbial functional 

capacity ranging from low to high. If the presence of a functional gene has a low occurrence 

value obtained using GeoChip then that taxon has a low capacity for expressing that function. 

Second, most taxa have one gene per function. Third, 16S and ITS are good measures of taxon 

abundance. 

To evaluate the relationships between leaf functional traits and mean annual temperature, 

the mean and standard deviation were calculated for all five plots per site using the dplyr 

package and a linear regression was performed using the lm function in base R. Next slopes 

describing the relationships of each plant trait to each microbial trait were calculated using the lm 

function and principal component analysis (PCA) was conducted on the standardized CWMjk 

data using the rda function within the vegan package. The scores for PC1 and PC2 were plotted 

against one another to assess whether microbial traits grouped together by taxonomic group, 

nutrient cycling type, or both. Correlation coefficients of plant traits to PC1 and PC2 were 

calculated from the PCA loadings multiplied by the standard deviation and then plotted on 

Figure 2a to show the direction of the relationship for each plant trait. The envfit function within 

the vegan package was used to assess significance of each plant trait, where r2 is calculated as the 

correlation coefficient squared and the significance, Pr (>r2), is based on a permutation test 

(Extended Data Table 6). To evaluate the relationship between leaf functional traits and 

microbial functional traits, PCA was conducted on the CWMjl standardized trait data using the 
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rda function separately for C-, N-, and P-related microbial traits for each of the 120 soil plots, 

along with the four leaf traits for each of the five vegetative plots per site. The number of 

significant ordination axes was determined using the PCAsignificance function of the 

BiodiversityR package. To evaluate the relationships between PC1 for leaf functional traits and 

PC1 for microbial C-, N-, P-related traits, the mean and standard deviation were calculated for 

the five vegetative plots and 21 soil plots per site using the dplyr package and linear regression 

was performed using the lm function in base R.    
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Figure 1 | Coordinated trade-offs in plant functional traits and their relation to microbial 

and ecosystem processes. Ambient air temperature is a primary environmental driver that varies 

across latitude with cooler temperatures represented in the cool colors on the left and warmer 

temperatures on the right.  Plant functional traits: SLA, specific leaf area; C:N Ratio, leaf carbon 

to nitrogen ratio; ẟ15N, leaf nitrogen isotope; N:P Ratio, nitrogen to phosphorus ratio; (N:P 

Ratio). Nutrient cycling processes: C, carbon; N, nitrogen; P, phosphorus. 
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Figure 2 | Shifts in community weighted leaf traits that influence soil substrate availability 

for 30 vegetative plots at six sites spanning a broad temperature and latitudinal Gradient. 

a, Leaf N:P ratio as a function of mean annual temperature in degrees Celsius (MAT). b, Leaf 

nitrogen isotope (ẟ15N) as a function of MAT. c, Specific leaf area (SLA) as a function of MAT. 

d, Leaf C:N ratio as a function of MAT. Dashed blue line, linear regression for marginally 

significant relationships (p < 0.06). Solid blue line, linear regression for significant relationships 

(p < 0.05). AND, HJ Andrews Experimental forest; BCI, Barro Colorado Island; CWT, Coweeta 

LTER; HFR, Harvard Forest; LUQ, Luquillo LTER; NWT, Niwot Ridge LTER. 
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Figure 3 | Plant-microbial functional trait relationships. a, Principal component scores for 

each microbial trait, calculated by the PCA of slopes describing the relationships of plant traits to 

microbial traits. b, c Correlation coefficients of plant traits to (b) PC1 and (c) PC2 identified by 

(a) PCA. The position of the microbial trait along each PCA axis reflects both the strength and 

direction of its relationship to the plant traits most strongly associated with that axis. Circles, 

bacterial traits; triangles, fungal communities; red, C-cycling traits; green, N-cycling traits; blue, 

P-cycling traits; *, p-value < 0.05.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 



38 
 

Figure 4 | Plant-microbial functional traits. a,c,e, Principal component 1 (PC1) from the 

principal component analysis of bacterial functional traits related to C, N, and P as a function of 

PC1 from the principal component analyses of plant traits. b,d,f, PC1 from the principal 

component analysis of fungal functional traits related to C, N, and P as a function of PC1 from 

the principal component analysis of plant traits. Blue line, linear regression for significant 

relationships (p < 0.05). AND, HJ Andrews Experimental forest; BCI, Barro Colorado Island; 

CWT, Coweeta LTER; HFR, Harvard Forest; LUQ, Luquillo LTER; NWT, Niwot Ridge LTER. 
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Extended Data Table 1 | Microbial functional traits broken down by carbon, nitrogen, or 

phosphorus category and further noted with their associated subcategories. Whether the trait is 

present in bacteria, fungi or both is noted along with the total number of probes used per trait, 

and the total number of taxa detected per trait. 

 

 

 

Category Subcategory 1 Subcategory 2 Traits Present 

Number 

of 

GeoChip 

probes 

Total taxa 

per trait 

Nitrogen 
Nitrogen 

Fixation  
nifH Bacteria 1331 131 

Nitrogen Ammonification 
 

gdh Bacteria 396 113 

Nitrogen Ammonification 
 

ureC Both 562 212 

Nitrogen Denitrification 
 

nirS Bacteria 459 18 

Nitrogen Denitrification 
 

nirK Both 336 32 

Nitrogen Denitrification 
 

nosZ Bacteria 651 94 

Phosphorus 
Phosphorus 

synthesis  
ppk Bacteria 483 134 

Phosphorus 
Phosphorus 

degradation  
ppx Both 1450 378 

Phosphorus 
Phylic acid 

hydrolysis  
phytase Both 235 70 

Carbon Carbon fixation 
 

rubisco Bacteria 470 124 

Carbon Carbon fixation 
 

codh Bacteria 319 70 

Carbon Carbon fixation 
 

pcc Bacteria 505 142 

Carbon 
Carbon 

degradation 
Lignin ligninase Fungi 22 8 

Carbon 
Carbon 

degradation 
Lignin mnp Fungi 63 19 

Carbon 
Carbon 

degradation 
Lignin phenol oxidase Both 560 88 

Carbon 
Carbon 

degradation 
Cellulose endoglucanase Both 446 111 

Carbon 
Carbon 

degradation 
Cellulose exoglucanase Both 219 52 

Carbon 
Carbon 

degradation 
Cellulose cellulobiase Both 721 162 

Carbon 
Carbon 

degradation 
Hemicellulose xylanase Both 803 143 

Carbon 
Carbon 

degradation 
Hemicellulose ara Both 715 148 

Carbon 
Carbon 

degradation 
Pectin rgl Both 289 62 
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Extended Data Table 2 | Slopes describing relationships of each plant trait to each microbial trait. 

Bold, P < 0.05.    

Traits SLA Leaf C:N Ratio 

Leaf N:P 

Ratio Leaf d15N 

Bacterial traits related to carbon cycling 

  ara -0.15 11.81 -0.15 -0.45 

cellobiase -0.13 11.96 -0.14 -0.49 

codh -0.18 12.25 -0.11 -0.49 

endoglucanase -0.24 18.81 -0.20 -0.73 

exoglucanase -0.01 0.07 0.00 -0.01 

pcc -0.30 22.32 -0.23 -0.88 

phenol 

oxidase 0.01 -2.42 0.04 0.08 

rgl -0.07 5.39 -0.07 -0.21 

rubisco -0.25 20.22 -0.23 -0.78 

xylanase -0.17 13.88 -0.17 -0.53 

Bacterial traits related to nitrogen cycling 

  gdh -0.06 3.58 -0.02 -0.15 

nifh -0.09 8.67 -0.07 -0.35 

nirk -0.01 0.44 0.00 -0.02 

nirs 0.00 0.27 0.00 -0.01 

nosz -0.01 -0.10 0.01 -0.01 

ureC -0.36 27.23 -0.30 -1.07 

Bacterial traits related to phosphorus cycling 

  phytase -0.02 1.02 -0.01 -0.05 

ppk -0.18 12.18 -0.09 -0.49 

ppx -0.35 25.25 -0.24 -0.99 

Fungal traits related to carbon cycling 

  ara 0.03 -3.77 0.06 0.15 

cellobiase 0.01 -1.75 0.03 0.07 

endoglucanase 0.01 -1.87 0.04 0.08 

exoglucanase 0.03 -3.04 0.04 0.13 

ligninase 0.00 -0.14 0.00 0.01 

mnp 0.00 0.21 0.00 -0.01 

phenol 

oxidase 0.05 -1.25 0.02 0.05 

rgl 0.00 -1.30 0.02 0.06 

xylanase 0.01 -1.76 0.03 0.07 

Fungal traits related to nitrogen cycling 

  nirk 0.05 -4.64 0.06 0.19 

ureC -0.01 -0.61 0.02 0.03 

Fungal traits related to phosphorus cycling 

  phytase 0.01 -1.55 0.03 0.07 

ppx 0.03 -1.69 0.01 0.08 
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Extended Table 3 | Mycorrhizal associations of ectomycorrhiza (ECM) and arbuscular 

mycorrhiza (AM) for plants and fungi for each site. Percent was calculated as the total 

abundance of all taxa within a given guild divided by all taxa in each site. All mycorrhizal 

associations were summed and the percent of total mycorrhiza to no observed mycorrhizal 

association were calculated and recorded as percent symbiont.     

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Site Percent ECM Percent AM Percent Symbiont

Plants

H.J. Andrews LTER (AND) 37.8% 28.4% 96.1%

Barro Colorado Island (BCI) 0.0% 20.8% 25.2%

Coweeta LTER (CWT) 16.6% 13.4% 88.8%

Harvard Forest LTER (HFR) 77.5% 12.2% 99.1%

Luquillo LTER (LUQ) 0.0% 29.0% 29.3%

Niwot Ridge LTER (NWT) 99.1% 0.0% 100.0%

Fungi

H.J. Andrews LTER (AND) 16.3% 0.136% 18.5%

Barro Colorado Island (BCI) 2.5% 0.184% 3.2%

Coweeta LTER (CWT) 18.5% 0.059% 20.0%

Harvard Forest LTER (HFR) 48.4% 0.010% 49.1%

Luquillo LTER (LUQ) 6.8% 0.427% 9.6%

Niwot Ridge LTER (NWT) 22.1% 0.008% 24.7%
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Extended Table 4 | Linear and multiple regressions of PC1 for plant and microbial trait data with 

abiotic variables. Red, stepwise model selected. Bold, P < 0.05. 

 

 

 

 

 

Extended Table 5 | Linear regressions comparing plant and microbial carbon (C), nitrogen (N), 

and phosphorus (P). Linear regressions comparing total soil C and total N with C and N traits for 

both plant and microbes, as well as total soil C:N ratio with leaf C:N ratio. Bold, P < 0.05. 

 

 

 

 

 

AICc R-squared AICc R-squared AICc R-squared AICc R-squared AICc R-squared AICc R-squared AICc R-squared

PC1 ~ MAT 10.901 0.970 34.711 0.816 31.559 0.723 27.745 0.811 44.361 -0.041 32.845 0.274 34.044 0.211

PC1 ~ MAP 23.340 0.761 36.389 0.756 35.896 0.429 30.492 0.701 45.096 -0.177 34.423 0.056 36.076 -0.106

PC1 ~ pH 30.310 0.236 39.853 0.566 38.808 0.071 37.615 0.020 40.869 0.418 30.764 0.487 29.479 0.632

PC1 ~ MAT+ MAP 40.250 0.964 64.229 0.774 60.026 0.714 57.666 0.751 73.270 -0.157 61.912 0.172 58.716 0.567

PC1 ~ MAT+ pH 40.120 0.965 56.769 0.935 61.554 0.631 57.387 0.763 70.861 0.225 59.832 0.414 59.057 0.542

PC1 ~ pH+ MAP 51.630 0.760 49.1033 0.982 65.486 0.289 60.427 0.606 70.661 0.251 60.461 0.349 59.363 0.518

PC1 ~ MAT + pH + MAP Inf 0.951 Inf 0.983 Inf 0.580 Inf 0.645 Inf -0.006 Inf 0.214 Inf 0.924

Fungal N Traits Fungal P Traits
Model

Plant Traits Bacterial C Traits Bacterial N Traits Bacterial P Traits Fungal C Traits

Model R-squared P-value

Leaf C Content x Bacterial C Traits 0.729 0.031

Leaf N Content x Bacterial N Traits 0.385 0.189

Leaf P Content x Bacterial P Traits 0.074 0.602

Leaf C Content x Fungal C Traits 0.354 0.213

Leaf N Content x Fungal N Traits 0.096 0.55

Leaf P Content x Fungal P Traits 0.069 0.615

Leaf C Content x Total Soil C 0.209 0.363

Leaf N Content x Total Soil N 0.005 0.897

Leaf C:N Ratio x Total Soil C:N Ratio 0.457 0.14

Total Soil C x Bacterial C Traits 0.447 0.147

Total Soil N x Bacterial N Traits 9.74E-05 0.985

Total Soil C x Fungal C Traits 0.331 0.233

Total Soil N x Fungal N Traits 0.105 0.532
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Extended Table 6 | Correlation coefficients of plant traits to PC1 and PC2 identified by PCA of 

slopes describing the relationship of plant traits to microbial traits. Multiple regression of plant 

trait data with the first two ordination axes PC1 and PC2. A permutation test is used to test for 

significance. Bold, P < 0.05. 

Trait          PC1          PC2 

          

r2 

         

Pr(>r) 

Bacteria  PC1(99%) PC2(0.8%) 

  SLA 0.9934 0.107 0.998 0.001 

 

C:N 

Ratio -0.9996 -0.011 0.999 0.001 

 

N:P 

Ratio 0.9891 -0.146 0.999 0.001 

 

Leaf 

d15N 0.9989 0.027 0.999 0.001 

     

Fungi PC1(85%)  PC2(13%) 

  SLA -0.7712 -0.633 0.996 0.001 

 

C:N 

Ratio 0.9892 -0.105 0.989 0.001 

 

N:P 

Ratio -0.9253 0.327 0.963 0.001 

 

Leaf 

d15N -0.9874 0.083 0.982 0.001 

 

Both PC1(99%) PC2(0.6%) 

  SLA 0.9941 0.102 0.999 0.001 

 

C:N 

Ratio -0.9996 -0.003 0.999 0.001 

 

N:P 

Ratio 0.9927 -0.118 0.999 0.001 

 

Leaf 

d15N 0.9992 0.013 0.999 0.001 
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Extended Data Figure 1 | Six sites spanning a broad temperature and latitudinal gradient. (a) 

Mean annual temperature (MAT) in degrees Celsius overlaid using the MAT climate layer from 

BioClim. (b) Based on Whittaker's classic graph, the six sites are superimposed on the plot of 

MAT and mean annual precipitation.   

 

 

Extended Data Figure 2 | Diagram of sampling design. a) 25ha plot. b) Zoom in of 1 of the 5 

Gentry style vegetative plots consisting of 10 transects that are 50m by 2m arranged south to 

north. c) Zoom in of the center arrangement of the microbial soil plots. Red dots represent the 21 

microbial plots that are 1m2.  

 



45 
 

Box 1. Community weighted microbial functional traits. 
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APPENDIX B:  

Re-growing a tropical dry forest: functional plant trait composition and community 

assembly during succession 

 

Published as:  

Buzzard, V., Hulshof, C.M., Birt, T., Violle, C., Enquist, B.J., 2015. Re-growing a tropical 

forest: functional plant trait composition and community assembly during succession. Functional 

Ecology. 30, 1006–1013.  
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Summary  

1. A longstanding goal of ecology and conservation biology is to understand the environmental 

and biological controls of forest succession. However, the patterns and mechanisms that guide 

successional trajectories, especially within tropical forests, remain unclear.  

2. We collected leaf functional trait and abiotic data across a 110-year chronosequence within a 

tropical dry forest in Costa Rica. Focusing on six key leaf functional traits related to resource 

acquisition and competition, along with measures of forest stand structure, we propose a 

mechanistic framework to link species composition, community trait distributions and forest 

structure. We quantified the community-weighted trait distributions for specific leaf area, leaf 

dry matter concentration, leaf phosphorus concentration, leaf carbon to nitrogen ratio and leaf 

stable isotopic carbon and nitrogen. We assessed several prominent hypotheses for how these 

functional measures shift in response to changing environmental variables (soil water content, 

bulk density and pH) across the chronosequence.  

3. Increasingly, older forests differed significantly from younger forests in species composition, 

above-ground biomass and shifted trait distributions. Early stages of succession were uniformly 

characterized by lower values of community-weighted mean specific leaf area, leaf stable 

nitrogen isotope and leaf phosphorus concentration. Leaf dry matter concentration and leaf 

carbon to nitrogen ratio were lower during earlier stages of succession, and each trait reached an 

optimum during intermediate stages of succession. The leaf carbon isotope ratio was the only 

trait to decrease linearly with increasing stand age indicating reduced water use efficiency in 

older forests. However, in contrast with expectations, community-weighted trait variances did 

not generally change through succession, and when compared to null expectations were lower 

than expected.  
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4. The observed directional shift in community-weighted mean trait values is consistent with the 

‘productivity filtering’ hypothesis where a directional shift in water and light availability shifts 

physiological strategies from ‘slow’ to ‘fast’. In contrast with expectations arising from niche 

based ecology, none of the community trait distributions were over-dispersed. Instead, patterns 

of trait dispersion are consistent with the abiotic filtering and/or competitive hierarchy 

hypotheses. 
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Introduction 

Most of the world’s remaining tropical forests are secondary forest (Wright 2005). 

Tropical dry forests (TDFs) are no exception: they currently occupy 42% of all forested tropical 

regions throughout the world but today less than 2% of TDFs remain intact (Janzen 1987; 

Quesada et al. 2009). The conversion of this ecosystem is a result of a long history of human 

land use. Without a clear understanding of the mechanisms driving forest succession, correctly 

predicting the successional trajectories for how communities and ecosystems recover from 

disturbance remains difficult (Prach & Walker 2011), especially when applied to these less 

studied TDF biomes (Martin, Blossey & Ellis 2012; but see Becknell & Powers 2014). Indeed, 

successional trajectories based on species composition alone are rarely predictable (Suding, 

Gross & Houseman 2004; Zhou et al. 2014; Norden et al. 2015), but may be more predictable at 

the level of the functional group (Connell & Slatyer 1977; Fukami et al. 2005). More recently, a 

trait-based approach has been heralded as being able to better reveal the mechanisms driving 

vegetation changes than measures of species diversity alone (McGill et al. 2006; Violle et al. 

2007). 

According to the ‘productivity filtering’ hypothesis, or PFH (Grime 2006), a shift in 

resources that can support increased rates of plant growth would favour a shift in the community 

mean phenotype during succession. The transition from vegetation characterized by low 

productivity to high productivity is hypothesized to be associated with shifts in a set of traits that 

are deeply embedded in the core physiology of plants (Grime 1997, 2006; Dıaz et al. 2004; 

Wright et al. 2005). Such shifts are hypothesized to ramify so as to influence the structure and 

dynamics of the community and the functioning of the ecosystem (Chapin 1980; Grime 1997). 

Specifically, the PFH predicts that along any productivity gradient there will be predictable and 
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parallel changes in the trait values of component species and individuals. The PFH also predicts 

directional shifts in the traits of individuals and dominant phenotypes in communities that drive 

shifts in ecosystem productivity. As a result, the PFH predicts a transition in resource dynamics 

from physiological strategies associated with slow growth in low productivity environments to 

physiological strategies associated with fast growth in more productive environments (Grime 

2006). Applying the PFH to succession of TDFs, it predicts a directional shift in strategies across 

succession. Thus, according to Odum (1969), if succession can be viewed as essentially a 

productivity and biomass gradient, then according to the PFH we would predict a convergence in 

plant functional strategies and at the same time a change in mean functional strategy. 

By building on the work of Tilman (1985), Norberg et al. (2001) and Enquist et al. 

(2015), we predict that changes in resource availability during succession would select for traits 

associated with different physiological and life-history strategies along the ‘fast-slow’ trait 

continuum. Furthermore, with succession, increased niche differentiation between taxa would 

also lead to an over-dispersion of traits in later stages of succession (Uriarte et al. 2010). 

Alternatively, recent successional studies support an opposite viewpoint. Several recent studies 

have not found increased patterns of trait dispersion in later successional stages (e.g. Kunstler et 

al. 2012; Bhaskar, Dawson & Balvanera 2014). An, under-dispersion of traits late in succession 

may reflect an alternative model of community assembly, such as a strong role of increasing 

competitive hierarchies (Mayfield & Levine 2010). An increasing role of competition, via the 

competitive hierarchy hypothesis, would yield further reduction of trait variation through time 

leading to a convergence of trait composition in the absence of disturbance. If however, neutral 

or idiosyncratic dispersal assembly is more important, then trait dispersion associated with drift 

would influence long-term compositional changes in tropical forests rather than niche or 
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competitive differences (Hubbell & Foster 1986; Bell 2001). Therefore, patterns of trait 

dispersion during succession may be driven by differential influences of biotic and/ or 

competitive interactions. Depending on stochastic and dispersal processes, secondary forests may 

also experience different or even stochastic successional trajectories that differ from general 

successional patterns. It is important to evaluate the extent to which secondary forests recover 

ecological function in addition to species composition (Kissing & Powers 2010). 

To assess the various potential drivers of TDF assembly during succession, we measured 

environmental conditions, taxonomic composition and functional trait distributions of 14 TDF 

communities differing in stand age within the Area de Conservacion Guanacaste, Costa Rica. We 

hypothesized that during succession, community functional composition will shift according to a 

‘fast-slow’ continuum of ecological and life-history strategies (see Charnov 1991, 1993; Franco 

& Silvertown 1996). Specifically, we assessed if functional trait composition directionally shifts 

from more xeric ‘slow’ and filtered functional strategies towards more mesic ‘fast’ and niche-

structured strategies. Functional trait dispersion will be more limited during early succession due 

to increasing water stress and greater microclimate variability. Our analyses allow us to 

uniquely: (i) characterize how community-wide functional traits change during TDF succession; 

(ii) assess how different hypothesized drivers of functional trait dispersion change during TDF 

succession and (iii) quantify rates of change of community functional composition during 

succession to shed light on the time required for TDF to recover to a more mature state. 

Materials and Methods  

STUDY SITE  
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We sampled forests across a chronosequence in Sector Santa Rosa of Area de 

Conservacion Guanacaste (ACG) in northwestern Costa Rica (10°510 N, 85°370 W). ACG is 

primarily comprised of a mosaic of TDFs – ranging from mesic evergreen to deciduous forest to 

xeric tropical savanna forests. The mean annual temperature is 258 °C (Gillespie, Grijalva & 

Farris 2000) with a mean annual precipitation of 1575 mm per year and a pronounced dry season 

with low rainfall from November to April (Powers et al. 2009). Similar to other TDFs, the region 

has experienced a variety of anthropogenic disturbance that have altered and contributed to the 

current vegetation present today (Janzen 1988). This region is of particular interest due to its 

history of pre-Colombian colonization, Spanish colonial logging, and modern era logging, 

grazing and fire (Powers et al. 2009). Santa Rosa was designated as a national park in 1971 and 

has since become a model of TDF succession (Janzen 1987).  

Since most forests within Sector Santa Rosa have experienced a combination of 

disturbance types across a broad time range, forests cannot be defined by a single mode of 

disturbance. Instead, stand age is determined with respect to time since last disturbance. Time 

since disturbance provides a common comparative measure for determining the effects of 

succession on assembly processes (Garnier et al. 2004). Using a ‘space-for-time’ substitution, we 

sampled forests to create a chronosequence that spans 120 years after forest abandonment. Our 

sampled sites within the chronosequence were located in relative close proximity (from 200 m to 

10 km) and thus are an ideal system for comparing the effects of successional trajectories as the 

effects of dispersal limitation are minimized.  

We uniformly sampled fourteen 01 ha (20 9 50 m) plots across a reconstructed 

chronosequence in 2010. Within each plot all individuals with stems greater than 25 cm in 

diameter at breast height (DBH) were identified to species and abundances recorded. The age of 
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each plot was originally determined using data from Kalacska et al. (2004), as well as by 

consulting long-term employees of ACG who know the local land use history (R. Espinosa pers. 

comm.). 

ENVIRONMENTAL VARIABLES  

Three soil variables related to vegetative and successional gradients were quantified. 

First, soil moisture was measured gravimetrically by collecting soil cores from the top 10 cm of 

soil (Powers et al. 2009). Leaf litter, rocks or other major debris were removed prior to collecting 

each soil core. Five soil cores were collected randomly throughout each plot in July 2010. Soil 

cores were collected from all sites during a 3 day period during which no rainfall occurred. Soil 

cores from each site were aggregated. Soil wet mass was recorded in the laboratory. Soil samples 

were dried at 72 °C to a constant mass and dry mass was then recorded. Second, soil bulk density 

was calculated as the mass of the dry soil sample (g) divided by the core soil volume (Miller & 

Donahue 1990). Finally, pH was measured in situ using a soil pH probe (E-INGINST Electron 

Co., Ltd., Qinxiyang Industrial Zone, Fujian, China). Five pH measurements were conducted for 

each plot and averaged across each plot.  

FOREST STRUCTURE  

Species richness was defined as the total number of species in a given location. Tree 

above-ground biomass was calculated using the following TDF equation from Brown, Gillespie 

& Lugo (1989):  

AGB=e[-1.996+2.32*ln(D)]    (1) 

 

where AGB is above-ground biomass per tree (kg) and D is the diameter at breast height (cm).  
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LEAF FUNCTIONAL TRAITS  

We quantified several traits associated with the ‘fast-slow’ continuum of ecological and 

life-history strategies (Westoby 1998; Reich 2014). We focused on several leaf functional traits 

that capture short-term and long-term carbon and nutrient economics (Gloaguen & Touffet 1982; 

Poorter & Lambers 1991; Donovan & Ehleringer 1994; Reich, Walters & Ellsworth 1997; 

Cornelissen et al. 2003). Five mature, sun exposed, mid-canopy leaves were collected from five 

individuals of the most abundant species in each plot. All leaves were collected at similar heights 

within the canopy to minimize variation from canopy height effects on leaf traits. All leaves were 

collected and placed in a plastic bag to preserve water status. Detailed descriptions for all leaf 

trait measurements can be found in Appendix S1 in Supporting Information. Within each plot, 

we sampled traits for the more dominant species (comprised between 45–97% of the total 

number of individuals per plot; see Table S1 for details). In total, across all plots, this 

represented 3156 sampled leaves from 73 of the 103 species surveyed. For plots with missing 

trait values, we supplemented up to 25% of those missing trait values by assigning species mean 

trait data from individuals sampled in the nearest, most similarly aged plot and/or in the same 

area but collected in a previous year to ensure we assessed at least 75% of the total number of 

individuals. Data-analyses were completed two ways; the method presented here assessed 75–

97% of the total number of individuals per species collected throughout the different 

successional stages. The other method, not shown here, only assessed data sampled within each 

plot, comprising between 45–97% of the total number of individuals per species within each plot. 

Overall, there was very little difference between the results calculated at either scale.  

For each leaf we quantified six leaf traits: specific leaf area (SLA); stable carbon isotope 

concentration (d13C); total leaf phosphorus concentration (LPC); leaf dry matter concentration 
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(LDMC); leaf carbon to nitrogen molar ratio (C : N) and stable nitrogen isotope concentration 

(d15N). SLA is defined as the light capturing surface area per unit of dry mass (cm2 g1 ) and has 

been shown to correlate with net photosynthetic capacity, leaf longevity, relative growth rate and 

competitive ability (Poorter & Lambers 1991; Reich, Walters & Ellsworth 1997). In addition, 

increasing values of SLA are associated with a shift from slow to fast growth strategies. SLA has 

been shown to respond to both abiotic factors such as gradients of precipitation, temperature, and 

soil nutrients (Reich, Walters & Ellsworth 1997; Westoby 1998) as well as biotic factors such as 

neighbouring height and density (Navas & Violle 2009). d13C describes the ratio of 13C to 12C 

within foliar tissue and is positively related to water use efficiency (Donovan & Ehleringer 

1994). LPC (total phosphorus per unit of dry leaf mass; mg g1 ) generally indicates high 

nutritional quality to consumers in food webs (Cornelissen et al. 2003). LPC is positively 

correlated with growth and assimilation rates (Niklas et al. 2005; Wright et al. 2005). LDMC is 

calculated as the ratio of leaf dry mass to leaf fresh mass, reflects the fraction of leaf matter that 

is comprised of water and has been proposed as an indicator of plant growth rate and soil fertility 

(Garnier et al. 2001; Hodgson et al. 2011). The ratio of carbon to nitrogen within a leaf (C : N 

ratio) is a stoichiometric allocation measure that reflects shifts between carbohydrates and 

protein in leaf tissue (Gloaguen & Touffet 1982). Stable nitrogen isotope (d15N), describes the 

ratio of 15N to 14N within foliar tissue and can provide information on the differences in 

nitrogen acquisition and origin nitrogen and has been shown to be positively correlated with soil 

nitrogen concentration (Hyodo et al. 2012) and positively correlated with nitrogen fixing 

bacterial associations (Hobbie & Colpaert 2003).  

STATISTICAL ANALYSES  
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To determine the functional responses driving community assembly across the 

chronosequence, we calculated abundance weighted community level trait metrics using species 

abundances in each plot (Enquist et al. 2015). The community-weighted mean (CWMjk) and 

variance (CWVjk) were calculated for each plot k for each trait j as: 

CWMjk=∑xiktik      (2) 

CWVjk=∑xik(tik
 – CWMjk)

2    (3) 

 

where xik is the relative abundance of species i in plot k, tik is the trait mean of species i in plot k. 

We plotted the mean and variance for all traits across succession and compared the AIC scores 

for three models: linear, asymptotic (Michaelis-Menten), and quadratic polynomial to determine 

the best fit. The model with the lowest AIC score and highest r-squared was used to explain the 

relationship between time since disturbance and observed community traits (see Table S2). If the 

model with the lowest AIC score did not match the model with the highest r-squared value, the 

most parsimonious model was used. We also performed a Principal Component Analysis (PCA) 

to test the collinearity between traits (see Appendix S2 for details). All data computation and 

statistical analyses were completed using R (R Core Team 2014).  

A null model was used to test whether the observed community structure of successional 

communities was different from the expected null community structure irrespective of age since 

last disturbance. We created our null model by pooling all the species mean trait values for all 

plots into a regional trait community. Next, we randomly sampled from that community 1000 

times, without replacement, keeping species richness per site constant along with the species 

abundances within the larger pool (Swenson & Enquist 2009; Kraft & Ackerly 2010). This 

methodology is appropriate for two reasons. Firstly, all plots are located in relative close 

proximity and, secondly, all plots are contained within the TDF life-zone. Thus, we can assume 
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that the potential for dispersal between plots is relatively high and large dispersal limitation 

should not influence the results of the null model (e.g. de Bello 2012). Many studies have shown 

an increase in species richness and abundance with succession so it was important to conserve 

both species richness and abundance in the null model for each site to account for only a shift in 

the traits and not the total species or individuals present. We used a two-sided nonparametric 

ranked order of the observed community trait values among the null communities allowing us to 

calculate when the null and observed communities significantly differed (P < 005).  

Results  

Across the chronosequence, from early to late succession, we observed an increase in 

species richness (r2 = 072, P-value = 0001) and above-ground biomass (r2= 048, P-value = 004) 

(Fig. 1a,b). Furthermore, two of the three measured soil properties significantly changed with 

succession. Soil moisture increased (r2= 051, P-value = 003) and soil pH slightly decreased (r2= 

035, P-value = 005) with succession (Fig. 1c,e). Soil bulk density did not significantly change 

with increased stand age (Fig. 1d).  

In the PCA, the three traits, d13C, LDMC and the C : N molar ratio grouped together in 

multivariate space with early successional stages, while the other three traits, SLA, LPC and 

d15N grouped with late successional stages (Fig. S1). These grouping patterns are associated 

with a directional shift between these traits during succession. In general, the community-

weighted mean (CWM) trait values for most traits significantly shifted with stand age. First, 

d13C significantly decreased linearly with stand age (r2= 072, P-value < 0001), while LDMC 

initially decreased during succession until 70–80 years since disturbance before increasing (r2= 

048, P-value = 0027) and the C : N molar ratio (r2= 062, P-value = 0003) decreased rapidly 

during early successional stages reaching an asymptote after 40 years (Fig. 2). Next, both CWM 
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SLA (r2= 076, P-value < 0001) and LPC (r2 = 062, P-value = 0005) significantly increased with 

succession peaking around 80 years and slightly declining thereafter (Fig. 2). d15N, although not 

significant (r2 = 040, P-value = 0058), there was a trend for the CWM d15N to increase steeply 

in early stages of succession, with two plots around 40 years of age that have much greater 

values of d15N than expected by chance.  

In contrast with our expectation, the community-weighted variance (CWV) for most traits 

did not show any significant changes with stand age (Fig. 2). d13C was the only trait that had a 

CWV that increased significantly with succession (Fig. 2; r2= 038, P-value = 0018). However, in 

comparison with the null model, most observed CWV values were less variable than expected by 

chance irrespective of stand age. Additionally, using multiple regression, a linear model 

containing both stand age and soil moisture explained 75% of the CWV LDMC (P-value < 

0001). Whereas, soil bulk density and soil pH were able to explain 80% of the variation found of 

CWV SLA (P-value < 0001; Table S3).  

Discussion  

The premise of our approach is that observed variation in functional traits underlies a 

coordinated trade-off between resource acquisition and resource conservation. Traits determine 

where on a growth vs. survival trade-off an individual is located given a set of environmental 

conditions (Lambers & Poorter 1992; Enquist et al. 1999; Kobe 1999). In general, as discussed 

by Reich (2014), this premise is supported by several studies showing that variation in traits 

reflect a fundamental trade-off between competitive ability (or ‘fast’ strategies where individuals 

grow quickly to acquire more resources when resources are abundant) and the ability to avoid 

mortality under low resource conditions (or ‘slow’ strategies where individuals grow more 

slowly) (Grime 1979; Tilman 1985; Kobe 1999; Pacala et al. 1996). The goal of our study was to 
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determine the drivers of TDF succession using a trait-based approach by focusing on traits 

associated with a ‘fast-slow’ continuum of ecological and life-history strategies. Building on the 

work of Tilman (1985), Norberg et al. (2001), and Enquist et al. (2015), we hypothesized that for 

TDFs community functional composition during succession will shift from more xeric and 

filtered ‘slow’ strategies towards more mesic ‘fast’ strategies. We expect that early in succession, 

increasing water stress, soil degradation, and greater edaphic variation would select for a limited 

subset of physiologies associated with drought tolerance, low nutrient supply, and tolerance to 

higher temperatures. These filters would then act to reduce functional trait dispersion. 

Furthermore, we expected that as the forest ages, the importance of biotic interactions and the 

relaxation of abiotic filtering would increasingly lead to more dispersed traits during the course 

of succession.  

We found three main results: 

Firstly, in support of Grime’s ‘productivity filtering’ hypothesis or PFH we see strong 

directional shifts in most community-weighted mean trait values with stand age. We observed 

higher d13C, LDMC and C : N, along with lower values of SLA and LPC in early successional 

communities which describes drought-tolerant ‘slow’ growth strategies as well as low 

decomposability and highly ‘retentive’ nutrient strategies possibly resulting in lower soil nutrient 

availability (Mason et al. 2011; Leon & Osorio 2014). These traits are all associated with longer-

lived leaves, lower photosynthetic rates and slower growth rates (Poorter & Lambers 1991; 

Reich, Walters & Ellsworth 1997; Niklas et al. 2005; Wright et al. 2005). Patterns of high C:N 

indicate that early successional communities may be more nitrogen limited (Hyodo et al. 2012) 

than later successional stages due to reduced rates of decomposition associated with high values 

of C:N. In contrast, intermediate and older aged communities were dominated by fast growing 
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species with higher SLA, LPC and d15N, but lower values of d13C, LDMC and C:N consistent 

with trees with higher growth rates and higher forest net primary productivity (Chapin, Matson 

& Mooney 2002). The peak of d15N and LPC observed in intermediate successional stages 

further suggests that deciduous and leguminous species may influence nutrient availability 

during succession (Gei & Powers 2013). We observe a large shift in d13C leaf values which 

ranged from 28 to approximately 33 effectively spanning the observed shift in isotope values 

from dry tropical savannas to wet evergreen lowland rain forest (Leffler & Enquist 2002). Our 

results are also similar to a recent study by Becknell and Powers (2014). Together, the observed 

trait shifts appear to be primarily determined by a concomitant shift in resource availability, e.g. 

water availability (reflected in increased soil moisture) and light availability (reduced by 

increased stand biomass) consistent with the PFH (Poorter et al. 2005; Grime 2006). 

Secondly, we asked, are patterns of functional trait dispersion consistent with increased 

abiotic filtering during early stages of succession and increased biotic interactions during later 

successional stages? In contrast with expectations arising from trait over-dispersion as a result of 

biotic pressures (see Lohbeck et al. 2014), our results are consistent with a competitive hierarchy 

hypothesis and/or abiotic filtering hypothesis across all stages of succession (Fig. 2; CWV d13C, 

CWV SLA and CWV LPC). We found that in general, the community-weighted trait variance 

for most traits did not change significantly with succession and were equal to or lower than the 

expected null distribution. This is likely the result of strong abiotic filtering or shifts in resource 

availability, and a hierarchical model of plant competition throughout succession (Grime 2006; 

Mayfield & Levine 2010; Kunstler et al. 2012). Although recent studies have emphasized the 

tendency for functional similarity to be most prominent between species within early 

successional communities (Lebrija-Trejos et al. 2010; Purschke et al. 2013), we found that 
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species within all stages of succession were also more functionally similar than expected by 

chance. These findings point to a generality of trait structuring successional processes within 

TDFs (Lebrija-Trejos et al. 2011; Alvarez-Anorve et al. 2012) and the importance of either 

increased development of competitive hierarchies and/or directional filtering during community 

assembly. However, these results may be affected by incomplete trait sampling which could 

either reduce or increase the total variation observed within and between plots (Violle et al. 

2012).  

Finally, we assessed whether patterns of functional trait changes during succession can 

shed light on the time required for TDF to recover to a more mature state. Overall, our results 

(see Figs 1b and 2) suggest that the rate of change of species richness and many community-

weighted trait values tend to slow and/or asymptote at around 60– 90 years. While there is some 

indication that some community-weighted trait values continue to shift (leaf d13C) our results 

suggest that at around 60–90 years since disturbance, TDF begins to converge on many 

functional, structural and diversity measures characteristic of the oldest TDF measured. 

Furthermore, the observed shifts in traits with stand age are linked to a corresponding shift in 

plant growth rates (Enquist et al. 2015) and consistent with the ‘slow-fast’ continuum 

hypotheses.  

Conclusions  

The main objectives of this study were to assess: (i) if a trait-based approach to forest 

succession could shed light on general processes driving a successional trajectory; and (ii) 

quantify the influence of stand age on diversity via shifts in the community-weighted trait 

distributions. In particular, we tested the hypothesis that shifts in resource supply rates during 

succession would then select for unique combinations of traits that reflect differences in plant life 



62 
 

history and ecological strategies. Throughout succession, observed plant functional traits shift 

along a ‘slow’ to ‘fast’ continuum of plant growth. Although TDF tree species are highly drought 

tolerant, abiotic conditions in early successional forests are key limiting factors for recruitment 

and assembly. Therefore, early successional TDFs are dominated by ‘slow’ growth strategies 

with conservative traits such as high water use efficiency and low SLA. In later stages of 

succession, species with lower leaf nutrient conservation, as observed in low C:N and LDMC 

predominate as environmental conditions become increasingly favourable. This observed shift in 

trait distributions may be consistent with either continued trait filtering and/or increased 

hierarchical plant competition. Although the structure and function of TDFs, as viewed by 

functional traits, appear to be restored within a single human generation, leaf functional traits 

may recover at differing rates or continue to shift (e.g. d13C). From a conservation and 

management perspective, the results of this study suggest that TDFs are resilient and are capable 

of returning to a functional state comparable to that of the old-growth forests observed in this 

study. These findings are useful for developing a more mechanistic understanding of forest 

succession.  
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Figure 1: (a) Forest structure (biomass; kg), (b) Species Richness. In addition, environmental 

variables (c) soil moisture (g), (d) bulk density (g cm-3), and (e) soil pH were measured in each 

plot and assessed as a function of age. Early successional plots are characterized by low species 

richness aboveground biomass, low soil moisture and high soil pH. 
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Figure 2: Community weighted mean (CWM) and variance (CWV) for functional traits: stable 

carbon isotope concentration (δ13C; ppm), leaf dry matter content (LDMC; %), and foliar carbon 

to nitrogen ratio (C:N) as a function of stand age. Thin dashed lines represent the mean trait 

values and 95% confidence interval for randomly assembled communities. A solid regression 

line indicates statistical significance (p < 0.05) for the best fit regression model (as determined 

by the lowest AIC score). Open circles represent communities that do not differ significantly 

from the null community. Closed circles differ from the null communities with p-values < 0.05. 
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Figure 3: Community weighted mean (CWM) and variance (CWV) for functional traits: specific 

leaf area (SLA; cm2 g-1), leaf phosphorus content (LPC; %), and stable nitrogen isotope 

concentration (δ15N; ppm) as a function of stand age. Thin dashed lines represent the mean trait 

values and 95% confidence interval for randomly assembled communities. A solid regression 

line indicates statistical significance (p < 0.05) for best fit regression model (as determined by 

the lowest AIC score). Open circles represent communities that do not different significantly 

from the null community. Closed circles significantly differ from the null communities (p 

<0.05). 
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Supporting Information 

Fig. S1. PCA biplot and loadings 

Trait loadings for principal component analysis of the community weighted mean values for each 

trait. Proportion of variance is recorded in parentheses for each principal component (PC). 

Numbers 1-14 represent all 14 successional communities, increasing with stand age. Exact ages 

can be found in the table below. Community-weighted mean (CWM) for functional traits: stable 

carbon isotope concentration (δ13C), leaf dry matter concentration (LDMC), foliar carbon to 

nitrogen ratio (C:N), specific leaf area (SLA; cm2 g-1), leaf phosphorus concentration (LPC), and 

stable nitrogen isotope concentration (δ15N). 
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Community level loadings for principal component analysis of the community weighted mean 

values for each trait. Proportion of variance is recorded in parentheses for each principal 

component (PC). 

Plot 
Age 

PC1 

(0.68) 

PC2 

(0.14) 

PC3 

(0.10) 

PC4 

(0.06) 

PC5 

(0.02) PC6 (0.01) 

1 10 -3.54 -0.42 0.85 0.74 -0.18 -0.06 

2 10 -2.76 -0.26 -0.32 -0.68 0.24 0.26 

3 15 -1.96 0.29 0.36 0.97 -0.08 0.13 

4 15 -3.28 0.32 -0.24 -0.98 -0.13 -0.15 

5 24 0.04 0.17 0.19 0.21 -0.05 -0.32 

6 27 0.62 -0.31 0.58 -0.41 0.18 -0.09 

7 30 1.92 -0.36 0.81 -0.77 -0.47 0.27 

8 40 0.52 2.64 -0.84 -0.02 0.12 0.03 

9 40 2.15 0.73 0.42 0.29 -0.32 0.12 

10 60 1.36 -0.62 -0.61 -0.56 -0.11 -0.24 

11 60 1.96 -0.27 0.04 0.40 -0.27 -0.11 

12 90 1.65 -0.02 1.25 0.00 0.81 -0.01 

13 120 0.63 -1.15 -1.03 0.19 0.13 0.09 
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Table S1. Number of species collected per plot 

Percentages calculated for each plot based on species richness and total species abundances that 

were collected and supplemented. 

Age Plot Area 

Sampled 

(hectares) 

Total 

number 

of 

species 

per plot 

Total 

number 

of species 

collected 

per plot 

Percent of 

species 

collected 

per plot 

(Collected/

Total) 

Percent collected 

per plot based on 

species 

abundances  

Percent 

collected per 

plot based on 

species 

abundances 

after 

supplemented 

10 1 0.10 5 3 60 97 97 

10 2 0.10 6 3 50 95 95 

15 3 0.10 18 10 56 81 83 

15 4 0.10 11 7 64 86 87 

24 5 0.10 25 15 60 60 88 

27 6 0.10 17 12 71 53 75 

30 7 0.10 34 18 53 58 79 

40 8 0.10 16 9 56 91 92 

40 9 0.10 23 15 65 62 85 

60 10 0.10 36 21 58 73 90 

60 11 0.10 34 21 62 53 83 

90 12 0.10 38 27 71 45 91 

120 13 0.10 25 16 64 61 89 

120 14 0.10 25 20 80 83 95 
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Table S2. AIC scores 

AIC scores for three models: linear, asymptotic (Michaelis-Menten), and quadratic polynomial to 

determine the best fit. The model with the lowest AIC score and highest r-squared was used to 

explain the relationship between time since disturbance and observed community traits. If the 

lowest AIC score and highest r-squared value did not match, the most parsimonious model was 

used. The asterisk (*) refers to the model that is represented in the text, but is not actually used 

due to an insignificant p-value. Community-weighted mean (CWM) and variance (CWV) for 

functional traits: stable carbon isotope concentration (δ13C), leaf dry matter concentration 

(LDMC), foliar carbon to nitrogen ratio (C:N), specific leaf area (SLA; cm2 g-1), leaf phosphorus 

concentration (LPC), and stable nitrogen isotope concentration (δ15N).  

Figure AIC: 

Linear 

AIC: 

Quadratic 

AIC: 

Asymptotic 

R-

squared: 

Linear 

R-

squared: 

Quadratic 

R-squared: 

Asymptotic 

Model 

used 

1a (Biomass) 286.48 287.08 284.28 0.39 0.45 0.48 Asymptotic 

1b (Species 

Richness) 

110.73 100.50 104.29 0.32 0.72 0.57 Quadratic 

1c (Soil Moisture) 89.30 90.36 85.29 0.34 0.38 0.51 Asymptotic 

2a (CWM δ13C) 36.00 37.31 36.00 0.72 0.76 0.70 Linear 

2b (CWM LDMC) -33.79 -38.37 -38.15 0.17 0.48 0.39 Quadratic 

2c (CWM C:N) 99.82 89.33 89.19 0.18 0.66 0.62 Asymptotic 

2d (CWV δ13C) 17.38 17.65 16.02 0.38 0.46 0.44 Linear 

3a (CWM SLA) 152.18 139.40 141.56 0.31 0.76 0.68 Quadratic 

3b (CWM LPC) -49.94 -60.11 -56.17 0.09 0.62 0.42 Quadratic 

3c (CWM δ15N) 59.70 54.73 57.37 0.02 0.40 0.17 Quadratic* 
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Table S3. Multiple linear regression 

 

 

 Age (years) Above Ground 

Biomass (Mg 

ha-1) 

Soil Moisture 

(%) 

Bulk Density 

(g cm-3) 

pH Multivariate 

Trait t-value P t-value P t-value P t-value P t-value P R-

squared 

P 

CWM 

SLA 

1.287 0.246 

1.207 0.273 

2.114 0.079 

- - 

1.136 0.2994 0.614 0.041 * 

CWM 

δ13C 

-5.120 0.001 - - -2.392 0.048 - - -3.125 0.017 0.849 0.0009* 

CWM 

LDMC 

-1.360 0.211 - - - - - - 0.762 0.468 0.267 0.118 

CWM 

LPC 

0.429 0.686 0.913 0.403 1.156 0.300 0.156 0.882 0.155 0.883 0.180 0.349 

CWM 

C:N 

Ratio 

-0.506 0.635 -0.986 0.369 -0.945 0.388 -0.450 0.672 0.090 0.932 0.147 0.376 

CWM 

δ15N 

-2.466 0.039 5.084 0.0009 3.057 0.016 2.426 0.041 - - 0.738 0.004* 

CWV 

SLA 

- - - - - - -3.017 0.017 -5.636 0.0004 0.796 0.0007* 

CWV 

δ13C 

1.535 0.163 - - - - - - -0.646 0.536 0.291 0.104 

CWV 

LDMC 

-3.402 0.007 - - 6.228 <0.001 - - - - 0.7544 0.0004* 

CWV 

LPC 

- - 0.857 0.420 1.111 0.303 - - 0.634 0.546 0.023 0.418 

CWV 

C:N 

Ratio 

-1.475 0.184 - - - - -2.295 0.055 -2.535 0.039 0.407 0.088 

CWV 

δ15N 

-0.042 0.968 -0.720 0.504 -0.782 0.469 -0.434 0.682 -0.053 0.960 -0.369 0.793 
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Table S3. Multiple linear regression analyses for each functional trait: specific leaf area (SLA; 

cm2 g-1), stable carbon isotope concentration (δ13C), leaf phosphorus content (LPC; %), leaf dry 

matter content (LDMC; %), foliar carbon to nitrogen ratio (C:N), and stable nitrogen isotope 

concentration (δ15N) including the t-value and p-value for each independent variable: age (years 

since last disturbance), above ground biomass (Mg ha-1), soil moisture (%), bulk density (g cm-3), 

and soil pH, along with the multivariate R-squared and p-value. 

To determine if trait shifts for both CWM and CWV showed greater dependency on 

environmental variables (soil moisture, bulk density, pH, and stand age) and/or above ground 

biomass, we used the “lm” function in R to calculate a multiple linear regression for each trait 

(Table S3). We found that our different plot variables explain most of the variation for CWM 

δ13C (R2= 0.82, p=0.012) with plot age and soil pH being the most significant. CWM δ15N is also 

explained by most of our environmental variables (R2= 0.91, p=0.002), however above ground 

biomass shows the greatest significance. Interestingly soil bulk density explains most of the 

variation in the CWV SLA multivariate regression (R2= 0.71, p=0.037).  CWV LDMC is also 

significant for multiple plot variables with an R-squared of 0.83 and p-value of 0.01. 
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Appendix S1 Leaf Functional Traits 

Within a few hours of collection, for each leaf, the fresh leaf area was calculated using 

the image analysis software ImageJ (Abramoff, Magelhaes & Ram 2004). Fresh (wet) mass for 

each leaf was measured using an electronic balance (OhausScoutPro, USA). After measurement, 

leaves were then dried in a drying oven for a minimum of 72 hours at 60°C before a final dry 

mass was recorded. Leaves were then transported dry to the University of Arizona where they 

were then placed again into a drying oven and then were processed for leaf stoichiometry and 

isotopes.  For elemental analysis, all leaf samples were homogenized at the species level and 

ground to a fine powder. Leaf phosphorus concentrations were then sampled in triplicates 

consisting of 3.5 – 4.0 mg of finely ground leaf material. Total phosphorus concentration was 

determined using persulfate oxidation followed by the acid molybdate technique (APHA 1992) 

and phosphorus concentration was then measured colorimetrically with a spectrophotometer 

(ThermoScientific Genesys20, USA). Stable carbon and nitrogen isotope concentrations and 

carbon and nitrogen concentrations were measured by the Department of Geosciences 

Environmental Isotope Laboratory at the University of Arizona. δ13C as well as carbon and 

nitrogen concentration were measured on a continuous-flow gas-ratio mass spectrometer 

(Finnigan Delta PlusXL) coupled to an elemental analyzer (Costech). Samples of 1.0 mg (+/- 0.2 

mg) were combusted in the elemental analyzer. Standardization is based on acetanilide for 

elemental concentration, NBS-22 and USGS-24 for δ13C, and IAEA-N-1 and IAEA-N-2 for 

δ15N. Precision is at least ± 0.10 for δ13C and ± 0.2 for δ15N (1s), based on repeated internal 

standards.  

References 

Abramoff, M.D., Magelhaes, P.J. & Ram S.J. (2004) Image Processing with ImageJ. 

Biophotonics International, 11, 36-42.  

Appendix S2. Principal component analyses and loadings of CWM and CWV. 

We assessed measures of ecological strategy variation by assessing multivariate shifts of 

all traits using principal component analyses. We calculated the community weighted mean 

(CWM) for the first principal component, or PC1 (which explained 0.68% of the variation, 

Figure S1) for all traits and found that the 6 traits we measured accounted for 10-60 percent of 

the variance observed for both CWM and community weighted variance (CWV). Specific leaf 

area captured most of the variation across PC1 for CWM at 48% and 57% of the variance across 

PC1 for CWV. Although 3 of the other traits were close, explaining 42-46% of the variation 

across PC1 for CWM. Stable carbon isotope (δ13C ) and stable nitrogen isotope (δ15N ) 

accounted for much less variation in PC1, but explained most of the variation in the second 

principal component analysis (PC2) for CWM (CWM δ13C= 39%,  CWM δ15N = 86%).  

Trait loadings for principal component analysis of the community weighted mean values for each 

trait. Proportion of variance is recorded in parentheses for each principal component (PC). 

Community-weighted mean (CWM) for functional traits: foliar carbon to nitrogen ratio (C:N), 

stable carbon isotope concentration (δ13C), stable nitrogen isotope concentration (δ15N), leaf dry 

matter concentration (LDMC), leaf phosphorus concentration (LPC), and specific leaf area 

(SLA; cm2 g-1). 
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Trait 
PC1 

(0.68) 

PC2 

(0.14) 

PC3 

(0.10) 

PC4 

(0.06) 

PC5 

(0.02) PC6 (0.01) 

CWM C:N -0.42 -0.17 0.16 0.75 -0.44 -0.03 

CWM δ13C -0.36 0.39 0.68 -0.36 -0.15 -0.32 

CWM δ15N 0.29 0.86 -0.10 0.41 0.06 0.00 

CWM LDMC -0.40 0.26 -0.60 -0.34 -0.53 0.12 

CWM LPC 0.46 -0.02 0.36 -0.12 -0.55 0.58 

CWM SLA 0.48 -0.13 -0.13 -0.03 -0.44 -0.73 

 

Trait loadings for principal component analysis of the community weighted variance values for 

each trait. Proportion of variance is recorded in parentheses for each principal component (PC). 

Community-weighted variance (CWV) for functional traits: foliar carbon to nitrogen ratio (C:N), 

stable carbon isotope concentration (δ13C), stable nitrogen isotope concentration (δ15N), leaf dry 

matter concentration (LDMC), leaf phosphorus concentration (LPC), and specific leaf area 

(SLA; cm2 g-1). 

Trait 
PC1 (0.41) 

PC2 

(0.24) 

PC3 

(0.18) 

PC4 

(0.10) 

PC5 

(0.06) 

PC6 

(0.02) 

CWV C:N 0.54 -0.04 0.15 -0.60 0.06 0.56 

CWV δ13C 0.52 0.05 0.16 0.49 0.67 -0.09 

CWV δ15N -0.12 -0.76 0.14 -0.36 0.33 -0.39 

CWV LDMC 0.21 0.16 -0.86 -0.27 0.20 -0.27 

CWV LPC 0.22 -0.63 -0.38 0.44 -0.31 0.34 

CWV SLA 0.57 0.02 0.20 -0.03 -0.55 -0.57 
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APPENDIX C: 

Species-ranking and temporal variation of specific leaf area for eight subalpine species 
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Abstract 

A central assumption of trait-based ecology is that interspecific trait variation exceeds 

intraspecific trait variation; thus, the species mean trait value captures much of the variation for a 

given trait. This assumption has resulted in a focus on species means within current trait 

measurement protocols as well as large trait databases. In this study, we quantify the intraspecific 

and interspecific trait variability for a key functional trait, specific leaf area (SLA), within and 

between years.  We focused on the temporal intraspecific variation of eight common subalpine 

species in Colorado. We also compared these data with the species mean trait values extracted 

from a commonly used trait database. We ask (i) does SLA vary within populations within and 

between years, (ii) is intraspecific variability lower than interspecific variability for SLA within 

and between years, and (iii) is the hierarchy of species rankings conserved across different 

temporal scales and datasets? Further, we extracted species mean trait data from a global 

database and analyzed intraspecific and interspecific trait variation. Overall, we found that SLA 

and peak flowering time varied over the growing season for all species over the three years of 

observation. Interspecific variability was greater than intraspecific variability, and species 

ranking was conserved for locally collected data within and between years for all species. 

However, when comparing locally collected data with trait data extracted from the global 

database, species rankings were not conserved, failing to support the species ranking/hierarchy 

hypothesis. Overall, these findings suggest that intraspecific variation is important at local scales 

and that extra caution should be used when applying species mean trait data from global 

databases because they do not capture intraspecific trait variation. 
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Introduction 

Functional traits allow for a comparative approach for quantifying variation in life history 

strategies of species across broad environmental gradients (Keddy 1992; Chapin, Autumn & 

Pugnaire 1993; Westoby 1998; Enquist et al. 1999). Increasingly, the distribution of traits within 

a given community are used to link biotic and abiotic assembly processes by comparing traits 

between species and environments occurring at population, community, and ecosystem levels 

(Diaz et al. 1999; Westoby et al. 2002; Violle et al. 2007; Mason & de Bello 2013). Recently, 

the importance of assessing intraspecific trait variation and trait plasticity has increasingly 

become a focus in trait-based ecology (Albert et al. 2010; Dubey, Raghubanshi & Singh 2011; 

Violle et al. 2012; Hulshof et al. 2013). Nonetheless, the use of a single mean trait values per 

species is still a foundation of trait-based ecology. For example, current trait collection protocols 

focus on the collection of a few individuals per species within or across environments with 

varying abiotic or biotic conditions (Cornelissen et al. 2003; Perez-Harguindeguy et al. 2013). 

This methodology has resulted in the use of species mean trait values for most trait-based studies 

with the central assumption that interspecific trait variation exceeds intraspecific, therefore 

species level measurements capture most of the overall variation for a given trait (Keddy 1992; 

Garnier et al. 2001; Westoby et al. 2002; McGill et al. 2006).   

Although many studies have shown that interspecific trait variation often exceeds 

intraspecific trait variation (Garnier et al. 2001; Shipley & Almeida-Cortez 2003; Roche, Diaz-

Burlinson & Gachet 2004; Mokany & Ash 2008; Hulshof & Swenson 2010; Hulshof et al. 

2013), the mechanisms driving trait variability are influenced by multiple processes which often 

reflect a combination of interspecific and intraspecific variation that differs across spatial and 

temporal scales (Jung et al. 2010; Violle et al. 2012). The species ranking/hierarchy hypothesis 
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posits that if intraspecific trait variation is smaller than interspecific trait variation, and the 

interspecific ranking between species is maintained then using a single mean trait value per 

species is justified (Garnier et al. 2001; Kazakou et al. 2014). Although recent studies have 

found support for the species ranking/hierarchy hypothesis (Roche, Diaz-Burlinson & Gachet 

2004; Albert et al. 2010; Rose et al. 2013; Kazakou et al. 2014), few studies have reported 

significant intraspecific trait variation both within and between years in response to variable 

abiotic conditions at local scales (Jurik 1986; Garnier et al. 2001; Al Haj Khaled et al. 2005; 

Palacio et al. 2008; Dubey, Raghubanshi & Singh 2011; Karavin & Kilinc 2011; Fajardo & 

Siefert 2016; Romermann et al. 2016).  

If abiotic factors vary within and between years, we would expect to find differences in 

traits seasonally and from one year to the next which may have significant impacts on how we 

interpret single point measurements, species mean trait data from large databases, as well as 

sampling designs and the timing of collection. Therefore, greater emphasis should be placed on 

understanding seasonal and inter-annual variation. Furthermore, understanding the relative 

source of variation within and between species is important for capturing fine-scale ecological 

processes (Clark et al. 2010; Messier, McGill & Lechowicz 2010; Albert et al. 2011). The 

purpose of this study is to quantify the intra-annual and inter-annual trait variation by assessing 

variation in specific leaf area (SLA) for common perennial forbs and shrubs in the subalpine 

meadows of the Rocky Mountains within and between species throughout the growing season for 

three climatically different years.  

Here we ask three questions: (i) does SLA vary within and between years, (ii) is 

intraspecific variability lower than interspecific variability for SLA within and between years, 

and (iii) is the hierarchy of species rankings conserved across the different temporal scales and 
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datasets? By quantifying the seasonal variation of SLA, we gain a better understanding of this 

source of intraspecific trait variability. 

Methods 

Study System:  

All collections were made at 2815 meters elevation in the subalpine meadows of Crested 

Butte, CO during the growing season (May-August) of 2012, 2013, and 2014. To test for 

differences in climate between years, we gathered temperature and precipitation for 30 years 

(1985-2015) from PRISM at a resolution of 4 km. Table 1 provides environmental data for mean 

annual temperature, total annual precipitation, snowmelt date, peak flowering, and peak growing 

season for each year. 

Peak growing season estimate: 

 Peak growing season was estimated using phenology cameras (Wingscapes, Calera, AL) 

that were mounted at the site at the end of snow melt and removed at the end of the growing 

season. Images were captured every 10 minutes and processed using MATLAB following 

methods described in Henderson (2016). Raw digital numbers for red (R), green (G) and blue 

(B) channel intensities were extracted and used to calculate two greenness indices; green 

chromatic coordinate and greenness excess index. Green chromatic coordinate is a proportion of 

green compared to total brightness (G/(R+G+B)) and is used as a measure of percent green since 

it directly corresponds to variation in the presence green pigmentation of vegetation. Greenness 

excess index is a measure of the differentiation of green from red and blue (2G-(R+B)) and is 

correlated with ecosystem productivity and biomass (Henderson 2016). Peak growing season 
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was determined as the max of both the green chromatic coordinate and the greenness excess 

index. 

Data collection:  

Eight of the most abundant species were collected based on their aggregate percent cover 

and abundance measured between 2002 and 2011 (Enquist et al. 2015). Ten individuals per 

species were randomly marked and leaves were collected roughly every two weeks starting 

approximately one week after leaf flush. To reduce diurnal variation, all collections were made 

between 8 am and 11 am. One to five healthy leaves were collected from each of the marked 

individuals, placed in an ice chest, and wet leaf area was measured within an hour from the time 

of collection. To standardize leaf age, newly formed leaves were avoided and collections started 

at the 3rd or 4th leaf from the meristem. Artemisia tridentata retains its leaves from previous 

years, so extra care was taken to ensure that the leaves collected correspond to the year the 

measurements were taken. All leaves were then taken to the lab where their wet areas were 

measured using a digital flatbed scanner (Canon LiDE 210) and Image J software (NIH, ImageJ; 

http://rsbweb.nih.gov/ij/). They were then dried in a drying oven set at 60 degrees Celsius for 72 

hours and their dry masses were measured.  We calculated SLA as the ratio of fresh leaf area to 

dry mass, expressed in m2/kg-1 (Cornelissen et al. 2003; Perez-Harguindeguy et al. 2013). We 

assembled species mean SLA for 6 of the 8 species, along with genus mean SLA for 

Pentaphylloides and Salix from the Botanical Information and Ecology Network (BIEN) 

database (http://bien.nceas.ucsb.edu/bien/). SLA is defined as the light capturing surface area per 

unit of dry mass and has been shown to correlate with net photosynthetic capacity, leaf 

longevity, relative growth rate and competitive ability (Poorter & Lambers 1991; Reich, Walters 

& Ellsworth 1997). In addition, SLA has been shown to vary over the growing season, yet the 

http://bien.nceas.ucsb.edu/bien/
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patterns of species ranking for SLA vary between studies (Garnier et al. 2001; Al Haj Khaled et 

al. 2005; Romermann et al. 2016) suggesting further investigation is necessary to determine if 

interspecific species ranking is maintained at different temporal scales. 

Statistical analyses:  

All analyses were complete using the R statistical programing software (http:/www.r-

project.org/). First, patterns of SLA across the growing season were visualized using the ggplot 

function for each species during the growing season over three years. Peak flowering date was 

determined for a species based on the greatest number of flowers and flowering individuals.  

 To investigate the species ranking/hierarchy hypothesis, we performed trait comparisons 

using the species mean trait values of SLA for eight subalpine species at different levels of 

sampling intensity (1) during the growing season (June-August); (2) across three years; (3) at 

peak growing season; and (4) collected from BIEN. Spearman rank correlation coefficients were 

calculated to test if species ranking for SLA was conserved within, between, and for species 

mean SLA from BIEN. Next, a one-way ANOVA was conducted to test the effect of sampling 

design on SLA. For each sampling design, the distribution of SLA was tested for normality using 

the shapiro.test function in R and log10 transformed when normality was not met.  

 Finally, to assess the relative structure of variance between sampling designs, a nested 

ANOVA was performed using the aov function in R. Variance component estimates were then 

calculated as the Sum of Squares decomposition and were assessed as the percentage variance 

between species and sampling comparisons for SLA. 

Results 

Climate dynamics over 30 years:  
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 Mean annual temperature significantly increased over the past 30 years in this region (r2= 

0.5485, p < 0.001; Fig. 1). In this study, we tried to capture variation in climate by sampling 

across climatically different years, with 2012 recorded as the hottest-driest year, 2013 most 

similar to the historical mean for both temperature and precipitation, and 2014 representing the 

current average temperature. The variation in climate between each of these years provides a 

unique opportunity to assess intraspecific trait variability.   

SLA dynamics over time:  

Figures 2 and 3 illustrate dynamics of SLA throughout the growing seasons of 2012-2014 

for each species. Overall, SLA decreased throughout the growing season for most species during 

each year. However, some species had more constant values of SLA during 2012 and 2013 

(Table 2). For example, Artemisia tridentata mean SLA was around 13 m2/kg-1 during 2013 (Fig. 

2) and the mean SLA for Eriogonum umbellatum was roughly 10.5 during the 2012 growing 

season (Fig. 3). Peak flowering date varied between years for all species (Figs. 2 and 3). 

For comparisons of species’ monthly mean SLA between years, SLA significantly 

differed between species during the three years of observations (Fig. 4a, b, c). Similarly, species 

mean SLA (averaged across all sampling dates within a given year) significantly differed 

between species across years (Fig. 4d, e, f). However, SLA was consistently lower in 2012 (Fig 

4a, b, d, e) and consistently higher in 2013 (Fig. 4c, f). There were no statistically significant 

differences between species mean SLA collected from BIEN and either the species mean or the 

estimated peak season mean SLA (Fig.5).     

Species ranking/hierarchy conservation:  
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For comparisons of species’ monthly mean SLA between years, species ranking was 

conserved across all years of observation (Fig. 4a, b, c). Similarly, species ranking was 

conserved for most comparisons of species mean SLA for each year, except the 2012 and 2013 

comparison (Fig. 4e, f). Furthermore, species ranking was not conserved for any of the 

comparisons with the BIEN species mean SLA (Fig. 5).     

Intraspecific vs interspecific variability:  

Partitioning of the variance of SLA between individual, species, and sampling date (day 

of year and year) attributed the greatest amount of variation to species, accounting for roughly 

half of the overall variation (53-58%; Fig. 6). Variance partitioning varied between years, with 

the largest difference during 2014 where “day of year” accounted for roughly 20% of the overall 

variation for that year (Fig. 6d).  

Discussion 

The goal of this study was to (i) assess temporal variation of SLA both seasonally and 

annually, (ii) determine if interspecific variability exceeds intraspecific variability within and 

between years, and finally (iii) test the species ranking/hierarchy hypothesis across sampling 

designs to validate current trait collection protocols focused on species mean trait values. 

Overall, SLA and peak flowering date varied across the growing season between species 

and years. When comparing the species mean trait value within and between years, we showed 

significant differences in the mean SLA values at both temporal scales. These findings 

correspond with studies that suggest that intraspecific trait variability may be more important at 

local scales for capturing fine-scale ecological processes related to species coexistence (Clark et 

al. 2010; Jung et al. 2010; Messier, McGill & Lechowicz 2010; Albert et al. 2011; Violle et al. 
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2012). Although species mean SLA varied within and between years, SLA was consistently 

lower in 2012 and consistently higher in 2013 than the 1:1 ratio for all comparisons collected 

seasonally and annually. This suggests that local abiotic or biotic variation can lead to shifts in 

the mean trait values observed over short time scales, providing potential insights to how 

individuals may respond to changes in climate. Furthermore, species hierarchy was conserved for 

SLA across seasonal and annual data collections, which is consistent with previous findings 

(Garnier et al. 2001; Albert et al. 2010; Kazakou et al. 2014; Romermann et al. 2016). This 

finding was further supported by the variance partitioning analysis for which species accounted 

for more than 50% of the variance within and between years.  

Species SLA averaged over the growing season was not significantly different from the 

species mean SLA collected from the trait database. Similarly, the estimated mean based on 

collection at peak growing season did not significantly differ from the database mean. However, 

SLA collected from the database for most shrubs was consistently lower than the 1:1 ratio for all 

comparisons and Geranium viscossimum was two times greater than the locally collected values 

of SLA. This is likely an artifact of variable sampling methods observed in the global database, 

such as unaccounted for differences in species ranges- both geographically and climatically, as 

well as the focus of the original study which may introduce sampling biases. In contrast to result 

of Kazakou et al. (2014), species hierarchy was not conserved for SLA from the database when 

compared to different temporal collection methods. This suggests that intraspecific trait variation 

is high compared to interspecific trait variation. Although the species-specific means were not 

found to be significantly different, their rankings were. Therefore, caution should be used when 

applying species-specific mean trait values when comparing the local variation of individual 

species across short time periods.  
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Whilst our results support the species ranking/hierarchy hypothesis for locally collected 

data (Garnier et al. 2001; Kazakou et al. 2014), they highlight the importance of intraspecific 

trait variability for capturing subtle differences within and between years at local scales, 

consistent with other studies (Clark et al. 2010; Jung et al. 2010; Messier, McGill & Lechowicz 

2010; Albert et al. 2011; Violle et al. 2012). Furthermore, these findings suggest that ‘snap-shot’ 

sampling designs may over- or underestimate community trait distributions, reducing 

predictability (Lake & Ostling 2009; Fajardo & Siefert 2016; Romermann et al. 2016). However, 

variation within sampling design (local data vs global data) is greater than variation between 

sampling designs, suggesting that, despite violations to the assumption that intraspecific trait 

variation is less than interspecific trait variation, general patterns at the community level may be 

maintained for the most common species. Therefore, it is still possible to apply species means 

from trait databases; however, data should be checked for deviations from expectations by 

comparing the effect of species using data simulations or null models (de Bello 2012). In 

addition, the objective of the study should correspond with higher biological levels to reduce the 

influence of species-specific variation at local scales.  

Moreover, databases should try to incorporate as much information as possible for each 

sample that allows researchers to pull stats other than the species/sample means. This, however, 

falls partly on the persons collecting the trait data and their willingness to share their full 

datasets. Therefore, we suggest that researchers should develop a standardized protocol for 

publishing trait data that make it more accessible for publicly available trait databases. Ideally, a 

database would be able to provide locality information containing standardized environmental 

variables, or from which environmental conditions can be deduced. Additionally, databases 

could identify the percentage of variation due to the level at which a sample is collected, for 
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example, leaf (30%), individual (10%), species (40%), and unknown (20%). This would allow 

researchers to make inferences about intraspecific variability.     
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Table 1. Environmental variables for each year. Total annual precipitation (mm), mean annual 

temperature (°C) were calculated at 4 km resolution from PRISM. Snowmelt date was extracted 

from Henderson, 2016. Peak growing season dates were calculated as the peak day of year based 

on the percent green and greenness excess index for each year. Peak flowering dates were 

calculated as the average day between species for each year. 

YearyY 

Precipitation 

(mm) 

Temperature 

(°C) 

Snowmelt 

(Day of year) 

Peak growing season 

(Day of Year) 

Peak flowering 

(Day of Year) 

2012 491.74 3.96 99 166 210 

2013 724.66 2.34 112 175 195 

2014 777.75 2.94 140 178 210 

 

 

 

Figure 1. Climate dynamics for 30 years (1985-2015). a, mean annual temperature over 30 years. 

b, total annual precipitation for 30 years. Red, 2012. Green, 2013. Blue, 2014. Solid horizontal 

black line represents the long-term mean. Shaded area is the 95% confidence interval.   
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Figure 2. Specific leaf area (SLA, m2/kg-1) across the growing season for four species of shrubs. 

Red, 2012. Green, 2013. Blue, 2014. Vertical dashed lines represent peak flowering day for each 

year. Solid black horizontal line represents the species mean SLA from BIEN.  
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Figure 3. Specific leaf area (SLA, m2/kg-1) across the growing season for four species of 

perennial forbs. Red, 2012. Green, 2013. Blue, 2014. Vertical dashed lines represent peak 

flowering day for each year. Solid black horizontal line represents the species mean SLA from 

BIEN.  
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Table 2. Species information. Minimum and maximum specific leaf area (SLA, m2/kg-1) for each 

species during each collection year (2012, 2013, 2014) as well as the total number of samples per 

year per species (n). Samples per year represent the average trait value per individual per 

collection. SLA from the BIEN database is the species mean for n samples. Samples for BIEN 

could represent either leaf level, individual level, or species level averages.    

Taxon SLA (2012) 

n 

(2012) SLA (2013) 

n 

(2013) SLA (2014) 

n 

(2014) 

SLA 

(BIEN) 

n 

(BIEN) 

Erigeron speciosus 11.848; 24.156 70 15.461; 32.014 50 12.223; 26.608 40 21.370 17 

Eriogonum umbellatum 7.205; 12.335 70 9.103; 20.613 48 9.591; 16.471 40 10.764 16 

Geranium viscossimum 7.999; 12.335 70 8.424; 16.955 35 8.794; 13.597 40 30.019 190 

Artemisia tridentata 6.365; 15.297 70 10.070; 15.887 40 7.754; 17.821 50 8.451 24 

Chrysothamnus viscidiflorus 9.377; 24.476 75 9.620; 32.815 49 10.660; 20.440 50 7.919 1 

Pentaphylloides floribunda 7.758; 15.015 70 9.564; 16.955 50 7.900; 17.068 50 11.364 1 

Valeriana edulis 7.838; 13.466 70 8.029; 16.656 48 7.148; 15604 40 10.922 16 

Salix sp. 9.253; 20.852 75 10.321; 30.107 50 9.308; 19.414 50 11.972 358 
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Figure 4. Patterns of variation for specific leaf area (SLA, m2/kg-1) within and between species 

across three years from eight species collected in Crested Butte, CO. a-c, variation between 

monthly mean SLA. d-f, variation between annual SLA. The dotted line represents the 1:1 line. 

Spearman correlation coefficients (rho) and the ANOVA (F) statistic are noted in the bottom 

right hand corner of each panel. *, p-value <0.05, **, p-value <0.01 ***, p-value <0.001. 
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Figure 5. Patterns of variation between species across three years from Crested Butte, CO 

compared to the same species from the BIEN database for specific leaf area (SLA, m2/kg-1). a-c, 

SLA averaged over the growing season. d-f, peak growing season mean SLA. The dotted line 

represents the 1:1 line. Spearman correlation coefficients (rho) and the ANOVA (F) statistic are 

noted in the bottom right hand corner of each panel. *, p-value <0.05, **, p-value <0.01 ***, p-

value <0.001. 
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Figure 6. a, Variance partitioning between individuals, species, and sampling time (day of year 

and year) for SLA. b, Variance partitioning between individuals, species, and sampling day for 

SLA during 2012. c, Variance partitioning between individuals, species, and sampling day for 

SLA during 2013. d, Variance partitioning between individuals, species, and sampling day for 

SLA during 2014.  
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