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ABSTRACT 

 Assessing how environmental change affects plants is increasingly important as 

terrestrial ecologists attempt to predict future patterns from current processes. However, 

this challenge is complicated because plant communities can respond to environmental 

variation at different, but overlapping scales. Additionally, both patterns and the 

processes that drive them are sensitive to the methods that scientists use to study them. 

Consequently, a variety of experimental and theoretical approaches are necessary to 

improve our understanding of how organisms, communities, and ecosystems will respond 

to future change.  

 Collectively, the studies in this thesis employ a diverse array of approaches to test 

important ecological theories, including long-term observational studies, manipulative 

experiments, and analyses that leverage both local and global datasets. The Enquist lab 

has been measuring subalpine meadow carbon fluxes and climate variables at the Rocky 

Mountain Biological Laboratory (RMBL), for over 13 years at the time of this writing. 

Examining correlations between climate and carbon flux over this time has led to the 

identification of interesting patterns between snowmelt, precipitation events, and rates of 

carbon exchange. Despite the longer growing season, early snowmelt dates ultimately 

result in lower productivity in these systems. Pairing this study with the results of a soil 

moisture manipulation experiment aided in the discovery that the strength and duration of 

the foresummer drought was directly related to rates of carbon exchange and biomass 

accumulation in these systems. Thus, Integrating long-term observational work with an 
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experimental manipulation served to link pattern and process in a way that was not 

possible with either study alone.  

 The studies in this thesis range in scale from sub-organismal (chapter 3), to 

community ecosystem (chapters 1 and 2), to continental (chapter 4). Across all scales a 

functional trait ecology approach contributes a holistic view of how these changes may 

impact organismal, ecosystem, and evolutionary responses to environmental variation. 

Plants are frequently faced with fundamental performance tradeoffs, which arise due to 

physical, chemical, genetic/evolutionary, and/or ecological constraints. As a result, 

functional trait measurements can reflect ecological strategies or resource acquisition 

strategies. Functional ecology offers a promising approach to linking the attributes of 

individuals to and communities to ecosystem processes.  

 Understanding how individuals, communities, and ecosystems will respond to 

environmental change is a fundamental question in ecology. I address this topic using a 

variety of novel experimental methods and statistical techniques. I use a functional 

ecology approach by considering not only the species in a community, but also the 

distribution of functional traits that those species represent. It is in this way that I test 

ecological hypotheses regarding plant responses to environmental change over 

physiological, ecological, and evolutionary time scales.  
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INTRODUCTION 

 The ecological processes affected by climate change are relevant to everyone. 

Human wellbeing is inextricably linked to the services that ecosystems freely provide, 

including forage, timber production, and carbon storage (Millennium Ecosystem 

Assessment 2005). There is a strong public and governmental focus on the role of carbon, 

in particular, on ecosystem health. Increased CO2 emissions have contributed 

substantially to greenhouse forcing, a principle driver of the 0.85 °C mean global surface 

temperature increase in the last 130 years. In addition to rising temperatures, precipitation 

events have become more variable in strength and timing (IPCC 2013). Climate models 

predict increased winter and spring precipitation for the Northeastern United States, and 

decreased precipitation for the Southwest (IPCC 2013). These climate changes have 

potentially far-reaching implications for the distribution and abundance of plant and 

animal communities, the spread of important pests and pathogens, and the structure and 

functioning of ecosystems (IPCC 2013). However, forecasting biotic responses to climate 

change remains a major challenge, due in large part to the potential for complex 

feedbacks and interactions between climate, biogeochemical cycling, and ecological 

change. Consequently, understanding how and why changes in climate affect natural and 

managed systems has become a central focus of modern ecology (Vitousek 1994). 

Climate change and the affect on carbon flux and storage 

 Subalpine ecosystems are an important but vulnerable carbon sink (Desai et al. 

2011). Mountain ecosystems in the Western United States above 750 m appear to be 

especially important as they account for 70% of the carbon stored in the region (Schimel 

9



	

et al. 2002), and subalpine meadows are believed to sequester more carbon than they 

release over a typical year (Lambert et al. 2010). The net ecosystem exchange (NEE) of 

carbon with the atmosphere is determined by photosynthesis as well as respiration by 

plants and soil microbes. Feedbacks between the climate and biosphere are more 

pronounced in mountain and high latitude systems, and both the above- and below-

ground components of NEE may be influenced strongly by changes in climate (Desai et 

al. 2011). These areas have witnessed the fastest pace of temperature increases on the 

planet. Furthermore, because the soils of high latitude and altitude environments are rich 

in stored carbon (Schlesinger 1997), releases of this carbon through increased soil 

temperatures and drying may accelerate the pace of warming.   

 The fieldwork reported in this dissertation was conducted primarily at the Rocky 

Mountain Biological lab (RMBL) in Gothic, Colorado (38°57.5′N, 106°59.3′W, 2900 m 

elevation). The subalpine meadows in this area are already experiencing the effects of 

climate change. At RMBL, the mean summer temperature has increased by 0.38 °C and 

the snowmelt date has advanced 4.14 days per decade over the last 30 years (Lambert et 

al. 2010). Advanced snowmelt dates are likely due to a combination of rising temperature 

(Barnett et al. 2005, Howat and Tulaczyk 2005), increasing precipitation abnormalities 

(Karl 2009), and high rates of dust deposition (Neff et al. 2008). Changes in snowmelt 

date are especially important because at RMBL 80% of the yearly precipitation as winter 

snow (Dunne et al. 2003). Elevated temperatures melt snow more quickly in the spring, 

thus increasing runoff and ultimately decreasing the amount of soil moisture available for 

plants between the snowmelt (April or May) and the summer monsoon season (July).  
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Simultaneously, precipitation abnormalities have become more frequent, apparently due 

to shifts in continental-scale weather patterns. Furthermore, over this same time period 

there has been a trend of less precipitation falling as winter snow and more as summer 

rain (Lambert et al. 2010). Snow is melting more quickly in the spring and that the timing 

of summer precipitation events is becoming more variable; however, the direct and 

indirect effects that these concurrent changes will ultimately have on rates of carbon 

exchange and storage remain unknown.  

 Changes in the depth of snowpack and the date of snowmelt can have significant 

impacts on the overall biomass that plants accumulate over the course of a growing 

season (Harte and Shaw 1995). Studies in the subalpine forest at Niwot Ridge in 

Nederland, Colorado (> 3000 m elevation) found that earlier snowmelt dates were 

associated with lower overall seasonal carbon storage, suggesting a strong association 

between ecosystem productivity and snowpack depth in high mountain ecosystems 

(Monson et al. 2002). However, we do not know what effect the recent changes in the 

timing and amount of available soil water will have on carbon storage. On the one hand, a 

longer snow-free period in the subalpine could permit a longer growing season for plants. 

Indeed, some studies suggest that a longer growing season could lead to an increase in the 

strength of the already substantial role of this ecosystem as an important carbon sink 

(Yuan and Chen 2009). However, earlier snowmelt dates and/or a delayed summer 

monsoon may lead to drier soils, which may in turn inhibit NEE (Monson et al. 2002). 

 In this thesis I address these questions by integrating the results of a long-term 

observational study along an elevational gradient with a watering manipulation 
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experiment (Sloat et al. 2015). I first evaluate the relationship between yearly climate 

variables and productivity across different elevations using thirteen years of ecosystem 

flux measurements along a subalpine elevational gradient. Understanding the role that 

precipitation plays in this relationship is difficult because temperature and precipitation 

are often coupled; furthermore, higher temperature will lead to decreases in soil moisture 

and longer growing seasons. This problem is addressed by conducting a manipulative 

experiment in which the timing and amount of precipitation are altered across plots in the 

same year. This approach allowed direct comparisons among treatments using plots that 

have experienced roughly the same growing season length, surface temperature and 

relative humidity. This work joins a growing list of studies that compare and synthesize 

results of multiple field methods in order to identify thresholds and tipping points 

affecting biosphere-atmosphere feedbacks (Dunne et al. 2004, Kreyling et al. 2013).  

Plant functional traits and diversity affect carbon flux and storage   

 Plant species within a community will differ in their ability to capture, store, and 

release carbon. These functional differences are reflected in key plant functional traits 

(Wright et al. 2004, McGill et al. 2006, Westoby and Wright 2006). The contribution that 

a given species or functional trait measure will have on productivity is likely to depend 

on its own abundance or frequency (Grime 1998, Loreau et al. 2001). Therefore, in 

addition to the effects that the abiotic environment has on carbon exchange and storage 

(discussed above), the abundance weighted mean (CWM) and range (CWV) of functional 

traits, as well as the distribution of their collective functional characteristics (functional 

diversity, or FD) should major driver of terrestrial carbon flux as well (Díaz et al. 2007). 
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While many studies have examined the influence of climate, functional traits, functional 

diversity, and species diversity on productivity, very few studies have combined these 

methods, or examined the relative explanatory power of each. 

 There are many advantages of using functional (rather than taxonomic) measures 

of ecosystem composition, particularly when examining the influence that this 

composition has on ecosystem productivity (McGill et al. 2006). This is because 

functional traits can be used as descriptors for the ecological strategy of a plant as well as 

reflections of the environment in which they grow (Lavorel 2009, Lavorel 2013). 

Functional traits can refer to any measureable attributes of the phenotype of an organism 

that reflect plant performance (Violle et al. 2007), but certain key functional traits have 

the potential to provide explicit descriptions of the mechanisms by which the individual 

interacts with its environment (Wright et al. 2004; Westoby and Wright 2006).   

Plants are frequently faced with fundamental performance tradeoffs, which arise 

due to physical, chemical, genetic/evolutionary, and/or ecological constraints. As a result, 

functional trait measurements can be a reflection of ecological strategies or resource 

acquisition strategies (Reich et al. 2003). For example, plants with high relative growth 

rates often have greater photosynthetic capacity (Amax), but pay costs in the form of 

shorter leaf lifespan and lower carbon concentration. Plant species with high inherent 

relative growth rates tend to have greater photosynthetic capacity than inherently slow-

growing plant species, but this trades off with shorter lifespan, lower dry matter content 

and lower carbon concentrations of aboveground and belowground plant organs (Reich et 

al. 2003, Wright et al. 2004, Shipley et al. 2006, Westoby and Wright 2006, Reich 2014). 
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Fundamental functional tradeoffs that operate at the individual-level (e.g. growth rate, life 

span, and physico-chemical composition) are reflected in key leaf functional traits such 

as specific leaf area (SLA), maximum photosynthetic capacity (Amax), and leaf nutrient 

content (i.e. relative carbon, nitrogen, and phosphorus content) (Westoby et al. 2002, 

Westoby and Wright 2006). 

 The effect that plant functional traits have on ecosystem function will depend on 

the abundance of each species as well as the range of trait values within each species, and 

thus community (abundance) weighted mean, CWM, and variance, CWV, of traits have 

emerged as useful measures (Ackerly and Cornwell 2007, Sonnier et al. 2010). This idea, 

that communities with more carbon acquisitive trait values will have faster ecosystem 

productivity rates, is often attributed to the mass ratio hypothesis, which posits that 

ecosystem functioning is primarily determined by trait values of the dominant 

contributors to plant biomass (Grime 1998).  

 The distribution of relevant functional traits within a community (FD) can help to 

identify community resource use patterns. It is often predicted that the more complete or 

efficient the resource use strategies of individuals are within a community, the greater the 

productivity (Steltzer et al. 2009). However, FD can also be used to identify the role of 

facilitation or interference on productivity (Petchey et al. 2004). Three major components 

of plant functional diversity could help to explain differences in productivity: The 

abundance weighted convex hull volume of niche space (functional dispersion, FDis), the 

distribution of functional traits through the niche space (functional evenness, FEve), and 

the divergence of functional traits within niche space (functional divergence, FDiv) 
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(Mason et al. 2005, Villéger et al. 2008, Laliberte and Legendre 2010). Alternatively, 

basic species richness (the number of different species) could be a good enough predictor 

on its own (Tilman 1993, 1999). 

 The abiotic environment, the mean and/or range of key leaf functional traits, the 

distribution of collective functional characteristics, or species diversity alone can 

influence rates of carbon flux or storage. In this thesis I address the differences in the 

ability of each of these approaches to explain carbon pools and fluxes. I do this by using 

multi-model inference to compete models that use variables within and among 

approaches (environment, community weighted traits, species diversity, and functional 

diversity). This method allows for inference based on weighted support from several 

models, and allows for the identification of the variables that are the most frequently 

relied upon across all models. The results of this work advance the field by lending 

insight into the relative effectiveness of multiple approaches to studying the drivers of 

carbon storage and flux. 

Plant trait correlations 

 The functioning of communities and ecosystems is, in many ways, the aggregate 

outcome of processes that occur at the individual level. In order for an individual plant to 

function optimally, the organs within plants need to accomplish their individual tasks 

wile still acting together as an integrated unit. Organisms would function best for their 

given environment if their traits were very plastic, but there are many costs to adaptive 

plasticity (DeWitt et al. 1998). Consequently, observed plant traits are often constrained 

by developmental or genetic constraints. For example, because flowers evolved as 
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modified leaves, they still share many linked developmental processes (Evans 1971, 

Evert 2006). However, the relative influence of these pleiotropic effects versus natural 

selection in the evolution of quantitative traits is still a debated and active area of 

research (Lande 1979, Riska 1989, Houle 1991, Pigliucci 2006), and the degree to which 

suites of correlated traits are bound together is not fully understood, despite a history of 

theoretical and experimental work (Berg 1960, Armbruster et al. 1999, Murren 2002, 

Pigliucci and Preson 2004).  

 Some of the earliest observations about how selection acts on plant trait 

correlations came from R. L. Berg. She hypothesized that phenotypic integration patterns 

may be influenced by selection driven by associations with specialist pollinators (1960).  

She posited that tight correlation of floral traits ensured the proper pollen placement for 

specialist pollinators. Further, this pollinator-mediated selection served to dissociate 

groups of correlated traits within flowers from the groups of correlated traits within 

leaves.  

 A number of testable predictions follow from Berg’s hypothesis. (1) Plants with 

specialized pollination syndromes would have floral traits that are largely decoupled from 

vegetative traits. (2) Plants without specialist pollinators would have flowers and leaves 

that are not decoupled because selection by pollinators has not broken up the default 

genetic correlations between these two groups. (3) Intercorrelation of floral traits should 

be stronger in specialist than in non-specialist pollinated species. Additionally, I add that 

(4) if associations with specialist pollinators dissociate floral traits from leaf traits 

(predictions 1 and 2 are supported), we should see increased differences in the rates of 
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phylogenetic signal between floral and leaf traits for specialist pollinated species when 

compared to non-specialist pollinated species.  

 In this dissertation I use a dataset of herbaceous perennial plant traits collected in 

and around the RMBL by a group of plant ecologists. I have separated plant functional 

traits into two organ groups: flowers and leaves, in order to test the above predictions for 

the interspecific relationships among 124 species. The results of this study will help us to 

understand the degree to which plant traits are coordinated within and among organs, and 

will advance the field by lending insight into the tradeoffs faced by evolutionary selection 

on the whole plant phenotype.  

Geographic range size limitation  

 Above, I discuss the use of plant functional traits as predictors of ecosystem 

productivity and as measures of phenotypic integration, but can they be effective 

predictors of patterns as complex as species distributions?  

 A fundamental goal of ecology is to understand the relative importance of the 

forces that determine how organisms are distributed both locally and globally (Lomolino 

et al. 2004). Predicting species distributions has become an important aspect of 

conservation planning (Franklin 1995). Understanding the mechanisms that determine 

geographic ranges is important for predicting species distributions under future climate 

change scenarios (Guisan and Zimmermann 2000).  

 While many aspects of ecology and evolution determine the geographic 

distributions of organisms, theory suggests that dispersal capacity may determine 
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geographic range sizes by affecting the ability to arrive at new environments (Lester et al. 

2007). Dispersal distance is a critical element of dispersal capacity, as the distance that a 

seed is able to travel from its parent can affect a wide range of community dynamics such 

as levels of intraspecific competition, abundance, population genetics, and range 

expansion rates (Brown and Maurer 1989, Hoffmann and Blows 1994, Gaston 2003, 

Levin et al. 2003, Bahn et al. 2006).  

 The distance that a seed travels depends in some way on the primary mode of 

dispersal, or dispersal syndrome. For example, wind dispersed seeds generally travel 

farther than seeds that are carried by ants or mammals (Thomson et al. 2011, Estrada et al. 

2015). Additionally, the effect that dispersal distance has on range size may be influenced 

by relationships with important life history traits. Specifically, plant height and seed mass 

have both been shown to correlate to dispersal distance (Muller-Landau et al. 2008, 

Thomson et al. 2011, Flores-Moreno et al. 2013). It has been suggested that plant height 

may aid in long distance dispersal by wind (Tackenberg et al. 2003, Soons et al. 2004), 

while tall trees with large fruit may attract long distance dispersers such as birds 

(Thomson et al. 2011).  

 The effect that dispersal distance has on geographic range size is still unknown. If 

geographic range expansions are limited by the ability to arrive at new locations, a 

positive relationship is expected. Previous studies that have examined this relationship 

found mixed results. Some have found a positive relationship (Lloyd et al. 2003, Van Der 

Veken et al. 2007, Normand et al. 2011, Nogués-Bravo et al. 2014, Estrada et al. 2015), 

while others have found no relationship (Thompson et al. 1998, Gove et al. 2009).  
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 In this dissertation I test the idea that species capable of dispersing farther have 

larger range areas using a large empirical dataset for 397 New World plant species. I 

explore the idea that the relationship between dispersal distance and range size may 

change within dispersal syndrome, or be influence by plant height and seed mass. 

Additionally, I test for the effect of evolutionary history (phylogenetic signal) on these 

relationships, and account for it when appropriate.  

 After the last ice age, long-distance dispersal events were crucial for preserving 

genetic diversity and expanding geographic distributions of plant species (Bialozyt et al. 

2006, Svenning and Skov 2007). While many plant range sizes are relatively stable now, 

future global change is predicted to increase disturbance through habitat fragmentation, 

overharvesting, biological invasions, and climate change (McConkey et al. 2012). 

Understanding the role that dispersal plays in determining range size will become 

increasingly important as species are required to shift their ranges in response to global 

change.  
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PRESENT STUDY 

The methods, results, and conclusions of this research program are presented in 

manuscripts appended to this dissertation. All work presented herein is a result of multi-

authored manuscripts in which I was the primary contributor. The following is a 

description and summary of the most important findings in these documents.  

 Appendix A examines the effect of the foresummer drought on carbon exchange 

in subalpine meadows.  Climate in subalpine meadows of the Rocky Mountains can be 

characterized by an early (foresummer) drought that occurs after snowmelt (May) and 

lasts until the start of the summer monsoon season (July). Climate change models predict 

an increase in the length and severity of this dry period due to earlier snowmelt dates, 

rising air temperatures, and shifts in the start and/or intensity of the North American 

monsoon. However, it is unknown how changes in the severity of this early season dry 

period will affect ecosystem carbon exchange. To address the importance of early season 

drought, we combined a watering manipulation with 11 years of ecosystem carbon 

exchange data across an elevational gradient at the Rocky Mountain Biological 

Laboratory in Gothic, Colorado. One of the most important patterns highlighted in 

appendix A is years with earlier snowmelt dates actually have a decrease in net 

ecosystem productivity (NEP) and overall biomass. We find that this is in part because of 

the positive effect of early snowmelt dates on early growing season drought conditions. 

Manipulating the strength of the foresummer drought by watering revealed that the 

timing of growing season precipitation is more important than the total amount for 

determining cumulative NEP. The strength of the fore summer drought did not 
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significantly impact ecosystem respiration rates, but plants that experienced a strong 

foresummer drought exhibited more water stress, and lower instantaneous rates of NEP, 

even during the rainy season. Appendix A highlights the central role of the foresummer 

drought in determining rates of carbon exchange throughout the growing season, and the 

potential for an increasingly negative balance of carbon in subalpine meadows under 

future climate change. 

 Appendix B explores the contributions of the abiotic environment, plant 

functional traits, and the taxonomic and functional diversity of subalpine meadow 

communities on carbon pools and sinks. While many other studies have invoked mainly 

one or two of these approaches, they rarely utilize elements across all of these approaches. 

To address this question with real data we measured various carbon cycling parameters, 

including instantaneous rates of ecosystem carbon uptake during the day (NEP) and at 

night (Reco), as well as rates of soil respiration (Rsoil), and rates of biomass 

accumulation (NPP). We also measured elements of carbon pools such as soil organic 

carbon (SOC), and peak aboveground biomass (bio) for forty-four 1.2 m2 plots in five 

sites along an elevational gradient near Crested Butte, CO, that span the subalpine zone 

from 2475 to 3380 m elevation. We concurrently measured soil moisture, soil 

temperature, and five leaf functional traits (SLA, Amax, C, N and P content) on 77 

angiosperm species within each plot in order to calculate community weighted mean 

(CWM) and variance (CWV) of these traits, as well as species diversity (sppdiv) and the 

multivariate functional diversity measures functional dispersion (FDis), functional 

evenness (Feve), and functional divergence (FDiv). We generated linear mixed effects 
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models with sites as random factors and found that (1) Models that include the abundance 

weighted mean and variance of leaf traits often explain carbon dynamics better than 

models that include environmental or functional diversity variables alone. (2) There were 

no systematic differences between the type of variables that explained carbon pools 

versus carbon fluxes, and (3) the best models often include variables from multiple 

approaches. Thus, the overarching conclusion of Appendix B is that the most 

parsimonious predictions of ecosystem functioning require inclusion of community 

weighted trait means, community weighted trait variances, and abiotic measures.  

 Appendix C focuses on coordination between leaves and flowers of subalpine 

plant species. The relative independence or coordination within and among plant organs 

affects the ability for plants to adapt to changing environments. Because flowers evolved 

from leaves, the traits of these two organs are linked by developmental and genetic 

controls. However, it has been hypothesized that selection on floral traits by specialist 

pollinators may serve to separate floral traits from leaf traits via selection on specific 

floral trait relationships (Berg, 1960). In Appendix C we test predictions from this 

hypothesis using floral and leaf traits from 124 subalpine plant species. We use six 

ecologically important leaf functional traits (SLA, Amax, C:N, N:P, δ13C, and δ15N) 

along with nine floral traits measuring flower color (hue, saturation, and brightness), 

morphology (length x width x height of flowers and floral displays), and phenology (the 

duration of flowering, beak flowering date, and the 38-year variance of those measures). 

Notably, we find that (1) the magnitude of trait correlations within flowers was greater 

than within leaves for specialist-pollinated species, but the same was not true for non 
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specialist-pollinated species. (2) The intracorrelation of floral traits is stronger in 

specialist-pollinated species than non specialist-pollinated species. And (3) there were 

significant differences in phylogenetic signal between floral and leaf traits for specialist-

pollinated species, but not other species. Our results are consistent with the findings of R. 

L. Berg (1960) and others in the field of phenotypic integration, that suggest that floral 

traits are integrated, in part because of selection by pollinators, and that pollinator 

mediated selection may dissociate the links among floral and leave traits.  

  Appendix D examines the relationship between seed dispersal distance and 

geographic range across 397 New World plant species. Understanding what limits 

geographic range size is important for species conservation and for predicting potential 

range shifts under future global change scenarios. Seed dispersal distance is assumed to 

play an important role in determining range size by affecting the ability to spread to new 

habitats; however, the prevalence and strength of this relationship is not currently known. 

Surprisingly, we find no relationship between dispersal distance and range size. This 

remains true across all species, within dispersal syndrome (unassisted, wind, ant, and 

ballistically dispersed), and regardless of the range size metric (convex hull, latitudinal 

extent, longitudinal extent, and a MaxEnt species distribution model). Next, we ask 

whether the relationship between dispersal distance and range size might be influenced 

by relationships with two ecologically important plant functional traits - plant height and 

seed mass, both of which are known to be correlated with seed dispersal distance. 

Multiple regressions reveals that there is still no significant relationship after accounting 

for these factors. Plant traits do a better job of explaining range size than dispersal 
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distance, although the best trait model only explains 9% of the variation in range size. 

When competing models with all combinations of explanatory variables (dispersal 

distance, dispersal syndrome, plant height, and seed mass), plant height was determined 

to be the single best predictor of range size. It appears that the range size of many extant 

North American plant species may be primarily limited by factors other than dispersal 

distance. However, as habitats shift with changes in climate and global change increases 

disturbance, dispersal distance may become an increasingly important for determining the 

distribution of species.  
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ABSTRACT

Climate in subalpine meadows of the Rocky

Mountains can be characterized by an early (fore-

summer) drought that occurs after snowmelt (May)

and lasts until the start of the summer monsoon

season (July). Climate change models predict an

increase in the length and severity of this dry period

due to earlier snowmelt dates, rising air tem-

peratures, and shifts in the start and/or intensity of

the North American monsoon. However, it is un-

known how changes in the severity of this early

season dry period will affect ecosystem carbon ex-

change. To address the importance of early season

drought, we combined a watering manipulation

with 11 years of ecosystem carbon exchange data

across an elevational gradient at the Rocky Moun-

tain Biological Laboratory in Gothic, Colorado.

Long-term trends reveal that earlier snowmelt dates

lead to a decrease in net ecosystem productivity

(NEP), in part because of the positive effect on early

growing season drought conditions. Manipulating

the strength of the foresummer drought by watering

revealed that the timing of growing season pre-

cipitation is more important than the total amount

for determining cumulative NEP. The strength of the

foresummer drought did not significantly impact

ecosystem respiration rates, but plants that experi-

enced a strong foresummer drought exhibited more

water stress, and lower instantaneous rates of NEP,

even during the rainy season. Our results highlight

the central role of the foresummer drought in de-

termining rates of carbon exchange throughout the

growing season, and the potential for an increas-

ingly negative balance of carbon in subalpine

meadows under future climate change.

Key words: climate change; sualpine; NEP; fore-

summer drought; elevation gradient; watering

manipulation.

INTRODUCTION

Hydroclimate plays an important role in ecosystem

carbon exchange in western North America (Sch-

walm and others 2012). In these arid systems, soil

moisture positively affects the rates of photosyn-

thesis by plants (Farquhar and Sharkey 1982), as

well as respiration by soil microbes (Ryan and Law

2005). Global climate change predictions point to

shifts in atmospheric circulation patterns over mid-

Received 8 July 2014; accepted 24 December 2014;

published online 18 February 2015

Electronic supplementary material: The online version of this article

(doi:10.1007/s10021-015-9845-1) contains supplementary material,

which is available to authorized users.

Author Contributions LLS conceived of and designed the watering

manipulation, collected data, analyzed data and wrote the paper. BJE

conceived of and designed the elevational gradient observations, collected

data and wrote the paper, ANH and CAL collected data and wrote the

paper.

*Corresponding author; e-mail: llsloat@email.arizona.edu

Ecosystems (2015) 18: 533–545
DOI: 10.1007/s10021-015-9845-1

� 2015 Springer Science+Business Media New York

533

Author's personal copy

35

http://dx.doi.org/10.1007/s10021-015-9845-1


latitudes that may alter the timing and duration of

both winter snowstorms and summer monsoon

events in western North America (IPCC 2013). We

know that the timing of precipitation events can

affect rates of carbon exchange (Huxman and

others 2004), but how these changing precipitation

regimes may influence terrestrial carbon fluxes and

storage is not well understood. The timing of the

arrival and duration of the North American mon-

soon may be particularly important, as monsoonal

moisture contributes much of the summer pre-

cipitation that falls in the western United States

(Adams and Comrie 1997; Higgins and others

1997). Additionally, moisture from the previous

growing season can play an important role in car-

bon fluxes (Potts and others 2006; Patrick and

others 2007).

Recent global climate model ensembles (for ex-

ample, CMIP5) predict a shift toward lower snow-

fall, earlier snowmelt, and faster runoff in western

North America(Higgins and Shi 2001), becoming

widespread by the late Twenty-first century

(Diffenbaugh and others 2013). Additionally, some

studies project a redistribution of precipitation in

the summer monsoon regime toward reduced

spring precipitation and increased late monsoon

precipitation (Rauscher and others 2008; Biasutti

and Sobel 2009; Seth and others 2011). Together,

these changes would increase the length of time

between snowmelt and the occurrence of the

summer monsoon, or the ‘foresummer’ part of the

growing season. Currently, the intermountain

west experiences a foresummer drought of vari-

able strength (magnitude and duration) (see sup-

plemental Figure 3). Low snowpack years with

faster melting snow would expose plants to po-

tentially longer and drier periods before the onset

of monsoonal moisture. With the added predic-

tions of increasingly warmer temperatures, this

foresummer period could become more drought-

like. A valuable question therefore is how im-

portant is the magnitude and duration of this

‘foresummer’ period for carbon flux in western

North America?

The Rocky Mountain Biological Laboratory

(RMBL) in Gothic, Colorado (elevation 2900 m),

experienced a strong foresummer drought in 2012.

This drought was caused by a dramatic shift in the

jet stream, low snowpack, and high temperatures

(Kellner and Niyogi 2014). The shift in the jet

stream led to reductions in snowpack in the mid-

latitudes as well as a reduction of summer rainfall

before the July Monsoons (supplemental Table 1,

supplemental Figure 3). The 2011–2012 winter had

a low snowpack and the second earliest snowmelt

date recorded in RMBL history. Total snow accu-

mulation during winter in 2011–2012 was 640 cm,

which is about half as much as average (1117 cm).

The date of first bare ground was April 23rd, about

a month earlier than average (May 21). The early

season also experienced higher than average tem-

peratures (supplemental Table 1), which dried out

soil due to increases in evaporation. Total growing

season precipitation in 2012 was 34% of average.

Winter precipitation averages are for the time be-

tween 1974 and 2011 (available at www.rmbl.org).

In short, in 2012, this area experienced many of the

climate characteristics that are identified by future

climate projections.

To understand how variability in the timing and

strength of the foresummer drought affects

ecosystem carbon exchange and plant water status,

we conducted a watering experiment during the

summer of 2012. The watering manipulation was

designed such that the un-watered ‘‘control’’ group

served as the most severe drought treatment, and

three other treatment groups incrementally de-

creased the length and severity of the dry period.

We also re-measured the same plots the following

year (2013) to determine if antecedent soil mois-

ture affected rates of carbon exchange. To assess

the generality of this experiment, we then com-

pared our findings with 11 years of carbon flux

monitoring along a nearby elevational gradient

that spans from Sagebrush-steppe to high subalpine

meadows below tree line (2475–3380 m.a.s.l.)

(Johnston and others 2001). The 11 years between

2003 and 2013 experienced a wide range of fore-

summer soil moisture conditions between severe

drought and wetter than average (-3 to +1 on the

Palmer drought index) (Colorado Climate Center

2013).

Comparing and synthesizing results from a ma-

nipulation and a long-term gradient experiment

allows for the identification of robust trends in

ecosystem responses to climate change (Dunne and

others 2003). Our manipulative experiment allows

for a direct analysis of the effect of changes in

foresummer soil moisture on NEP independent of

yearly climate (for example, snowmelt date, tem-

perature, solar radiation) or changes in community

composition. Indeed, such climate change ma-

nipulations have recently been argued for in the

literature (Thompson and others 2014). Combining

a manipulative experiment with observations from

a long-term gradient experiment allows for the

analysis of ecosystem response to natural variations

and facilitates the identification of thresholds and

tipping points (Dunne and others 2004; Kreyling

and others 2013).
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Together, experimental and natural variations in

soil moisture allow us to address a number of

questions about carbon dynamics in this system:

(1) How does the length and severity of the foresum-

mer drought affect carbon fluxes in the subalpine zone?

In this system, plant productivity has been shown

to be primarily limited by water availability (La-

manna 2012). Thus, we would predict that changes

in soil moisture availability could lead to a number

of changes to the seasonal NEP curve (Box 1). The

length of the growing season could be extended

(Box 1 part A), and the rate of peak uptake could

increase (Box 1 part B) or shift in time (Box 1 part

C); these changes could influence cumulative NEP

(Box 1 part D).

(2) Do results from the watering manipulation match

those found through natural variation in precipitation,

and do these relationships change over an elevational

gradient? Given the primary role of soil moisture in

plant productivity, we would expect the relation-

ship between carbon fluxes and soil moisture to be

similar regardless of manual manipulation or nat-

ural variation. We also expect that higher elevation

sites, which have a longer duration of snow cover

and a shorter growing season, may be less affected

by foresummer drought because they will experi-

ence less water stress due to high water availability

in the soil.

(3) Are there year-to-year time lags in precipitation

effects on carbon flux? We re-visited the watering

manipulation the following growing season to as-

sess antecedent watering effects (Potts and others

2006). Specifically, we assessed if the watering

treatment in 2012 influenced soil nutrients and

Box 1 Net ecosystem productivity (NEP) is metric which includes aboveground and belowground inputs to
ecosystem carbon flux.

NEP is the gross primary productivity (GPP) of plants minus respiration by autotrophs and heterotrophs (Recosystem) (Begon

and others 2009). NEP is often equated to NEE, or the inverse of NEE (Kirschbaum and others 2001). At night when

plants are respiring NEP would be the same as Recosystem (Reay and others 2007). NEP is measured as a rate—in this case

it is measured in units of l moles of CO2 per m2/s. This rate can be positive or negative, depending on whether or not the

plants and soil together are taking in CO2 or releasing it into the atmosphere.

The NEP curve over the course of the growing season can be predicted to change in a number of ways in response to

experimental or natural variation in available moisture. Plants could remain active later in the season (A). The rate of

peak uptake could increase (B) or shift in time (C). Any of these changes have the potential to influence cumulative NEP

(D).
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carbon exchange the following year, and if the

water-balance of the previous year influenced

carbon exchange along the gradient.

METHODS

Experimental Design and Site
Description

The watering manipulation took place in the East

River valley on the site of the Rocky Mountain

Biological Laboratory (RMBL) in Gothic, Colorado

(30�57¢N, 106�59¢W, 2900 m elevation). Subalpine

meadows in this location are characterized by dry,

rocky soil, and long-lived perennial plants. The site

of the experiment is dominated by herbaceous

plants and grasses, within a mosaic of shrubs and

aspen-spruce forest (Langenheim 1962), although

the slope in which the experiment took place was

naturally free of trees and shrubs. ‘‘Ecosystem’’

level measurements for this experiment refer only

to herbaceous and graminoid-dominated meadows.

Conclusions should not be drawn about how

communities with shrubs respond to watering

manipulation, as shrubs have distinct functional

responses to drought. Plots were south to south-

west facing with a slope of about 15�. A list of

species on all plots and their abundances is given in

supplemental Table 2.

Five 1.0 m 9 1.0 m plots for each of four treat-

ments were randomly established in a grid at least

5 m distance apart from one another. There was no

significant difference in soil moisture (supplemen-

tal Figure 1) or soil carbon (supplemental Figure 2)

between plots at the beginning of the growing

season. Since 2012 was a severe drought year for

this system, the non-manipulated group experi-

enced the longest drought duration. Water was

applied to the ‘‘May’’ treatment group from May

15–May 31 (total 87.1 L—1.74 cm per plot), to the

‘‘June’’ treatment group from May 15–June 30

(total 155.2 L—3.10 cm per plot), and to the ‘‘July’’

treatment group from May 15 to July 31 (total

314.2 L—6.28 cm per plot), thereby creating three

different drought scenarios. Water was applied to

plots approximately five times a week at dusk using

a watering can or backpack sprayer. Water that was

treated with chlorine was exposed to the air for

least 48 h to allow chlorine to evaporate. The

amount of water applied to each treatment was

calculated by taking the maximum precipitation

from that month in the last 30 years and adding

this amount in addition to the natural precipitation

that fell during the experiment (Long term weather

data collected at RMBL by the EPA Castnet station

GTH161, latitude 38.95627, longitude-106.98587,

elevation 2915 m.a.s.l.). A majority of watering

experiments add or remove water equal to ex-

tremes from the recent past (Beier and others

2012). However, studies that add water equal to

the recent extremes do not provide the same ‘wet’

conditions as a naturally occurring extremely wet

year because humidity and atmospheric pressure

are not altered (Beier and others 2012). Further,

added water to an experimental plot is absorbed by

the dry soil surrounding the watering treatment.

Thus, we chose a volume of water equal to the

maximum monthly precipitation in the recent past

instead of the mean in an attempt to provide an

upper limit for watering while not delivering a

watering regime that exceeded recent experience.

Elevational Gradient

We assembled 11 years (2003–2013) of ecosystem

carbon flux data along an elevational gradient that

ranged between 2460 and 3380 m above sea level

and spanned a geographic distance of 39 km. The

elevational gradient contains five long-term study

sites that run from dry, shrub-dominated sage-

brush-steppe (2475 m.a.s.l.) through the subalpine

zone, to just below tree line (3380 m.a.s.l) (Ta-

ble 1). These long-term study sites were established

by Enquist in 2003 and have been sampled every

year since. The gradient spans the Washington

Gulch and East River valleys near RMBL, Crested

Butte, and Almont, CO, USA. Each study site is

approximately 50 m2 and is characterized by simi-

lar local slope, aspect, and vegetation physiogno-

my. All sites consist of a mixture of shrubs, grasses,

and forbs. There is substantial turnover of plant

species between sites with very few of the 120

species sampled occurring in more than two of the

sites (Bryant and others 2008). Additionally, shrub

cover across the gradient decreases from a high of

Table 1. Latitudes, Longitudes, and Elevations of
the Study Sites

Gradient sites

Elevation (m) N latitude W longitude

2475 38�39¢16¢¢ 106�51¢40¢¢
2700 38�52¢55¢¢ 106�58¢46¢¢
2815 38�53¢50¢¢ 106�58¢43¢¢
3165 38�57¢38¢¢ 107�01¢53¢¢
3380 38�58¢10¢¢ 107�02¢28¢¢
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33% at the lowest elevation site to 0% at the

highest. A species list for each site is given by Bryant

and others (2008). Every year, five 1.3 m 9 1.3 m

plots were established haphazardly along the local

slope of each study site, with at least five meters

distance between plots.

Equipment and Measurements: Carbon Flux

Carbon flux was measured as instantaneous day-

time peak uptake (ca. 10:00) and nighttime peak

respiration (ca. 22:00) (see Saleska and others 1999

for diurnal measurements). Ambient CO2 was

measured by a Li-Cor 7500 infra red gas analyzer

for 30 s, and then the tent was put in place over the

plot and the CO2 concentration within the tent was

measured for 90 s (Jasoni and others 2005). Day-

time measurements were only taken under cloud-

less conditions. The tent was designed to let in 75%

of photosynthetically active radiation (tent fabric

by Shelter Systems). Air inside the tent was well

mixed by fans, and the tent chamber was sealed

using a long, canvas skirt along the base of the tent

that was covered with a heavy chain. The volume

of the tent used along the gradient was 2.197 m3,

whereas a smaller tent of volume 0.125 m3 was

used in the watering experiment. Although the

tent flux method (described by Jasoni and others

2005) does not offer the same spatial coverage as

continuous flux measurements such as eddy flux

towers, the portable design does allow the ability

to rapidly assess carbon flux at a wider variety of

locations within and across experimentally

manipulated and control plots (Arnone and Obrist

2003).

Each watering treatment plot had a ¼ m buffer

outside of the tent flux area that was treated with

water, and used for soil cores, soil efflux, and plant

water potential measurements. Soil efflux was

measured at the same time as NEP using a Li-Cor

6400 portable photosynthesis machine with the soil

chamber. The soil chamber fits inside a PVC soil

collar, which was placed in the plot at least two

weeks prior to the first measurement. PVC soil

collars had four holes (�2 cm diameter) drilled into

the side. The holes were oriented so that they were

under the soil and about 2 cm of PVC remained

above ground. Soil efflux was measured in two

places in each plot along the gradient and one place

per plot for the manipulation. Measurements for

the watering experiment were taken every other

week due to equipment and weather constraints.

Carbon flux measurements along the elevational

gradient were taken 4 weeks after snowmelt and

then again at peak season (approximately 4 weeks

after the first measurement, or when the majority

of plants reached maximum height). Measure-

ments for the watering manipulation were taken

once every 2 weeks for the 2012 and 2013 growing

seasons. Carbon flux data were calculated the same

way for the gradient and manipulation. To deter-

mine NEP, we fit a linear model to the carbon flux

measurements following Jasoni and others (2005).

Environmental Variables

Weather stations provided information on tem-

perature, precipitation, and in some cases solar ra-

diation. Soil moisture and temperature at 10 cm

depth were logged once an hour by HOBO data

loggers (Onset). Soil moisture was also measured

gravimetrically, and percent soil carbon was ana-

lyzed using 10-cm soil cores. The Palmer Drought

Index (PDI) values were taken from the Colorado

Climate Center, and are resolved to the Central

Mountains region (http://ccc.atmos.colostate.edu/

wendy/spi/reg24.out). A PDI value of -2 is a

moderate drought; PDI of -3 is a severe drought,

PDI of 1 is a ‘wet’ year and PDI of 0 is a ‘normal’

year in terms of soil moisture (details can be found

at http://ccc.atmos.colostate.edu).

Water Potential

When plants absorb less water from the environ-

ment through their roots than is transpired from

their leaves water potential (W) decreases and

drought stress develops (Tezara and others 1999).

Pre-dawn (minimum) shootwater potential (WPD)

measurements were made with a pump-up pres-

sure chamber (PMS Instrument Company, Cor-

vallis, OR, USA). Measurements were taken at two

time points June 27th and July 19th. At least one

stem of the most abundant individual, Viguiera

multiflora was sampled in the buffer zone of each of

20 plots during each time period. The buffer zone of

the plot received the same watering treatment, but

was located just outside of the flux measurement

area.

Biomass

A multivariate model was used to estimate the

aboveground biomass on each plot. This model was

based on destructively harvesting biomass across

the elevational gradient. This model uses the height

and percent cover of herbs, shrubs, and grasses on

each plot to calculate the total aboveground bio-

mass in grams of carbon (R2 = 0.78, P < 0.0001)

(Lamanna 2012).
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RESULTS

Watering Experiment

NEP

Measurements of peak daytime net ecosystem

productivity (NEP—defined in Box 1) followed a

peaked distribution over the course of the growing

season whereby the compensation point was

reached simultaneously by all treatment groups,

but the peak rate of uptake was reached early in the

season, around mid-June, for May and control

groups. In contrast, June and July treatment

groups experienced a significantly later peak rate of

uptake around early July, and a greater peak rate of

uptake (ANOVA, df = 1, F = 4.956, P = 0.0398)

(Figure 1). Differences in the rate of peak carbon

uptake between groups contributed to differences

in cumulative NEP, visually depicted in Box 1 part

‘D’. Together, all plots watered through June had

significantly higher cumulative daytime NEP val-

ues than those plots that were not watered or wa-

tered only in May (ANOVA, df = 1, F = 4.507,

P = 0.048; Figure 2—last time period). Although

watering treatments led to significant differences in

the rate of ecosystem carbon uptake during the

daytime, they did not lead to significant differences

at night. There were no differences in peak season

Recosystem (ANOVA, df = 1, F = 0.096, P = 0.76), or

cumulative differences in Recosystem between groups

(ANOVA, df = 1, F = 2.254, P = 0.151). Note that

Recosystem is equivalent to nighttime NEP (defined in

Box 1).

NPP

There are two ways to estimate the contribution of

plants to the uptake of carbon (NPP) in this system:

using gas exchange measurements or by calculating

the overall green plant biomass accumulation at

the end of the growing season. The first method

requires subtracting the rate of daytime soil respi-

ration from the rate of ecosystem productivity

(NEP). This was done by measuring rates of soil

efflux using a Li-Cor 6400 with a soil chamber

Figure 1. Daytime (top) and nighttime (bottom) ecosys-

tem CO2 flux rates for each treatment over the growing

season. Black dots along the x-axis show measurement

times. Shadows represent 95% confidence intervals for

the five replicates of each treatment. Lines are smoothed

using a loess function. Daytime—the plots watered

through June or July have significantly greater rate of

daytime CO2 flux (NEP) during the peak season than the

plots watered only in May and the control plots (ANOVA,

df = 1, F = 4.956, P = 0.0398), denoted by asterisks. There

is no difference between treatment groups during the last

time period (ANOVA, df = 3, F = 0.344, P = 0.79), sug-

gesting that treatment did not influence the length of the

growing season. Nighttime—there were no significant

differences between treatment groups for nighttime

ecosystem respiration (ANOVA, df = 1, F = 0.096,

P = 0.76).

Figure 2. Cumulative NEP throughout the growing

season. Data points are plot-level values with watering

treatments indicated by shape. Plots watered through

June are shown in gray and plots not watered through

June are shown in black. Bars represent bootstrapped

95% confidence intervals.

538 L. L. Sloat and others

Author's personal copy

40



attachment. The soil efflux measurements were

scaled to the amount of bare ground in each plot in

order to obtain a rough estimate of plot-level

heterotrophic respiration at the time of the mea-

surement. This value was subtracted from the NEP

value obtained during the same measurement pe-

riod in order to obtain an, admittedly very ap-

proximate, estimate of NPP. This method revealed

that plots watered through June had a significantly

greater rate of NPP than those that were not (AN-

OVA df = 1, F = 1.328, P = 0.0484; supplemental

Figure 4). The latter method requires estimating

biomass with a model that uses the height and

cover of plants to estimate biomass based on har-

vesting biomass in previous years. It is notable that

this method only estimates aboveground biomass

and is only possible because there are no woody

plants present on these plots. The plant biomass

method corroborates this result, albeit at a slightly

smaller significance level (ANOVA, df = 1, F =

3.61189, P = 0.0569).

Soil

The watering treatment significantly increased the

soil moisture of currently watered plots (that is,

watering made plots significantly more wet, sup-

plemental Figure 1, ANOVA, P < 0.05). Watering

did not affect soil temperature during the day

(ANOVA, df = 3, F = 0.416, P = 0.742), or during

the night (ANOVA, df = 3, F = 0.002, P = 0.953).

Treatment did not lead to significant differences in

soil respiration during the day (supplemental Fig-

ure 5, ANOVA, df = 3, F = 0.917, P = 0.438), al-

though nighttime soil respiration increased with

watering treatment (ANOVA, df = 3, F = 3.584,

P = 0.0156). Watering treatments applied in 2012

did not significantly affect soil moisture at the start

Figure 3. Peak NEP is positively correlated with the

foresummer drought. Each line represents a site and each

data point represents the average of five plots per site in a

given year. The relationship between NEP and June

Palmer drought index (PDI) is significant (or nearly sig-

nificantly) in all four sites along the subalpine gradient

(p values <0.05 are given an asterisk). The lowest site

does not show a significant relationship between drought

and the rate of peak carbon uptake. This figure was re-

vised from Lamanna (2012).

Figure 4. Peak NEP vs. catchment-level snowmelt date

depicted as the day of the year. Each line represents a site

and each data point represents the average of five plots

per site in a given year. Peak season NEP decreases with

earlier snowmelt dates, except at the lowest elevation

(sagebrush-steppe) site, which shows no relationship

between NEP and snowmelt date (p values <0.05 are

given an asterisk).
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of the following growing season (May 13, 2013,

ANOVA, df = 3, F = 1.796, P = 0.191), or rates of

daytime or nighttime soil respiration at the start of

the following growing season (May 13, 2013, AN-

OVA, daytime: df = 3, F = 1.289, P = 0.312, night-

time: df = 3, F = 0.623, P = 0.61).

Soil organic carbon was not statistically different

between treatments (supplemental Figure 2), but

during the last time period, the May and Control

groups had more soil organic carbon than the June

and July groups at a nearly significant level (AN-

OVA, df = 1, F = 3.893, P = 0.064). This result

suggests that the increased respiration rates in the

watered plots may have resulted in decreased soil

carbon at the end of the growing season. Slight

differences in soil carbon carried over to the be-

ginning of the 2013 growing season. On May 13,

2013, there was more soil organic carbon in the

May and Control plots than in the June and July

plots (ANOVA, df = 1, F = 3.86, P = 0.065).

Water Potential

We found that there were significant differences in

WPD among treatment groups in the common plant,

Viguiera multiflora, on June 27 (one-way ANOVA,

df = 3, F = 32.12, P < 0.001; Figure 5) and July

19th (one-way ANOVA, df = 3, F = 23.98, P <

0.001; Figure 5). Those plots that were watered

more recently typically exhibited less negative WPD.

A post-hoc Tukey’s Highly Significant Difference

test shows that all pairs of treatments (except June–

July) are significantly different from one another in

both time periods (P < 0.05).

Elevational Gradient

Relationship Between Palmer Drought Index and Peak

NEP

All five sites along the gradient showed a positive

relationship between the June Palmer drought

Figure 5. Boxplot of daily minimum (pre-dawn) water potential (WPD) measurements for the most common species,

Viguiera multiflora, in each watering treatment. The upper and lower hinges of the box correspond to the first and third

quartiles. The upper/lower whisker extends from the hinge to the highest/lowest value that is within 1.5 times the

distance between the first and third quartiles. Data beyond the whisker are plotted as points. The black line indicates the

median. More negative WPD values indicate more water stress. Measurements were taken using a pump-up chamber (PMS

Instrument Company) on June 26th and July 19th, 2012. Tukey’s highly significant difference test reveals that all

watering treatment groups are significantly different from one another except for June and July (P < 0.05). Plants that

were watered through the foresummer drought (June) experienced less water stress than those plants that were not.

Plants that experienced the strong foresummer drought (control and May groups) experienced low water potential values

even in July during the summer rain.
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index (PDI) and peak season NEP. Increased

drought conditions in June lowered peak season

NEP. Linear regression reveals that the relationship

is significant in three of the five sites (Figure 3). All

elevations appeared to respond similarly to

drought, except the lowest elevation site, which did

not have a strong relationship to the June PDI

(Figure 3). In a linear model with sites as factors,

the June PDI explains 78% of the variance in peak

season NEP (df = 9 and 28, F = 15.33, P < 0.0001,

Adj. R2 = 0.777), with more negative PDI values

having lower rates of peak NEP. Additionally, lower

PDI values lead to lower peak plant height (df = 9

and 174, F = 13.62, P < 0.0001, Adj. R2 = 0.383)

and lower overall aboveground biomass (df = 9 and

130, F = 2.106, P = 0.033, Adj. R2 = 0.067). There

was no relationship between the June PDI of the

previous year or the previous water-year’s pre-

cipitation and the present year’s peak NEP.

Relationship Between Snowmelt Date and NEP

We found a significant positive relationship be-

tween catchment-level melt date and peak NEP,

indicating that years with earlier melt dates had a

lower rate of NEP at peak season (Figure 4). The

lowest elevation site did not show a significant re-

lationship with melt date (linear regression, Adj.

R2 = 0, P = 0.55). This is perhaps not surprising as

this site is not consistently snow covered through-

out the winter and spring. In a linear model with

site included as a factor, snowmelt date alone ex-

plains 71% of the variance in peak season NEP

(df = 9 and 28, F = 10.91, P < 0.0001, Adj.

R2 = 0.707), with earlier melt dates having lower

rates of peak NEP. Additionally, earlier snowmelt

dates lead to lower peak plant height (df = 9 and

174, F = 16.8, P < 0.0001, Adj. R2 = 0.437) and

lower overall aboveground biomass (df = 9 and

130, F = 3.425, P < 0.0001, Adj. R2 = 0.136).

Snowmelt date and June PDI are positively corre-

lated with one another (linear regression, df = 1

and 257, F = 140, P < 0.001, adj. R2 = 0.35; Figure

S10).

DISCUSSION

Watering Treatment Led to Changes in
the Growing Season NEP Curve

Given that soil moisture affects ecosystem produc-

tivity, we predicted a number of potential ways that

the NEP curve could have changed with watering

treatment (Box 1). For example, a decrease in the

length of the foresummer drought could (A) extend

the effective growing season later into the summer;

(B) alter the rate of peak uptake; or (C) alter the

timing of peak uptake, any of which could lead to

changes in (D) the total cumulative NEP (Box 1).

Although there appeared to be no extension of the

effective growing season (all treatment groups

showed a similar decline in NEP by the end of

August), there was an increase in the seasonal peak

carbon uptake as well as a shift in seasonal peak

uptake to later in the season (Figure 1A) resulting

in significantly higher carbon uptake for plots wa-

tered through June and July than those that were

un-watered or only watered in May (Figure 2). It is

notable that the early growing season (May) is

dominated by small plants such as Erythronium

grandiflorum and Claytonia lanceolata. Thus, the re-

sponse to watering early in the season may not be

the same as the response to watering later in the

season, as the changing species composition may

have different soil moisture needs and the magni-

tude of carbon flux is necessarily smaller.

In general, an increase in cumulative NEP in

watered plots could be attributed to three me-

chanisms: (i) an increase in aboveground carbon

uptake due to an increase in total leaf area (bio-

mass); (ii) an increase in above ground carbon

uptake due to increased photosynthetic rates per

unit leaf area; or (iii) a decrease in heterotrophic

respiration. Our results are consistent with case (i).

In general, biomass in the June and July watered

plots was greater than the un-watered plots (sup-

plemental Figure 4). The watering treatment did

not lead to changes in soil respiration during the

day (supplemental Figure 5), but it did lead to

significant differences in nighttime soil respiration

with more watered plots having a greater rate of

soil respiration (supplemental Figure 7). However,

changes in nighttime soil respiration were not en-

ough to create statistically significant differences in

Recosystem between treatments (Figure 1). Differ-

ences in growing-season cumulative carbon uptake

appear to be due primarily to changes in NPP due to

increases in aboveground plant biomass (supple-

mental Figure 4).

It is important to note that inferences about

carbon balance over the course of the year should

be made with caution, especially given that rates of

carbon exchange were only measured once every

2 weeks. For example, we attribute changes in NEP

primarily to aboveground components over the

course of the growing season, but small changes in

rates of heterotrophic respiration can become im-

portant at longer timescales. Even though changes

in heterotrophic respiration with treatment are

smaller in magnitude, and not statistically different

in this study, they have the potential to influence
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respiration rates for the rest of the year, which

could become important when considering the ef-

fects of changes in soil moisture on a yearly carbon

budget.

The watering manipulation showed that stronger

droughts resulted in less carbon uptake. Interest-

ingly, the response was not linear as biomass ac-

cumulation was not proportional to the amount of

added water. In fact, it appeared that there was a

critical threshold around June where plants that

were not watered through June were stunted (ac-

cumulated less biomass) and water stressed

(showed critical levels of WPD in July). For example,

the common herbaceous plant Viguiera multiflora

showed significantly less water stress on plots that

were watered through June (Figure 5). It is notable

that the July watering treatment received roughly

twice the amount of water as the June treatment,

but this did not lead to significant differences in

NEP, biomass, or plant moisture stress between

these groups. When drawing conclusions it is im-

portant to remember that the results from watering

manipulations may not parallel natural variations

in precipitation as precipitation events also increase

humidity and cloud cover, while manual water

additions do not (Beier and others 2012).

Long-Term Patterns Along an Elevational
Gradient

Analysis of an 11-year dataset along an elevational

gradient in the subalpine revealed that the strength

of the naturally varying foresummer drought does

influence the peak rate of carbon exchange (Fig-

ure 3). As June conditions become drier, NEP de-

clines during the ‘peak’ season: usually around July

or approximately 8 weeks after local snowmelt

when vegetation is tallest, the summer rains have

started, and soil moisture is relatively high. With

sites as factors in a linear model, June drought

explained 77% of the variance in peak season NEP.

Based on the watering manipulation we might as-

sume that this is primarily due to soil moisture

stress inhibiting aboveground biomass accumula-

tion. It is important to note that the watering ma-

nipulation results are specific to a drought year, but

the same relationship between the June Palmer

Drought Index and peak season NEP holds true in

years without drought(for example, a ‘wet’ June,

PDI > 1, still has a higher peak NEP than a ‘normal

year,’ PDI = 0).

Along the gradient we also found that catch-

ment-level snowmelt date strongly influenced peak

season NEP—explaining 71% of the variance when

controlling for site. Years with earlier melt dates

had lower peak season NEP. It is conceivable that

the longer growing season caused by early melt

dates would promote greater carbon storage (Eu-

skirchen and others 2006), especially in high alti-

tude sites with short growing seasons. However,

this appears not to be the case as we have found

that earlier melt dates lead to decreases in the rate

of peak NEP as well as leading to plants of shorter

stature and lower overall biomass accumulation.

Again, we point to decreases in early season soil

moisture as a potential critical factor limiting car-

bon uptake in years with longer growing seasons. A

similar phenomenon has also been found in a

nearby subalpine forest near Nederland, Colorado

(Moore and others 2008; Hu and others 2010).

Further, it has been found that although growing

season length can place an upper limit on above-

ground NPP, soil moisture affects where ecosystem

aboveground NPP falls below that limit in the

subalpine zone (Berdanier and Klein 2011).

Snowmelt date and June PDI co-vary so that

early snowmelt dates increase the strength of the

foresummer drought (supplemental Figure 8).

However, these variables are also likely related to

other physiologically important variables such as

air temperature and the amount of winter snowfall.

It is also known that snowmelt date can affect the

phenology of some species in this system, inde-

pendent of temperature or daylight length (Dunne

and others 2003; Iler and others 2013b). Future

work in this area would benefit from disentangling

the relative effects of these variables through tem-

perature and snowmelt date manipulations.

Antecedent Effects

The watering manipulation plots were re-measured

the following growing season. No differences were

found between plots that experienced different

watering treatments the year before in NEP (sup-

plemental Figure 9a), Recosystem (supplemental

Figure 9b), soil respiration, or soil moisture. At the

end of the growing season, soil carbon was slightly

higher in the ‘May’ and ‘Control’ plots than in the

‘June’ and ‘July’ plots at a marginally significant

level (see supplemental Figure 2). It is possible that

decreases in soil respiration left more organic soil

carbon in the drier plots at the beginning of the

following growing season. Similarly, no relation-

ship was found between amounts of total rainfall

during the previous water-year, or the previous

year’s June PDI and the current year’s peak NEP at

any site along the elevational gradient. Antecedent

precipitation has been found to influence the

phenology and flowering of certain species in this
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area (Iler and Inouye 2013; Iler and others 2013a);

however, we did not find evidence that Antecedent

precipitation plays a major role in the overall rate

of community level carbon exchange.

Implications for the Future

Despite the fact that subalpine meadows may ex-

perience increases in temperature and longer

growing seasons in the future, they are not likely to

increase their growing season carbon uptake. This

conclusion is in agreement with the work of many

others (for example, Angert and others 2005; Hu

and others 2010; Berdanier and Klein 2011; Sch-

walm and others 2012). Angert and co-authors

found that although there was accelerating

springtime CO2 uptake in northern hemisphere

terrestrial vegetation in general between 1985 and

2002, there was lower net CO2 uptake during the

summer, canceling out the increased springtime

rates. Lower summer uptake was concluded to be

the result of hotter and drier summers in the mid-

and high-latitudes (Angert and others 2005). Sch-

walm and co-authors confirm that the western

North American carbon sink declines during peri-

ods of drought (Schwalm and others 2012). Hu and

co-authors find that longer growing seasons lead to

decreases in CO2 uptake in subalpine forests, also

pointing to dry soils as a mechanism (Hu and others

2010).

The results of our study also fit into a larger

ongoing story about subalpine meadow carbon

dynamics based on a warming experiment at the

Rocky Mountain Biological Laboratory. A long-

term overhead heating experiment was started

there in 1991 to understand how increases in sur-

face temperature would affect community dy-

namics (Harte and Shaw 1995; Price and Waser

1998), as well as carbon dynamics (Saleska and

others 1999; Harte and others 2006). Increases in

surface temperature lead to advanced snowmelt

dates and phenology as well as decreases in soil

moisture. Initial results showed that warming sig-

nificantly reduced carbon uptake on dry meadow

plots at peak season. Plants on warmed plots per-

formed photosynthesis for shorter periods of the

day than non-warmed plots, presumably because

of moisture stress. Decreases in carbon uptake were

not attributed to changes in soil respiration

(Saleska and others 1999). Furthermore, the effect

of year-to-year variation in precipitation on NEP in

the warming experiment was significantly larger

than the effect of warming (Lamanna 2012). The

results of our study show that soil drying can sig-

nificantly decrease daytime carbon uptake at peak

season as well, but in this case we know that this

effect is independent of snowmelt date or air tem-

perature.

An important conclusion from these studies is

that the declining health and fitness of some sub-

alpine herbs and grasses could leave meadows

vulnerable to changes in plant community com-

position, or woody plant encroachment from lower

elevations (Harte and Shaw 1995; Harte and others

2006; Poore and others 2009). However, barring

changes in litter composition from community

shifts (Saleska and others 2002) or plant acclima-

tion to warming conditions, the general prediction

is for an increasingly negative carbon budget in

subalpine meadows with climate change.
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SUMMARY	

• Many	biotic	and	abiotic	factors	influence	carbon	exchange	and	storage.	While	most	

studies	invoke	a	single	approach	(traits,	environment,	or	functional	diversity)	to	

explain	the	variance	in	ecosystem	functioning,	they	rarely	utilize	elements	across	

approaches.		

• We	measured	carbon	flux	rates	(NEP,	Reco	Rsoil,	NPP)	and	pools	(SOC,	biomass),	as	

well	as	environmental	and	functional	characteristics	on	44	1.3	m2	plots	in	five	sites	

along	a	subalpine	elevational	gradient	(2475	–	3380	m)	near	Crested	Butte,	

Colorado.	We	use	AIC	based	model	selection,	model	averaging,	and	variable	

importance	scores	in	order	to	evaluate	differences	in	the	ability	of	environmental,	

CWM/CWV	trait,	species	diversity,	and	multivariate	functional	diversity	measures	to	

explain	carbon	pools	and	fluxes.		

• Models	that	include	the	CWM/CWV	of	leaf	traits	explain	C-dynamics	better	than	

environment	or	functional	diversity	alone,	although	the	best	models	often	include	

variables	from	multiple	approaches.	There	were	no	systematic	differences	between	

the	types	of	variables	that	explained	C-pools	versus	C-fluxes.	

• Rather	than	debate	the	single	best	predictor,	it	appears	that	the	most	parsimonious	

predictions	of	ecosystem	functioning	require	inclusion	of	trait	means,	trait	

variances,	and	abiotic	conditions.		
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INTRODUCTION	

	 Carbon	that	is	stored	in	vegetation	(biomass)	and	soil	(SOC)	underpins	climate	

regulations	by	removing	carbon	from	the	atmosphere.	This	terrestrial	carbon	

sequestration	depends	on	the	rates	of	carbon	uptake	by	plants	and	the	release	of	carbon	by	

plants	and	soil.	Carbon	exchange	(flux)	rates	between	plants/soil	and	the	atmosphere	can	

be	influenced	by	abiotic	factors	such	as	temperature	and	moisture	due	to	direct	impacts	on	

underlying	biochemical	reaction	rates.	Furthermore,	because	plants	differ	in	their	ability	to	

capture,	store	and	release	carbon,	the	mean	and	range	of	functional	traits,	as	well	as	the	

distribution	of	their	collective	functional	characteristics	(functional	diversity,	or	FD)	should	

be	a	major	driver	of	terrestrial	carbon	flux	as	well.	Thus,	rates	of	carbon	exchange	and	the	

amount	of	carbon	stored	in	a	system	is	likely	to	reflect	climate,	functional	traits,	and	

functional	diversity.		

	 The	functional	characteristics	of	individual	plants	have	the	ability	to	influence	

carbon	dynamics.	After	being	filtered	by	the	abiotic	environment,	communities	are	

composed	of	species	and	individuals	that	differ	in	their	resource	use	strategies	(Keddy	

1992).	Consequently,	individuals	within	a	community	will	display	differences	in	growth	

rate,	lifespan,	and	physical	and	chemical	composition.	Growth	rate	can	be	related	to	the	

amount	of	carbon	that	plants	ultimately	return	to	the	soil	(Lavorel	et	al.	2007).	Plants	with	

high	relative	growth	rates	often	have	grater	photosynthetic	capacity,	but	this	means	that	

they	have	shorter	leaf	lifespan	and	lower	carbon	concentration	(Westoby	et	al.	2002,	Reich	

et	al.	2003,	Wright	et	al.	2004,	Shipley	et	al.	2006,	Reich	2014).	Plant	species	with	high	

inherent	relative	growth	rates	tend	to	have	greater	photosynthetic	capacity	than	inherently	

slow-growing	plant	species,	but	this	trades	off	with	shorter	lifespan,	lower	dry	matter	
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content	and	lower	carbon	concentrations	of	aboveground	and	belowground	plant	organs	

(Reich	2014).	These	functional	tradeoffs	such	as	differences	in	growth-rate,	life	span,	and	

physical	and	chemical	composition	are	reflected	in	key	leaf	functional	traits	such	as	specific	

leaf	area	(SLA),	maximum	photosynthetic	capacity	(Amax),	and	leaf	nutrient	content	such	

as	relative	levels	of	carbon,	nitrogen,	and	phosphorus	(Westoby	et	al.	2002,	Reich	et	al.	

2003,	Wright	et	al.	2004,	Shipley	et	al.	2006,	Reich	2014).	

	 The	relative	contributions	of	plants	with	these	traits	will	depend	on	the	abundance	

of	each	species	as	well	as	the	range	of	trait	values	within	each	species,	and	thus	community	

(abundance)	weighted	mean,	CWM,	and	variance,	CWV,	of	traits	have	emerged	as	useful	

measures	(Sonnier	et	al.	2010,	Ricotta	and	Moretti	2011,	Violle	et	al.	2012).	The	idea	that	

communities	with	more	carbon	acquisitive	trait	values	will	have	faster	ecosystem	

productivity	rates	is	often	attributed	to	the	mass	ratio	hypothesis	(Grime	1998,	Díaz	et	al.	

2007,	Conti	and	Díaz	2013).	This	hypothesis	states	that	“ecosystem	functioning,	at	a	given	

point	in	time,	is	chiefly	determined	by	trait	values	of	the	dominant	contributors	to	plant	

biomass”	(Díaz	et	al.	2007).	

	 The	distribution	of	relevant	functional	traits	within	a	community	can	be	

conceptualized	using	functional	diversity	measures	(FD).	Functional	diversity	is	thought	to	

influence	carbon	dynamics	by	way	of	niche	complementarity,	and	it	is	often	predicted	that	

greater	complementarily	of	resource	use	will	result	in	more	complete	or	efficient	use	of	

resources	and	therefore	greater	productivity	(Loreau	1998,	Dıáz	and	Cabido	2001).	

However,	functional	diversity	can	also	yield	insights	into	the	role	of	facilitation	or	

interference	(Petchey	et	al.	2004).	Three	major	components	of	plant	functional	diversity	

could	help	to	explain	differences	in	rates	of	ecosystem	carbon	dynamics:	The	abundance	
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weighted	convex	hull	volume	of	niche	space	(functional	dispersion,	FDis),	the	distribution	

of	functional	traits	through	the	niche	space	(functional	evenness,	FEve),	and	the	divergence	

of	functional	traits	within	niche	space	(functional	divergence,	FDiv)	(Mason	et	al.	2005,	

Villéger	et	al.	2008,	Laliberte	and	Legendre	2010).	Alternatively,	basic	species	richness	(the	

number	of	different	species)	could	be	a	good	enough	predictor	on	its	own	(Tilman	1993,	

1999).	

	 Carbon	pools	(i.e.	SOC	and	biomass),	and	the	rates	of	carbon	exchange	(i.e.	NEP,	

NPP,	Reco,	and	Rsoil)	can	be	influenced	by	the	abiotic	environment,	the	mean	and/or	range	of	

key	leaf	functional	traits	within	a	community	(CWM	and	CWV),	the	distribution	of	collective	

functional	characteristics	(FDiv,	FDis,	and	FEve),	and/or	species	diversity.	Here	we	ask	(i)	

are	there	differences	in	the	ability	of	each	of	these	approaches	to	explain	carbon	pools	and	

fluxes?;	(ii)	are	there	systematic	differences	between	the	type	of	explanatory	variables	that	

best	explain	carbon	pools	versus	carbon	fluxes?;	and	(iii)	do	models	that	use	explanatory	

variables	across	approaches	perform	better	than	models	that	use	only	one	approach?		

	 In	order	to	address	these	questions	we	measured	carbon	fluxes	and	pools,	

environmental	variables,	species	abundance,	and	plant	leaf	functional	traits	in	nine	plots	in	

each	of	five	sites	along	an	elevational	gradient	of	herbaceous	dominated	subalpine	

meadows	near	Crested	Butte,	Colorado.	We	then	use	linear	mixed	effect	models	and	multi-

model	inference	to	compare	drivers	(environment,	CWM	traits,	CWV	traits,	species	

diversity,	or	functional	diversity)	of	carbon	fluxes	(NPP,	NEP,	Reco,	Rsoil)	and	pools	(SOC,	and	

biomass)	and	explore	the	relative	importance	of	these	explanatory	variables.		
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MATERIALS	AND	METHODS	

Experimental	design	and	site	description		

	 Data	were	collected	in	2010	on	five	long-term	study	sites	along	an	elevational	

gradient	from	2460	to	3380	meters	above	sea	level,	spanning	a	geographic	distance	of	39	

km.	The	elevational	gradient	contains	five	study	sites	that	run	from	dry,	shrub-dominated	

sagebrush	steppe	(2474	m	elevation)	through	the	subalpine	zone,	to	just	below	tree	line	

(3380	m	elevation)	at	roughly	equivalent	(~200	m)	differences	in	elevation.	The	gradient	

spans	the	Washington	Gulch	river	valley	near	the	Rocky	Mountain	Biological	Laboratory	

(RMBL),	Crested	Butte,	and	Almont,	CO,	USA.	Site	selection	was	made	possible	through	

cooperation	by	both	public	and	private	land	owners.	Sites	are	approximately	50	m2	and	are	

characterized	by	similar	local	slope,	aspect,	and	vegetation	physiognomy.	Geographical	

locations	for	each	site	are	found	in	Table	S3.	All	sites	consist	of	a	mixture	of	shrubs,	grasses,	

and	forbs.	There	is	a	substantial	turnover	of	plant	species	between	sites	with	very	few	of	

the	77	angiosperm	species	sampled	occurring	in	more	than	two	of	the	sites.	Shrub	cover	

across	the	gradient	decreases	from	a	high	of	33%	at	the	lowest	elevation	site	to	0%	at	the	

highest.	A	complete	species	list	and	phylogeny	for	each	site	is	given	by	Bryant	and	others	

(2008).	In	2010,	nine	1.3	m2	plots	were	haphazardly	established	along	the	local	slope	of	

each	study	site,	with	at	least	5	m	distance	between	each	plot.		

	

Equipment	and	measurement:	carbon	fluxes,	environmental	variables	and	trait	

measurements	

	 Carbon	fluxes	were	measured	at	the	plot	level.	Net	Ecosystem	Productivity	(NEP)	

was	measured	as	instantaneous	daytime	peak	uptake	(ca.	10:00)	and	ecosystem	
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respiration	(Reco)	was	measured	as	instantaneous	nighttime	peak	respiration	(ca.	22:00)	

using	a	Li-Cor	7500	infrared	gas	analyzer	and	portable	tent	flux	setup	described	in	Sloat	et	

al.	(2015).	Ambient	CO2	was	measured	for	30	s,	then	the	tent	was	placed	over	the	plot	and	

the	CO2	concentration	within	the	tent	was	measured	continuously	for	90	s	(Jasoni	et	al.	

2005).	Daytime	measurements	were	only	taken	under	cloudless	conditions.	The	tent	was	

designed	to	let	in	75%	of	photosynthetically	active	radiation	(tent	fabric	by	Shelter	

Systems).	Air	inside	the	tent	was	well	mixed	by	fans,	and	the	tent	chamber	was	sealed	using	

a	long,	canvas	skirt	along	the	base	of	the	tent	that	was	covered	with	a	heavy	chain.	The	

volume	of	the	tent	was	2.197	m3.	Although	this	portable	tent-flux	system	does	not	offer	the	

same	temporal	coverage	as	continuous	flux	measurements	such	as	eddy	flux	towers,	the	

portable	design	does	allow	the	ability	to	rapidly	assess	rates	of	carbon	flux	at	a	wide	

variety	of	locations	within	and	across	environmental	gradients.		

	 Soil	respiration	(Rsoil)	was	measured	at	two	locations	per	plot	using	a	Li-Cor	6400	

portable	photosynthesis	machine	with	a	soil	chamber	attachment	and	PVC	soil	collars.	Soil	

collars	were	installed	in	each	plot	at	least	two	weeks	prior	to	the	first	measurement.	NEP,	

Reco,	and	Rsoil	measurements	that	were	taken	at	“peak”	biomass,	or	approximately	8-10	

weeks	after	snowmelt	at	each	site,	were	used	in	this	analysis.		

	 A	multivariate	model	was	used	to	estimate	the	aboveground	biomass	at	each	plot.	

The	model	was	based	on	destructively	harvesting	biomass	across	the	elevational	gradient.	

The	model	uses	the	height	and	percent	cover	of	herbs,	shrubs,	and	grasses	on	each	plot	to	

calculate	the	total	aboveground	biomass	in	grams	of	carbon	(R2	=	0.78,	P	<	0.0001)	

(Lamanna	2012).	NPP	was	calculated	as	the	rate	of	change	in	aboveground	biomass	as	

measured	between	snowmelt	and	“peak”	biomass		
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	 Environmental	variables	were	taken	at	the	plot	level.	Soil	temperature	was	logged	

hourly	by	i-buttons	(Thermochron)	at	10	cm	depth.	Soil	moisture	and	soil	organic	carbon	

(SOC)	were	measured	gravimetrically	on	well-mixed	10	cm	depth	soil	cores.	Two	soil	cores	

were	taken	just	on	the	outside	of	each	plot.	Soil	cores	were	taken	concurrently	with	carbon	

flux	measurements.		

	 Abundance	was	counted	as	the	number	of	individuals	on	each	plot.	One	plot	per	site	

was	completely	destructively	sampled	for	leaf	trait	measurements.	Traits	were	averaged	at	

the	species	level	for	the	analysis.	Any	missing	trait	values	were	filled	in	from	

measurements	taken	at	the	same	sites	in	other	years	(2004	–	2014).	Trait	measurement	

protocol	follow	the	plant	functional	trait	handbook	(Cornelissen	et	al.	2003).		

	 		

Data	analysis		

	 All	data	analysis	was	done	using	‘R’	version	3.3.1	(R	Core	Team,	2014).	Raw	trait	

values	were	log10	transformed	for	normality.	SOC	was	also	log10	transformed	for	

normality;	all	other	carbon	flux	measurements	were	not	transformed.	Community	

weighted	mean	(CWM)	trait	values	were	calculated	following	Ackerly	and	Cornwall	(2007),	

and	the	community	weighted	variance	(CWV)	of	traits	was	calculated	following	Sonnier	

and	others	(2010),	both	measures	were	weighted	by	relative	abundance	as	measured	by	

number	of	individuals	in	each	plot.	Functional	diversity	measures	were	calculated	using	the	

‘FD’	package	(Laliberté	et	al.	2014).	

	 Linear	mixed	effects	models	were	calculated	using	the	‘nlme’	package	(Pinheiro	et	

al.	2013).	All	models	assign	sites	as	random	intercepts,	but	use	environmental,	trait,	and	

diversity	variables	as	fixed	factors.	No	models	contain	interactions,	as	none	were	found	to	
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be	significant	during	exploratory	data	analysis.	Models	were	generated	using	the	‘dredge’	

function	in	the	‘MuMIn’	package	(Barton	and	Barton	2015),	with	the	maximum	number	of	

fixed	effects	allowed	in	each	model	set	to	five	to	cut	down	computation	time.	Models	were	

ranked	using	AIC.	Because	there	were	a	number	of	models	(between	three	and	eleven)	that	

were	within	two	AIC	units	from	the	best	model,	we	report	averaged	coefficients	and	

standard	errors	that	are	calculated	from	this	subset	and	weighted	by	AIC	values	using	the	

‘model.avg’	function	in	‘MuMIn’	(Table	2).	Coefficients	are	averaged	over	the	models	where	

the	parameter	appears,	so	averages	do	not	include	zeros	for	each	instance	in	which	that	

parameter	does	not	appear.	Marginal	and	Conditional	R2	values	were	used	to	compare	the	

top	model	for	each	approach	(e.g.	environment,	diversity,	traits)	in	Table	1.	Marginal	R2	

represents	the	proportion	of	variance	explained	by	fixed	effects,	and	the	Conditional	R2	

represents	the	proportion	of	variance	explained	by	fixed	and	random	effects	together	

(Nakagawa	and	Schielzeth	2013).		

	 The	‘RandomForest’	package	(Liaw	and	Wiener	2002)	was	used	to	calculate	variable	

importance	values	for	the	explanatory	variables	of	each	full	model	(Fig.	1).	Variable	

importance	is	calculated	by	systematically	dropping	individual	variables	from	the	full	

mixed	model	and	then	comparing	the	predictions	made	with	the	permuted	data	to	the	

original	model.	The	worse	the	prediction	is	without	that	variable,	the	higher	the	

importance	score.		 	
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RESULTS	

	 We	use	AIC	based	model	selection	to	select	a	subset	of	GLM	models	that	best	explain	

each	response	variable	(SOC,	NPP,	NEP,	Reco,	Rsoil,	and	biomass)	using	all	fixed	effects	from	

across	approaches	(environment,	trait,	and	diversity),	with	sites	(elevation)	as	random	

intercepts.	We	then	use	multi-model	inference	to	present	the	averaged	coefficients	and	

standard	errors	for	a	model	averaged	from	a	subset	of	all	models	within	two	AIC	units	of	

the	best	model	(Table	2).		

	 In	order	to	compare	approaches	(for	example	to	compare	a	model	using	only	

environmental	variables	to	a	model	using	only	diversity	variables),	we	again	use	AIC	based	

model	selection	to	select	the	single	best	model	in	each	approach.	This	allows	us	to	directly	

compare	the	amount	of	variation	explained	by	each	approach	for	each	response	variable	

using	Marginal	and	Conditional	R2	values	(Table	1).	Of	the	included	environmental	

variables,	soil	moisture	appeared	the	most	frequently,	helping	to	explain	variation	in	SOC,	

NPP,	Rsoil,	and	total	aboveground	biomass.	Functional	evenness	(FEve)	was	the	most	

frequent	diversity	variable,	helping	to	explain	variation	in	SOC,	NEP,	and	Reco.	All	CW	traits	

come	out	as	important	in	explaining	at	least	one	explanatory	variable.	However,	leaf	

nitrogen	content	(CWM	or	CWV)	was	important	in	explaining	all	of	the	six	tested	response	

variables	(Table	1).		

	 Finally,	we	calculate	variable	importance	factors	for	the	explanatory	variables	of	

each	full	model	and	present	the	results	in	a	circle	graph	(Fig.	1).	This	allows	for	the	visual	

comparison	of	the	relative	evidence	weight	of	a	term	from	all	models	in	which	that	term	

appears.	
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DISCUSSION:	

	 The	past	half	century	has	seen	a	great	deal	of	effort	invested	in	understanding	the	

drivers	of	ecosystem	functioning,	especially	the	abiotic	environment	(Boyer	1982,	Craine	

2013),	functional	traits	(Wright	et	al.	2004,	McGill	et	al.	2006,	Enquist	et	al.	2007,	Reich	

2014)	and	diversity	(Balvanera	et	al.	2006,	Cardinale	et	al.	2011,	Tilman	et	al.	2014).	Here	

we	use	a	single	field	system	in	order	to	empirically	evaluate	which	category	of	explanatory	

variables	does	the	best	job	of	explaining	carbon	pools	as	well	as	short	and	long-term	fluxes.	

Linear	mixed	effects	models	show	that	in	general	the	community	weighted	means	(CWM)	

and	variances	(CWV)	of	leaf	functional	traits	do	a	better	job	than	environmental	or	

diversity	variables	at	explaining	carbon	storage	and	flux	rates	in	this	system	(Table	1).	

However,	the	best	possible	models	often	contain	variables	from	across	various	approaches	

(Table	2).	Interestingly,	there	did	not	appear	to	be	systematic	differences	in	the	category	of	

fixed	effects	that	explain	carbon	pools	(SOC,	biomass),	versus	short-term	flux	rates	(NEP,	

Reco	and	Rsoil),	or	long-term	flux	rates	(NPP).	This	is	in	contrast	to	the	expectation	that	the	

abiotic	environment	would	be	the	primary	driver	of	carbon	fluxes	while	diversity	measures	

might	do	the	best	job	of	explaining	carbon	flux	rates.		

	 The	abiotic	environment	is	frequently	viewed	as	the	most	course	filter	for	species	

assemblages	(Weiher	and	Keddy	1995).	Environmental	variables	are	frequently	found	to	

be	directly	or	indirectly	related	to	ecosystem	function	(Grace	et	al.	2007).	This	is	not	only	

because	the	environment	plays	a	role	in	determining	the	species	and	functional	types	that	

can	exist	in	a	community,	but	also	because,	at	the	most	basic	level,	environmental	elements	

such	as	temperature	and	moisture	directly	affect	the	physiology	of	all	plants.	Our	finding	
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that	CWM/CWV	leaf	trait	variables	outperformed	environmental	variables	as	predictors	of	

carbon	exchange	thus	warrants	additional	exploration.		

	 It	is	possible	that	we	failed	to	measure	important	aspects	of	the	environment	that	

could	better	explain	our	response	variables	(e.g.	soil	nutrients,	plant	available	water,	

snowmelt	date,	vapor	pressure	deficit	etc.).	However,	we	believe	that	much	of	the	reason	

the	CWM	and	CWV	of	leaf	traits	did	so	well	at	explaining	carbon	storage	and	exchange	rates	

is	that	these	traits	are	integrative	measures	of	the	environment.	Specific	leaf	area	is	known	

to	be	especially	responsive	to	changing	environmental	conditions.	In	a	recent	study	along	

the	same	elevational	gradient	15	of	18	species	studied	showed	significant	intraspecific	

changes	in	SLA,	representing	75%	of	the	global	range	in	SLA	(Sides	et	al.	2014).	Leaf	

nutrient	stoichiometry	is	also	known	to	respond	to	environmental	gradients	(Elser	et	al.	

2000,	Hedin	2004,	Swenson	et	al.	2012),	although	these	traits	may	be	less	intra-specifically	

labile	than	SLA	(He	et	al.	2006).	Furthermore,	leaf	traits	are	reflections	not	only	of	current,	

but	also	past	environmental	effects,	and	antecedent	effects	have	been	shown	to	improve	

predictions	of	carbon	flux	(Ogle	et	al.	2014).		

	 In	addition	to	their	role	as	proxies	for	past	and	present	environmental	conditions,	

leaf	traits	also	directly	influence	rates	of	carbon	exchange.	Leaf-level	photosynthetic	rates	

are	good	predictors	of	individual	performance,	and	so,	when	aggregated,	should	directly	

influence	plot-level	exchange	rates.	Weighting	these	values	by	abundance	also	means	that	

the	effect	of	any	given	species	on	ecosystem	processes	is	proportional	to	their	relative	

abundance	in	accordance	with	the	mass	ratio	hypothesis	(Grime	1998).		

	 Community-weighted	variance	(CWV)	provides	a	measure	of	the	range	of	trait	

values	within	a	plot.	Trait	variance	has	experienced	a	renewed	emphasis	in	trait-based	
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ecology	due	to	the	accumulation	of	evidence	that	trait	variance	plays	a	prominent	role	in	

ecological	and	evolutionary	processes	(Violle	et	al.,	2012).	Positive	relationships	between	

CWV	and	ecosystem	function	are	often	attributed	to	limiting	similarity,	whereas	negative	

relationships	are	attributed	to	environmental	filtering	(Weir	and	Keddy,	1995)	or	trait	

hierarchies	(Kunstler	et	al.	2012).	Observed	CWV	may	be	a	result	of	the	push	and	pull	of	

forces	acting	over	different	scales.	In	fact,	we	have	found	evidence	for	both	negative	and	

positive	relationships	with	CWV	depending	on	the	explanatory	variable:	the	CWV	of	leaf	

nutrients	has	a	positive	effect	on	many	response	variables,	whereas	the	CWV	of	Amax	

appears	to	have	a	negative	effect	(Table	1).		

	 While	CWM	and	CWV	are	able	to	explain	an	impressive	amount	of	the	variation	in	

carbon	pools	and	fluxes,	they	are	typically	able	to	do	this	with	both	fixed	as	well	as	fixed	

and	random	effects	(sites)	as	indicated	by	the	small	differences	between	marginal	and	

conditional	R2	values	for	CWV	and	CWM	models	(table	1).	On	the	other	hand,	models	with	

only	environmental	fixed	effects	typically	explain	more	variation	when	the	random	“site”	

effects	are	considered	as	indicated	by	the	typically	large	differences	between	marginal	and	

conditional	R2	values	(table	1).	One	possible	explanation	for	this	pattern	would	be	that	the	

CW	leaf	trait	values	could	change	as	much	within	sites	as	between	them	(Sides,	2014),	

while	environmental	variables	likely	change	more	between	sites	than	within	them.	While	

we	find	this	trend	in	our	data,	the	differences	in	the	average	percent	of	the	global	(within	

dataset)	variation	of	CWM	trait	values	versus	environmental	values	within	each	site	are	not	

statistically	different	(t-test,	p	=	0.33,	Table	S2).		

	 One	striking	and	unexpected	finding	in	this	study	is	that	functional	diversity	(FD)	

variables	often	did	a	poor	job	of	explaining	carbon	pools	and	fluxes.	Both	the	CWM/CWV	
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approach	and	the	functional	diversity	approach	utilize	the	same	trait	measurements,	and	

both	utilize	abundance	weighting	(with	the	exception	of	species	diversity).	Nevertheless,	

the	functional	diversity	measures	used	here	are	multivariate	measures,	reflecting	the	

degree	to	which	multiple	trait	values	differ	between	species	in	a	community,	whereas	

CWM/CWV	values	correspond	to	single	traits.	Functional	diversity	measures	are	related	to	

non-additive	effects	on	ecosystem	processes	and	are	therefore	thought	to	reflect	resource	

use	strategies	such	as	complementarity,	facilitation,	or	interference	(Petchey	and	Gaston,	

2004).	These	measures	thus	reflect	emergent	properties	of	communities	that	are	not	

predictable	from	single-species	data	due	to	either	positive	or	negative	biotic	interactions	

(Petchey	and	Gaston,	2004).	The	reason	why	community	weighted	values	outperform	

multivariate	diversity	values	might	be	the	many	strong	bivariate	relationships,	of	various	

strengths	and	signs,	between	CW	traits	and	response	variables	(Table	S3).	Consequently,	

multivariate	indices	may	dampen	these	signals	(Butterfield	and	Suding	2013).		

	 While	most	studies	do	not	measure	both	community	weighted	traits	and	functional	

diversity	measures,	the	ones	that	have	in	general	found	a	higher	power	of	plant	CWM	in	

explaining	variation	of	ecosystem	processes	as	compared	to	indices	of	community	FD	(see	

Lavorel,	2013	for	details),	although	sometimes	this	is	because	CWM	and	FD	are	not	entirely	

orthogonal	from	one	another	(see	Dias	et	al.,	2013).	In	an	editorial	for	a	special	issue	of	

ecology	on	this	topic,	Sandra	Lavorel	laments	that	it	is	difficult	to	interpret	and	compare	

CWM	vs.	FD	effects,	and	makes	a	call	for	ecologists	to	design	experiments	aimed	at	

disentangling	their	relative	effects	(Lavorel	2013).	It	is	likely	that	the	relative	importance	

of	CWM	vs.	FD	might	differ	depending	on	the	ecosystem	service	of	interest	(Mouillot	et	al.,	

2011).		
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	 The	best	possible	models	found	using	multi-model	inference	always	contained	

multiple	explanatory	variables	(Table	1).	Thus,	rather	than	debate	which	is	the	single	best	

predictor,	it	appears	that	the	most	parsimonious	predictions	will	arise	from	inclusion	of	

multiple	predictors.	The	reason	for	this	becomes	clear	when	examining	Figures	1A	-	1F.	

The	variables	that	are	significant	through	the	most	iterations	(and	therefore	have	high	

variable	importance	scores)	come	from	a	across	methodologies.	It	should	be	noted	that	the	

significance	of	an	explanatory	variable	is	not	the	same	as	the	effect	size,	and	so	a	large	

variable	importance	score	should	not	be	interpreted	as	a	large	effect	(Galipaud	et	al.	2014).			

	 By	using	multiple	approaches	(including	environmental,	community	weighted	trait,	

and	diversity	variables	together),	we	were	able	to	explain	27,	59,	61,	68,	72,	and	80	percent	

of	the	variance	in	aboveground	biomass,	NPP,	Rsoil,	SOC,	Reco,	and	NEP	respectively.	In	some	

cases	using	multiple	approaches	did	not	improve	the	predictive	ability	over	a	single	

approach	(as	in	SOC,	Reco,	and	Rsoil),	while	other	cases	increased	the	Conditional	R2	by	4%	

(NPP),	14%	(biomass),	and	15%	(NEP).		

	 Including	CWV	did	not	increase	the	explained	variation	in	SOC	or	Rsoil,	but	it	did	

increase	the	explained	variation	in	Reco,	NEP,	aboveground	biomass,	and	NPP	by	6,	10,	12,	

and	18	percent	respectively	over	using	CWM	alone.	We	therefore	agree	with	others	who	

have	called	for	the	inclusion	of	trait	variance	as	important	predictors	of	ecosystem	function	

(Bernard-Verdier	et	al.	2012,	Hulshof	et	al.	2013,	Enquist	et	al.	2015).	

	 Carbon	pools	and	fluxes	were	best	explained	by	models	that	included	multiple	

explanatory	variables	from	across	approaches.	Inclusion	of	the	more	infrequently	analyzed	

CWM	and	CWV	traits	explain	more	variation	in	ecosystem	fluxes	and	pools	than	

environmental	or	diversity	variables.	Traits	informed	by	local	dominance	and	variance	in	
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dominance	are	key	measures	of	scaling	from	individuals	to	ecosystem	functioning,	and	

therefore	we	advocate	for	their	inclusion,	along	with	environmental	and	diversity	

variables,	in	models	aimed	at	explaining	carbon	dynamics.		
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FIGURE	CAPTIONS:	

Figure	1	a	-	f:	Circle	graphs	of	importance	values	for	the	explanatory	variables	of	each	full	

model.	The	‘RandomForest’	package	in	‘R’	was	used	to	systematically	drop	individual	

variables	from	the	mixed	effect	models	and	compare	the	predictions	made	with	the	

permuted	data	to	the	original	model.	The	worse	the	prediction	is	without	that	variable,	the	

higher	the	importance	score.		

	

Table	1:	Comparing	linear	mixed	effect	models.	‘Response	variable’	is	the	carbon	flux	or	

storage	variable	that’s	being	explained.	‘Model	type’	is	the	approach	that	is	being	

compared:	environment,	diversity,	CWM	traits,	CWV	traits,	the	combination	of	CWM	and	

CWV	traits	together,	and	the	best	possible	model	across	approaches.	All	models	give	‘site’	

random	intercepts.	Marginal	R2GLMM	represents	the	proportion	of	variance	explained	by	

fixed	effects,	and	the	Conditional	R2GLMM	represents	the	proportion	of	variance	explained	by	

fixed	and	random	effects	together	(Nakagawa	and	Schielzeth,	2013).	The	best	linear	mixed	

effect	model	for	each	approach	was	chosen	by	systematically	dropping	out	variables,	and	

choosing	the	model	with	the	lowest	AIC	value	for	each	approach	using	the	‘dredge’	function	

in	the	MuMIn	package	in	‘R’.	Since	AIC	scores	cannot	be	used	to	compare	models	with	

different	effects,	the	best	models	were	chosen	for	each	model	type	and	models	are	

compared	using	marginal	and	conditional	R2	values.		

	

Table	2:	Model	averages	for	a	subset	of	models	that	were	within	two	AIC	units	from	the	

best	global	model.	Inputs	to	the	global	model	contain	all	fixed	effects	from	across	model	

types.	All	models	have	‘sites’	as	random	intercepts.	‘averaged	coef’		=	model-averaged	
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coefficients	across	all	models	where	that	coefficient	does	not	equal	zero;	‘SE’	=	standard	

error;	‘adj	SE’	=	adjusted	standard	error;	‘z’	=	z-test	statistic;	‘p’	=	p-value;	‘sig’	=	signifies	

the	strength	of	the	p-value;	‘importance’	=	the	sum	of	Akaike	weights	over	all	models	

including	that	explanatory	variable;	‘N’	=	the	number	of	models	in	the	subset	containing	

that	variable.	Model	selection	and	averaging	were	done	using	the	MuMIn	package	in	‘R’.	

The	single	best	model	for	each	response	variable	is	presented	in	Table	1.			

	

	

	 	

71



	

	

Figure	1:	
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Table	1:		

Resp	
var	

Model	
approach	

Retained	
fixed	effecs	

Marginal	
R2GLMM		

Conditional	
R2GLMM	

CR2	-	
MR2	 df	

Wald	F-
statistic	

p-
value	 Coef	

Coef	
Std	
error	

SOC	 env	 Soil	Moist	 0.04	 0.6	 0.56	 35	 2.14	 0.15	 0.34	 0.24	

	
div	 Feve	 0.06	 0.68	 0.62	 35	 5.02	 0.03	 -0.61	 0.27	

	
mtrait	 CWM.C	 0.01	 0.69	 0.68	 35	 0.7	 0.41	 2.59	 3.1	

	
vtrait	 CWV.N	 0.57	 0.61	 0.04	 34	 32.44	 0	 0.28	 0.05	

	 	
CWV.Photo	

	 	 	
34	 4.32	 0.05	 -0.29	 0.14	

	
v&m	trait	 CWM.N	 0.63	 0.63	 0	 34	 1.3	 0.26	 1.04	 0.32	

	 	
CWV.N	

	 	 	
34	 70.53	 0	 0.29	 0.03	

	
all		 CWV.N	 0.68	 0.68	 0	 33	 71.57	 0	 0.23	 0.03	

	 	
CWV.SLA	

	 	 	
33	 9.12	 0	 0.14	 0.05	

	 	
Feve	

	 	 	
33	 9.95	 0	 -0.67	 0.21	

NPP	 env		 Soil	Moist	 0.005	 0.2	 0.195	 35	 0.16	 0.69	 -4.87	 12.18	

	
div		 Fdis	 0.03	 0.21	 0.18	 36	 1.12	 0.3	 -93.58	 88.47	

	
mtrait		 CWM.N	 0.3	 0.3	

	
35	 9.18	 0	 68.38	 18.15	

	 	
CWM.Photo	

	 	 	
35	 8.5	 0.01	 -55.66	 19.08	

	
vtrait		 CWV.SLA	 0.21	 0.44	 0.23	 35	 4.37	 0.04	 -8.71	 4.07	

	 	
CWV.Photo	

	 	 	
35	 5.68	 0.02	 -18.18	 7.63	

	
v&m	trait		 CWM.N	 0.48	 0.48	

	
34	 11.83	 0	 99.56	 19.53	

	 	
CWV.P	

	 	 	
34	 2.18	 0.15	 12.6	 4.42	

	 	
CWV.SLA	

	 	 	
34	 21.06	 0	 -16.83	 3.67	

	
all		 CWM.N	 0.48	 0.48	

	
34	 11.83	 0	 99.56	 19.53	

	 	
CWV.P	

	 	 	
34	 2.18	 0.15	 12.6	 4.42	

	 	
CWV.SLA	

	 	 	
34	 21.06	 0	 -16.83	 3.67	

NEP	 env		 SoilT	 0.26	 0.45	 0.19	 24	 5.65	 0.03	 0.77	 0.32	

	
div		 spp.div	 0.17	 0.61	 0.44	 23	 6.53	 0.02	 0.82	 0.28	

	 	
Feve	

	 	 	
23	 2.73	 0.11	 12.57	 7.6	

	
mtrait		 CWM.N	 0.65	 0.65	 0	 22	 38.44	 0	 -72.08	 10.69	

	 	
CWM.P	

	 	 	
22	 7.98	 0.01	 39.99	 13.98	

	 	
CWM.Photo	

	 	 	
22	 2.94	 0.1	 14.47	 8.44	

	
vtrait		 CWV.Photo	 0.33	 0.57	 0.24	 24	 16.72	 0	 13.17	 3.22	

	
v&m	trait		 CWM.C	 0.75	 0.75	

	
21	 28.83	 0	 181.67	 85.54	

	 	
CWM.N	

	 	 	
21	 28.28	 0	 -53.06	 10.24	

	 	
CWM.P	

	 	 	
21	 12.54	 0	 27.83	 12.05	

	 	
CWV.Photo	

	 	 	
21	 16.86	 0	 15.57	 3.79	

	
all		 CWM.N	 0.73	 0.8	 0.07	 21	 30.27	 0	 -47.17	 10.96	

	 	
CWM.P	

	 	 	
21	 7.36	 0.01	 36.68	 11.73	

	 	
CWV.Photo	

	 	 	
21	 13.34	 0	 10.7	 2.83	
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SoilMoist	

	 	 	
21	 10.84	 0	 -12.39	 3.76	

Reco	 env		 SoilMinT	 0.21	 0.66	 0.45	 25	 4.16	 0.05	 -0.35	 0.17	

	
div		 Feve	 0.03	 0.62	 0.59	 25	 38.61	 0	 -3.24	 2.54	

	
mtrait		 CWM.N	 0.17	 0.71	 0.54	 25	 6.79	 0.02	 10.35	 3.97	

	
vtrait		 CWV.Photo	 0.07	 0.71	 0.64	 25	 4.99	 0.03	 -2.56	 1.15	

	
v&m	trait		 CWM.N	 0.36	 0.77	 0.41	 24	 7.27	 0.01	 13.59	 4.27	

	 	
CWV.N	

	 	 	
24	 2.98	 0.1	 1.5	 0.87	

	
all		 CWM.N	 0.61	 0.72	 0.11	 22	 10.17	 0	 10.77	 3.76	

	 	
CWV.N	

	 	 	
22	 5.87	 0.02	 1.56	 0.51	

	 	
SoilMaxT	

	 	 	
22	 1.72	 0.2	 -0.14	 0.06	

	 	
SoilMoist	

	 	 	
22	 7.57	 0.01	 -5.41	 1.96	

Rsoil	 env		 SoilMoist	 0.11	 0.66	 0.55	 23	 6.51	 0.02	 -2.42	 0.95	

	
div		 spp.div	 0.2	 0.45	 0.25	 23	 8.04	 0.01	 0.14	 0.05	

	
mtrait		 CWM.C	 0.09	 0.5	 0.41	 23	 3.16	 0.09	 25.72	 14.47	

	
vtrait		 CWV.N	 0.29	 0.29	 0	 22	 9.08	 0.01	 0.62	 0.18	

	 	
CWV.Photo	

	 	 	
22	 4.08	 0.06	 -1.44	 0.71	

	
v&m	trait		 CWM.C	 0.51	 0.51	 0	 21	 1.1	 0.31	 52.71	 14.42	

	 	
CWM.Photo	

	 	 	
21	 11.28	 0	 4.16	 1.82	

	 	
CWV.C	 	 	

	

21	 12.98	 0.00	 0.82	 0.23	

	
all		 CWM.C	 0.59	 0.59	 0	 20	 1.50	 0.24	 32.01	 11.70	

	 	
CWV.N	 	 	

	

20	 28.38	 0.00	 0.94	 0.17	

	 	
Feve	 	 	

	

20	 8.45	 0.01	 -3.31	 1.01	

	 	
SoilMoist	 	 	

	

20	 6.13	 0.02	 -2.18	 0.88	

Biomass	 env		 SoilMoist	 0.06	 0.06	

	

35	 2.60	 0.12	 -544.33	 337.30	

	
div		 Fdiv	 0.02	 0.03	 0.01	 36	 0.71	 0.40	 -427.24	 506.23	

	
mtrait		 CWM.Photo	 0.1	 0.1	

	
36	 4.38	 0.04	

-
1331.49	 636.43	

	
vtrait		 CWV.SLA	 0.13	 0.13	

	
36	 6.09	 0.02	 -261.05	 105.81	

	
v&m	trait		 CWM.N	 0.22	 0.22	

	
35	 0.02	 0.9	 1624.76	 725.31	

	 	
CWV.SLA	

	 	 	
35	 11.7	 0	 -441.87	 129.19	

	
all		 CWM.N	 0.27	 0.27	

	
33	 0.01	 0.93	 2038.16	 779.52	

	 	
CWV.SLA	

	 	 	
33	 11.82	 0	 -398.38	 126.73	

		 		 SoilVarT	 		 		 		 33	 3.05	 0.09	 3.3	 1.89	
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Table	2:	

Resp	
var	 Eff	var	

averaged	
coef	 SE	 adj	SE	 z	 p	 sig	 import	 N	

SOC	 (Intercept)	 -4.70	 4.98	 5.03	 0.94	 0.350	
	 	 	

	
CWV.N	 0.26	 0.04	 0.04	 5.84	 <0.001	 ***	 1	 9	

	
CWV.SLA	 0.12	 0.06	 0.06	 2.05	 0.041	 *	 1	 9	

	
FEve	 -0.60	 0.23	 0.24	 2.50	 0.012	 *	 0.59	 5	

	
Slope	 0.01	 0.00	 0.01	 1.48	 0.140	

	
0.34	 3	

	
CWM.C	 5.58	 2.91	 3.00	 1.86	 0.063	 .	 0.24	 2	

	
CWM.N	 0.69	 0.34	 0.35	 1.98	 0.048	 *	 0.18	 2	

	
SoilMoist	 0.26	 0.22	 0.23	 1.11	 0.266	

	
0.16	 2	

	
CWV.Photo	 -0.13	 0.13	 0.13	 0.97	 0.332	

	
0.07	 1	

NPP	 (Intercept)	 62.78	 20.91	 21.62	 2.90	 0.004	 **	
	 	

	
CWM.N	 99.95	 20.79	 21.57	 4.63	 0.000	 ***	 1	 5	

	
CWV.P	 11.70	 4.78	 4.96	 2.36	 0.018	 *	 1	 5	

	
CWV.SLA	 -16.21	 4.04	 4.19	 3.87	 0.000	 ***	 1	 5	

	
FRic	 2077.44	 1491.62	 1550.19	 1.34	 0.180	

	
0.23	 1	

	
CWM.Photo	 -23.41	 19.42	 20.19	 1.16	 0.246	

	
0.17	 1	

	
FEve	 13.00	 12.69	 13.19	 0.99	 0.324	

	
0.14	 1	

	
SoilVarT	 0.05	 0.06	 0.06	 0.94	 0.350	

	
0.13	 1	

NEP	 (Intercept)	 -46.74	 149.50	 150.72	 0.31	 0.756	
	 	 	

	
CWM.N	 -53.06	 22.98	 23.27	 2.28	 0.023	 *	 1	 5	

	
CWM.P	 34.57	 11.41	 12.06	 2.87	 0.004	 **	 0.72	 3	

	
CWV.Photo	 11.95	 4.50	 4.62	 2.59	 0.010	 **	 0.59	 2	

	
SoilMoist	 -12.08	 3.54	 3.74	 3.23	 0.001	 **	 0.58	 3	

	
CWV.SLA	 4.84	 1.69	 1.76	 2.75	 0.006	 **	 0.41	 2	

	
CWM.C	 196.56	 81.49	 86.23	 2.28	 0.023	 *	 0.41	 3	

	
SoilT	 0.50	 0.20	 0.21	 2.33	 0.020	 *	 0.16	 1	

	
spp.div	 0.76	 0.19	 0.20	 3.89	 0.000	 ***	 0.13	 1	

Reco	 (Intercept)	 5.69	 5.99	 6.06	 0.94	 0.347	
	 	 	

	
CWM.N	 12.65	 4.32	 4.52	 2.80	 0.005	 **	 0.82	 5	

	
CWV.N	 1.70	 0.92	 0.94	 1.80	 0.072	 .	 0.75	 5	

	
SoilMaxT	 -0.16	 0.06	 0.06	 2.51	 0.012	 *	 0.59	 4	

	
SoilMoist	 -5.80	 2.06	 2.17	 2.67	 0.008	 **	 0.41	 3	

	
SoilVarT	 -0.03	 0.01	 0.01	 2.25	 0.025	 *	 0.33	 2	

	
FDiv	 -5.32	 2.45	 2.58	 2.06	 0.040	 *	 0.18	 1	

	
CWV.Photo	 -2.43	 1.08	 1.15	 2.12	 0.034	 *	 0.09	 1	

	
CWV.P	 1.50	 0.87	 0.92	 1.64	 0.101	

	
0.09	 1	

	
CWV.C	 -2.78	 1.18	 1.25	 2.22	 0.026	 *	 0.09	 1	

Rsoil	 (Intercept)	 -20.73	 27.10	 27.52	 0.75	 0.451	
	 	 	

	
CWM.C	 29.90	 10.67	 11.40	 2.62	 0.009	 **	 1	 3	

	
CWV.N	 1.08	 0.18	 0.19	 5.67	 <0.001	 ***	 1	 3	

	
FEve	 -3.24	 1.10	 1.16	 2.78	 0.005	 **	 1	 3	

	
SoilMoist	 -3.48	 0.96	 1.02	 3.40	 0.001	 ***	 0.52	 1	

	
CWM.N	 3.43	 1.37	 1.46	 2.35	 0.019	 *	 0.25	 1	

	
SoilMinT	 -0.12	 0.05	 0.05	 2.32	 0.020	 *	 0.23	 1	

Biomass	 (Intercept)	 1289.31	 638.02	 656.04	 1.97	 0.049	 *	
	 	

	
CWM.N	 2030.09	 881.38	 909.76	 2.23	 0.026	 *	 1	 11	

	
CWV.SLA	 -445.77	 136.17	 141.11	 3.16	 0.002	 **	 1	 11	

	
SoilVarT	 4.07	 3.12	 3.20	 1.27	 0.204	

	
0.56	 6	

	
spp.div	 23.77	 17.67	 18.36	 1.30	 0.195	

	
0.18	 2	

	
FRic	 73774.38	 55236.01	 57329.67	 1.29	 0.198	

	
0.18	 2	
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CWV.P	 215.22	 174.39	 181.24	 1.19	 0.235	

	
0.15	 2	

	
CWV.C	 153.61	 112.35	 115.89	 1.33	 0.185	

	
0.14	 2	

	
SoilMaxT	 -6.80	 27.26	 27.79	 0.25	 0.807	

	
0.08	 1	

		 SoilMoist	 -751.85	 397.11	 412.71	 1.82	 0.068	 .	 0.07	 1	

	

	

	 	

76



	

	

Table	S1:	Latitudes,	longitudes,	and	elevations	of	the	study	sites.		

Gradient sites   
Elevation (m) N latitude W longitude 
2475 38°39’16” 106°51’40” 
2700 38°52’55” 106°58’46” 
2815 38°53’50” 106°58’43” 
3165 38°57’38” 107°01’53” 
3380 38°58’10” 107°02’28” 
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Table	S2:	Here	we	present	the	percent	of	the	global	variation	that	is	found	within	

each	site	for	CWM	traits	than	environmental	variables,	where	“global”	refers	to	all	

plots	on	all	sites	in	this	study.	There	is	a	lower	average	fraction	of	the	global	

variation	at	each	site	for	environmental	variables	(29.15	+/-	4.72)	than	for	CWM	

traits	(32.55	+/-	4.95	),	although	the	difference	is	not	statistically	significant	(t-test,	

df	=	7,	p	=	0.3312).	

Elevation	(m)	 CWM.C	 CWM.N	 CWM.P	 CWM.SLA	 CWM.Photo	
2475	 0.80	 0.17	 0.56	 0.32	 0.41	
2710	 49.42	 18.35	 32.08	 22.93	 19.41	
2815	 53.96	 25.34	 27.37	 23.17	 35.73	
3155	 20.58	 21.88	 30.31	 21.04	 55.85	
3380	 43.50	 69.67	 100.00	 71.21	 69.60	

	

	

Elevation	(m)	 SoilMoist	 SoilT	 SoilVarT	 SoilMinT	 SoilMaxT	
2475	 0.07	 0.14	 0.63	 0.26	 0.47	
2710	 100.00	 25.64	 40.33	 39.13	 38.78	
2815	 42.36	 39.30	 73.36	 39.13	 77.55	
3155	 12.86	 30.48	 16.09	 30.43	 8.16	
3380	 19.83	 36.63	 23.24	 13.04	 4.08	
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Table	S3:	Pairwise	associations	between	response	variables	(measure)	and	effect	
variables	(biomass	NPP,	SOC,	NEP,	and	Reco).	R2	values	from	simple	linear	regression	
are	presented.	Statistical	significance	is	indicated	with	asterisks	(*P	<	0.05;	**	P	<	
0.01;	***	P	<	0.001)	
	

Measure	 Biomass	 NPP	 SOC	 NEP	 Reco	
sing.sp	 -0.02478	 -0.02296	 0.05308	 0.1021	 0.04861	
FRic	 -0.0218	 -0.01947	 0.08143*	 0.1316*	 -0.01049	
FEve	 -0.02498	 0.02028	 0.07517*	 0.1337*	 0.1749*	
FDiv	 -0.005531	 0.002736	 -0.02488	 -0.02118	 0.01233	
FDis	 -0.01985	 0.05258	 -0.01779	 0.05408	 0.01847	
RaoQ	 -0.01856	 0.03381	 -0.0194	 -0.01792	 -0.01763	
CWM.C	 -0.02436	 0.09206*	 -0.01264	 0.232**	 0.008271	
CWM.N	 -0.02465	 0.1786**	 -0.02494	 0.4926***	 0.1846**	
CWM.P	 -0.01129	 -0.0146	 -0.025	 0.01702	 -0.03338	
CWM.SLA	 -0.02499	 0.1312*	 -0.01364	 0.4132***	 0.1713*	
CWM.Photo	 0.0761*	 0.03201	 0.09217*	 -0.0357	 0.1044*	
CWV.C	 -0.016	 0.1218*	 0.2378***	 0.1385*	 -0.02495	
CWV.N	 0.008065	 0.08591*	 0.3223***	 0.0527	 0.04575	
CWV.P	 -0.02376	 0.05613	 -0.007328	 -0.019	 0.101*	
CWV.SLA	 0.1104*	 -0.02044	 0.149**	 -0.01153	 0.128*	
CWV.Photo	 0.002362	 0.2081**	 -0.02099	 0.5052***	 0.04878	

Soil	
Moisture	 0.03856	 0.01483	 0.1737**	 -0.02837	 -0.03101	
mean	T	 0.01341	 0.04917	 -0.01227	 0.359***	 0.243**	
var	T	 0.04514	 -0.00035	 -0.02391	 0.2404**	 0.2512**	
min	T	 -0.0212	 0.07164	 -0.004924	 0.3214***	 0.244**	
max	T	 0.02206	 0.008099	 -0.02132	 0.237**	 0.3021***	
slope	 -0.005368	 -0.007461	 0.03778	 0.05991	 -0.02189	

elevation	 -0.02484	 0.2006**	 -0.0213	 0.5328***	 0.1294*	
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ABSTRACT 

Research in the field of phenotypic integration has suggested that selection by specialist 

pollinators may serve to decouple suites of correlated plant traits, however, the degree to 

which this is true is not fully understood, despite a deep history of theoretical and 

experimental work. Here, we utilize a place-based plant trait database to test hypotheses 

about morphological integration within and between leaves and flowers in 124 subalpine 

species. We use six ecologically important leaf functional traits along with nine floral 

traits (e.g., reflected flower color, morphology, and timing) in order to determine (1) 

whether traits are more coordinated within or between organs, (2) if the degree of 

coordination changes with pollinator specialization, and (3) which organs’ traits are more 

constrained by phylogeny. In general, we find leaves and flowers are separate in trait 

space, as illustrated by their separation in a phylogenetic PCA. We also find that there are 

stronger correlations within organs than between them. The strength of intra-organ 

correlations are about equal between leaves and flowers for plants without a specialized 

reproductive systems (e.g. wind or generalist pollinated); however, floral traits are more 

correlated than leaf traits for plants with specialized reproductive systems (plants with 

restrictive and complex floral morphology). While all traits showed low levels of 

phylogenetic signal, floral traits showed higher levels of phylogenetic signal than leaf 

traits for specialized species, indicating that tight pollinator relationships may constrain 

floral trait liability. Our results are consistent with the findings of R. L. Berg (1960) and 

others in the field of phenotypic integration, which suggest that selection by specialist 

pollinators may serve to decouple suites of correlated floral and leaf traits. 
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INTRODUCTION 

 For a plant to properly function many organs need to act together simultaneously, 

accomplishing individual functions while maximizing fitness at the organismal level 

(Gould and Lewontin 1979). A certain degree of phenotypic integration is required, both 

within and among plant organs, but the degree to which suites of traits are bound together 

is not fully understood, despite a deep history of theoretical and experimental work 

(Olsen and Miller 1958, Berg 1960, Murren 2002, Pigliucci and Preson 2004).  

  Plants would be better able to acclimate to changing environments if their traits 

were very plastic, or if their populations had a wide variety of trait values. However, 

adaptive plasticity has been shown to impose a range of costs at the organismal level 

(DeWitt et al. 1998), and heritable variation is continually purged through natural 

selection (Fisher 1930). Additionally, limits to the variation and plasticity of plant traits 

are imposed by genetic and developmental constraints. The relative influence of these 

pleiotropic effects versus natural selection in the evolution of quantitative traits is still a 

debated and active area of research (Lande 1979, 1980, Riska 1989, Houle 1991, 

Pigliucci 2006).  

 Understanding the mechanisms that cause patterns of covariation in plant traits 

can yield insights into how evolution forms complex functional phenotypes (Armbruster 

et al. 1999, Murren 2002). Some of the earliest insights on how selection acts on 

phenotypic correlations comes from the hypothesis that many phenotypic integration 

patterns are driven by selection from specialized pollinators (Berg, 1960). Trait 

correlations within flowers may benefit organisms by insuring the effective pollen 

placement for animal pollinators. Similarly, tight relationships among leaf traits may also 
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be selected for; for instance, correlations between leaf area, leaf mass, and photosynthetic 

capacity occur in predictable ways that reflect the ecological strategy of many plant 

species worldwide (Wright et al. 2004).  

 While trait correlations within leaves and flowers may benefit organismal fitness, 

the extent to which traits are correlated between these two organs is still relatively 

unknown. These two groups may be correlated because many floral parts are derived 

from leaves and still share many genetic and developmental controls (Evans 1971, Evert 

2006). Selection could act to further coordinate or dissociate these groups depending on 

how their relationship benefits whole plant fitness. Differential allocation patterns may 

lead to tradeoffs between these two groups, and thus trait relationships within organs may 

be influenced by trait relationships between them (Murren 2002, Pigliucci and Preson 

2004). A classic example of this is the tradeoff between biomass and reproductive output 

in many plants (Obeso 2002). Alternatively, selection could act to dissociate groups of 

coordinated traits if functional independence between groups of traits increases fitness 

(Conner and Via, 1993).  

 The hypothesis that selection for precise flower-pollinator fit is responsible for 

phenotypic integration patterns yields a number of testable predictions. These predictions 

were originally formulated by R. L. Berg (1960) and were later summarized and 

interpreted by Armbruster and others (1999).  These predictions are: (1) plants with 

specialized pollination systems will have floral traits that are largely decoupled from 

vegetative traits; (2) plants without specialist pollinators will have flowers and leaves that 

are not decoupled because selection by pollinators has not broken up the default genetic 

correlations between these two groups; (3) intercorrelation of floral traits should be 
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stronger in specialized than in generalized species. Here, we add an additional prediction: 

(4) if associations with specialist pollinators dissociate floral traits from leaf traits (i.e., 

predictions 1 and 2 are supported), we should see increased differences in the rates of 

phylogenetic signal between floral and leaf traits for specialized species when compared 

to generalized species.  

 Here, we test these predictions across species using plant trait data for 124 unique 

taxa collected in and around the Rocky Mountain Biological Laboratory (RMBL), in 

Gothic, Colorado (38°57.5′ N, 106°59.3′ W, 2,900 m a.s.l.). We separate plant life history 

and phenology traits into two organ groups: flowers and leaves. Leaf traits include: 

specific leaf area (SLA), photosynthetic capacity (photo), Carbon to Nitrogen ratio (C:N), 

Nitrogen to Phosphorous ratio (N:P), Carbon isotope ratio (δ13C)  and Nitrogen isotope 

ratio (δ15N). Floral traits include floral phenology traits (peak flowering date, duration of 

flowering, and variation in these traits), floral morphology traits (floral volume and 

display volume), and flower petal color (hue saturation and brightness).  

 To our knowledge, the inclusion of flower phenology and color into this 

framework represents a novel advance from analyses that focus solely on morphological 

characteristics. Flowering phenology and flower color are both important components in 

determining plant-pollinator interactions and thus whole plant reproductive fitness. 

Flowering phenology is an important component of plant function and was included in 

the short list of core functional traits by Weiher and others (1999). Despite this, the 

timing of flowering has not been utilized as much as vegetative functional traits as an 

ecologically important attribute (Wolkovich et al. 2014). Recent work has shown that 

pollinators mediate selection on flower colors (Menzel and Shmida 1993, Dyer 2012, 
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Hopkins and Rausher 2012, Shrestha et al. 2013) as well as flowering phenology 

(Sandring and Ågren 2009, Sletvold et al. 2010). Thus, it is plausible that floral 

morphology, phenology, and color may become linked in response to selection by 

specialist pollinators.   
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METHODS 

 The dataset represents a unique collaboration effort among a group of plant 

ecologists at the Rocky Mountain Biological Laboratory (RMBL) in Gothic, Colorado. 

The goal of this effort was to create a local plant trait dataset that would facilitate 

collaborative research at the station. The station is situated at 38°57.5′ N, 106°59.3′ W, at 

2900 m elevation. Subalpine meadows here can range from dry and rocky to seasonally 

wet and are dominated by long-lived perennial plants. As in many research stations, 

investigators collect data independently as part of individual research programs. Much of 

this data is complementary in that it is collected for similar species in the same system. 

Because the dataset is restricted to roughly 50 km from the research station, the data may 

be subject to similar environmental filters, year-to-year climate and growing season 

variation, and local selective pressures. Additionally, many ecological characters exhibit 

considerable geographic variation, which can introduce error into cross-species 

comparative studies. Therefore, we believe that the trait measurements in this dataset may 

be superior to trait data taken from global databases for calculating interspecific trait 

correlations.   

 The dataset consists of 124 plants (see table S1 for complete species list). Here we 

used a combination of floral and leaf traits aggregated at the species level. Detailed 

descriptions of all 15 traits used in this analysis can be found in Table 1. We chose traits 

that are ecologically important, while at the same time being relatively independent of 

one another.  

  We chose floral traits that represent flower morphology, phenology, and petal 

color because these traits are relevant to hypotheses based on pollinator-mediated 
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selection. Data on flower phenology were collected by D.W. Inouye, and include the 

mean and variation of phenophase and peak flowering date measured between 1973 and 

2011.  Floral morphology and raw petal reflectance were measured between 2010 and 

2011, and contributed by K.D. Whitney. Floral morphology data include the volume (L x 

W x H) of flowers (FW), and the volume of the floral display (DV). Petal reflectance was 

measured for inner, outer, and middle patches of the flower petal. Brightness (‘bright’ or 

‘B’), hue (or ‘H’), and saturation (‘sat’, or ‘S’), were calculated using segment analysis 

techniques that do not take any particular visual system into account (Endler 1990, 

Rutowski 2005). Equations and citations for the calculation of brightness, hue, and 

saturation from petal reflectance are found in Table 1. To establish if averaging B, H, or 

S across patches was appropriate, we used repeated measures ANOVA to determine if 

these measures changed across patches. Brightness and hue did not differ between 

locations within species (p =  0.2, p =  0.3, respectively), but saturation did increase from 

the outside to the inside of the petal (P < 0.05). Because of these differences, and because 

the averaging of colors between patches can result in colors that do not exist in nature, we 

selected only the middle patch for inclusion in our analyses.  

 Leaf trait data were contributed by B.J. Enquist. These data were collected 

between 2002 and 2011 and consist of specific leaf area (SLA), maximum photosynthesis 

(Amax or ‘Photo’), and leaf nutrient stoichiometry (C:N, N:P) and isotopes (δ13C, δ14N). 

Enquist lab trait collection follows methods outlined by Cornelissen and others (2003). 

All leaf trait data were log10 transformed in order to better fit the assumptions of 

normality.  
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 Data on reproductive strategy were coded in a binary fashion based on floral 

morphology by P. CaraDonna. Specifically, plants with restrictive and complex floral 

morphology that inherently limit pollination to some degree (e.g., concealed nectar within 

a long and narrow corolla) were coded as ‘specialized’, whereas plants with non-

restrictive and relatively simple floral morphology that do not readily limit pollination 

(e.g., exposed nectar and pollen; or wind pollinated plants) were coded as ‘generalized’. 

Here our usage of a generalized or specialized was intended to capture pollination and 

reproductive specialization based on floral morphology – specifically restrictiveness of 

floral rewards (or lack thereof for wind pollinated species). Our usage of these terms is 

broad and does not imply the relative richness of effective pollinators to these two 

categories. For example, specialized plants with long-tubed corollas only permit 

legitimate access to floral rewards by pollinator species with long tongues. Floral 

specialization and generalization designations for all species can be found in Table S1. 

  

Data analysis - Phylogenetic methods 

All data analyses were done using ‘R’ version 3.1.1 (R Core Team 2014). See Table 1 for 

variable names, units and transformations. 

 

 In comparative trait analyses, statistical interpretation may be confounded by a 

lack of independence among data points resulting from the common ancestry of taxa 

(Felsenstein 1985, Harvey and Pagel 1991). In this study we examine the interspecific 

correlations both within and between floral and vegetative traits. Because we expect that 

these traits to show phylogenetic signal we attempt to account for the trait variation that 
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is attributable to phylogenetic history before discussing the ecological drivers of trait 

variation. Statistical methods that account for evolutionary relationships when comparing 

traits among species extract the variation correlated with phylogeny and the residual 

variation is attributed to ecology, therefore these methods are statically conservative 

when it comes to inferring ecological drivers of trait differences (Westoby et al. 1995b). 

Here, we used (i) Blomberg’s K statistic as a measure of phylogenetic signal (Blomberg 

et al. 2003), (ii) phylogenetic generalized least squares (PGLS) in order to detect and 

account for the influence of evolutionary history on trait correlations (Ackerly 2000), and 

(iii) a phylogenetic principal components analysis (PPCA) to account for evolutionary 

history in our exploratory dimensionality reduction. Therefore, we have taken a 

conservative approach to accounting for evolutionary history in our dataset, and have 

likely underestimated the amount of trait variation in our dataset that may be explained 

by ecology (Westoby et al. 1995a).  

 We utilized a dated, molecular phylogeny for land plants for phylogenetic 

analyses (Zanne et al., 2014). Blomberg’s K was calculated separately for specialized 

(table 2a) and generalized species (table 2b) using the Picante package (Kembel et al. 

2010). PGLS was calculated for all bivariate trait combinations using the ‘caper’ package 

(Orme 2013). Branch lengths were multiplied by a constant (Lambda; λ) based on the 

strength of the phylogenetic relationship. Lambda was calculated using maximum 

likelihood methods in Picante. Bivariate correlations are visualized in Figure 2 using a 

circle graph generated using the ‘igraph’ package in R (Csardi and Nepusz 2006). 

 When testing for differences in phylogenetic signal between specialized and 

generalized species we used a two-sample Kolmogorov-Smirnov (KS) test. This is a non-
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parametric test of the equality of two distributions. We used this test because it allows us 

to compare the distribution of K values between the two reproductive strategy groups 

without making assumptions about the normality of the data.  

 

Data analysis - PPCA   

 We explored the data structure after accounting for the species’ evolutionary 

relationships using a phylogenetic principal components analysis (PPCA) (Uyeda et al. 

2015). The PPCA in Figure 1 was calculated on the trait correlation matrix using the 

‘phytools’ package (Revell 2012).  Because the dataset was not completely sampled for 

all traits, a Bayesian principal components analysis missing value estimators were 

calculated using the ‘bpca’ function in the ‘pcaMethods’ package (Uyeda et al. 2015). 

Because much of the variance is explained in the first two loadings (38%), PPCA is likely 

to produce good missing value estimation results (Stacklies et al. 2007). The process for 

generating the missing values works by iteratively generating matrix inversions (Oba et 

al. 2003). Scores and loadings from this method differ slightly from those found with 

conventional PCA in that this algorithm does not force orthogonally between factor 

loadings.  

  

Data analysis - Partial (residual) correlations  

 Partial correlations of trait values for specialized and generalized species were 

calculated using the ‘pcor’ function in the ‘ppcor’ package (Kim 2012). Partial 

correlations represent those remaining between two variables with effects of all other 

variables partialled out. This provides an intuitive way of summarizing and identifying 
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the important factors in the data. The sum of the absolute value of partial correlations 

within and between leaves and flowers is graphically depicted in Figure 3. The full partial 

correlation table is reported for specialized species in Table S2 and generalized species in 

Table S3.  
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RESULTS 

Phylogenetic principle component analysis 

A PPCA on all flower and leaf traits revealed that the first two components 

explain 20% and 18% of the variance respectively (Figure 1). Furthermore, loadings on 

the first two principal components showed that the first principal component is separated 

by tradeoffs in both flower and leaf traits. Traits belonging to the two groups do tend to 

cluster together, especially along the second principal component axis. If traits belonging 

to each group positively co-vary, we would expect to see them clump together in PPCA 

space. In general, floral and vegetative traits show moderate clumping in the first two 

components, indicating some level of trait coordination within floral and vegetative 

groups.    

 

Phylogenetic generalized least squares regression 

Phylogenetic generalized least squares regression (PGLS) revealed that there are 

significant bivariate trait correlations both within and between flowers and leaves (Figure 

2). Positive correlations suggest that these traits may either increase or decrease in 

concert. Negative correlations may indicate a trade-off where as one trait increases the 

other decreases. Pairs of traits that do not have significant correlations are generally 

considered dissociable. The sign of the correlations among traits may be important for 

understanding the changes that may happen to the complex phenotype of an organism if 

one trait is the target of selection (Murren, 2002).  
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Within flowers PGLS: Some floral intracorrelations presented in Figure 2 follow 

logically, such as the positive relationship between floral and display volume (the volume 

of flowers and groups of flowers, R2 = 0.23, P < 0.0001), phenophase and the 38-year 

variance of the same (R2 = 0.21, P < 0.0001), and the 38-year variance of phenophase and 

variance of peak flowering date (R2 = 0.16, P =  0.01). Notably, species with larger floral 

display volumes (DV) show less variance in their peak flowering date (R2 = 0.15, P =  

0.03) and phenophase, or duration of flowering (R2 = 0.33, P < 0.001), implying that 

species with large floral displays have a more consistent flowering phenology from year 

to year. Flower size (FV) was also found to be positively correlated with petal hue (R2 = 

0.09, P =  0.04), meaning that larger flowers reflect higher wavelengths of color and thus 

more frequently display with reds and oranges and yellows, than they do with blues or 

purples. Larger floral display volume (DV) is positively related to petal brightness (R2 = 

08, P < 0.05). White petals are the brightest as they reflect the most light, and thus data 

show that larger flowers tend to be brighter and more frequently white. Brightness can be 

important for aiding certain pollinators, such as bees, in long distance recognition and the 

identification of flowers in contrast to their background (Zahavi and Zahavi 1997). Floral 

hue and saturation are also weakly positively related to one another (R2 = 0.10, P =  

0.02). This might be due to the fact that warmer colors such as reds are more often 

intense, heavily saturated colors, having single peaks with steep spectral reflectance 

slopes, while cooler colors such as those on pale purple petals can have more than one 

wavelength peak that may be shorter.  

Within leaves PGLS: Leaf C:N is positively correlated to δ13C (R2 = 0.76, P < 

0.0001) - plants with lower leaf δ13C have a higher water use efficiency. C:N is also 
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negatively related to N:P (R2 = 0.53, P < 0.0001). It’s logical that these ratios would be 

negatively related as leaf nitrogen content serves as the numerator of one ratio and the 

denominator of the other. C:N is negatively related to SLA (R2 = 0.06, P =  0.02). This 

relationship has been found in other studies as well (Laliberte and Tylianakis, 2012). Leaf 

nitrogen is known to have a positive relationship with SLA (Reich et al. 1998). It is 

thought that plants that adapt better to resource-rich environments will have higher 

relative growth rates and higher SLA. N:P is negatively related to δ13C (R2 = 0.54, P < 

0.0001), meaning that higher N:P ratio is associated with lower water use efficiency. 

Maximum photosynthetic rate (Photo) is negatively related to SLA (R2 = 0.07, P < 0.01).   

 Between leaves and flowers: N:P is positively correlated with floral hue (R2 = 

0.23, P < 0.01), meaning that higher foliar N:P ratios are found in species with petal 

colors on the warmer end of the spectrum. N:P is also  positively correlated with floral 

volume (FV) (R2 = 0.11, P < 0.05), meaning that higher foliar N:P is found in species 

with larger flowers. C:N is negatively related to hue (R2 = 0.40, P < 0.0001), meaning 

that higher foliar C:N is found in species with petal colors in the cooler end of the 

spectrum.  Maximum photosynthetic rate (Photo) is negatively related to floral display 

volume (DV) (R2 = 0.09, P < 0.05). δ13C is negatively related to hue (R2 = 0.54, P < 

0.0001), implying that plants with flower colors on the cooler end of the spectrum have 

higher water use efficiency.  

 

Specialized versus generalized reproductive strategies 

 Comparisons between species with specialized versus generalized reproductive 

strategies were made for all 15 traits (Figure 5). Of the 124 species, 21 of them were 
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considered to have specialized pollinator floral morphology. Color saturation was lower 

for specialized species (ANOVA, P =  0.0001). Leaf C:N was also lower for specialized 

species (ANOVA, P =  0.009). None of the other 15 traits showed significant differences 

when grouped by specialized pollination syndrome.  

 

Partial Correlations 

 The partial Pearson correlations for specialized and generalized species can be 

found in tables S2 and S3, respectively. The strength of correlations within and between 

leaves and flowers is graphically depicted in Figure 3 as the average of the absolute value 

of partial Pearson correlations within and between each group. In generalized species the 

magnitude of trait correlation within flowers (0.22 +/- 0.03) is not different than the 

magnitude of trait correlations within leaves (0.21 +/- 0.03) (ANOVA, P =  0.85); 

however, specialized species have stronger trait correlation within flowers (0.64 +/- 0.04) 

than within leaves (0.32 +/- 0.05) (ANOVA, P =  0.001). Floral trait correlations are 

stronger for specialized species than generalized species (ANOVA, P < 0.0001), while 

the same is not true for leaf traits (P =  0.103). In both cases, the magnitude of 

correlations within each organ is stronger than the magnitude of correlations between 

them (ANOVA, P < 0.05). Among organ group correlations are no different in the 

specialized group (0.17 +/- 0.01) than the generalized group (0.11 +/- 0.01) (ANOVA, p 

=  0.35).  

 

Phylogenetic signal  
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 Phylogenetic signal appears to be low for the traits in this analysis, with all 

Blomberg’s K statistic values < 0.65 (Table 2). On average, floral traits have larger 

values of K (n = 9, mean = 0.15, sd = 0.07) than leaf traits (n = 6,  mean = 0.06, sd = 

0.021) for specialized species, but generalized species had more similar values of K 

between floral traits (n = 9, mean = 0.26, sd = 0.24) and leaf traits (n = 6,  mean = 0.10, 

sd = 0.06) (Figure 4). A two-way Kolmogorov-Smirnov test indicates that the 

distributions of ‘K’ values are significantly different between leaves and flowers of 

specialized species (Table 2a, D = 0.78, P =  0.014), but not generalized species (Table 

2b, D = 0.44 P =  0.408). The statistical significance of phylogenetic signal is evaluated 

by comparing observed patterns of the variance of independent contrasts of the trait to a 

null model of shuffling taxa labels across the tips of the phylogeny (K). Four out of 15 

traits showed K significantly different from zero under a Brownian motion model of 

evolution – the duration of flowering (phenophase), floral volume, flower petal 

saturation, and the 38-year variance in phenophase. Only two traits showed significant K 

values in generalized species – flower petal saturation and hue.   
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DISCUSSION 

 Understanding the degree to which plant traits are coordinated within and among 

organs can yield insights into the tradeoffs faced by evolutionary selection on the whole 

plant phenotype. Here, the overall pattern shows that floral and vegetative traits appear to 

be relatively independent of one another. The two most explanatory axes of variation in 

phylogenetic PCA reveal trait clustering by organ groups (Figure 1). While there were 

not many more significant bivariate trait correlations within leaves (five) or flowers 

(eight) than between them (six) (Figure 2), the sum of partial correlations reveal that the 

magnitude of correlations within organs was stronger than between them (Figure 3).  

 Our finding that there is a higher degree of integration within floral and vegetative 

traits than between them is in agreement with much of the literature on phenotypic 

integration. In the classic literature by Berg, floral and vegetative functional units were 

found to be dissociated on the whole (1960). This relationship tends to hold up 

throughout development, across environments, and after accounting for evolutionary 

relationships (reviewed by Murren, 2002).  

 There are a few hypotheses for why vegetative and floral trait groups may be 

relatively independent of one another, even after accounting for evolutionary history. 

Traits within organs could be more tightly correlated through pleiotropy, hormonal 

control, or other developmental or functional relationships. For instance, if traits within 

organs were subject to similar suites of hormones in development, that would limit the 

independent evolution of the traits within this group, perhaps resulting in the pattern of 

stronger correlations within organs than between them. More work is needed in this area, 

especially in the area of genotype to phenotype mapping, in order to properly address the 
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contributions of these mechanisms to the observed patterns of phenotypic integration 

(Murren 2002). Patterns of cross-organ correlation are occasionally also attributed to 

allometry, although this issue is more relevant to studies of intraspecific correlations 

since the relationship between two traits within a species may change in coincidence with 

body size. Alternatively, floral and vegetative groups may be relatively independent 

because they are subject to independent selective pressures.  

 The diversification of angiosperms is thought to be due primarily to interactions 

with animal pollinators, making plant-pollinator interactions among the most pervasive 

and influential evolutionary forces in history (Kiester et al. 1984, Lunau 2004).  

We have tested the hypothesis that the selection for precise flower-pollinator fit is related 

to many phenotypic integration patterns (Berg 1960). We have shown that,  (1) The 

magnitude of trait correlations within flowers was greater than the magnitude within 

leaves for specialized species (Figure 3); (2) the magnitude of trait correlations within 

flowers was the same as the magnitude of trait correlations within leaves for generalized 

species (Figure 3); (3) intercorrelation of floral traits is stronger in specialized than in 

generalized species (Figure 3); and, (4) there were significant differences in phylogenetic 

signal between floral and leaf traits for specialized species, but not generalized species 

(Table 2).   

 Prediction four (directly above) is supported by significant differences in 

phylogenetic signal between leaf and flower traits of specialized species; however, many 

of the measures of Blomberg’s K were not actually found to be significantly different 

from zero themselves (Table 2). While most of the observed K values were significantly 

different from zero under a white-noise (stochastic) model of evolution for all traits 
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(supplemental Figure 1), only four traits were significantly different from zero under a 

Brownian motion model. Brownian motion models are neutral “random walk” models of 

evolution used to simulate drift through evolutionary time, where the difference between 

daughter nodes grows in proportion to the time since they shared a common ancestor 

(Harvey and Purvis 1991, Harvey and Rambaut 2000, Martins et al. 2002). Therefore, the 

traits examined here do not appear to be changing more rapidly than would be expected 

under the more common (Brownian) null evolutionary model. The four traits showing 

significant phylogenetic signal were all floral traits – the duration of flowering 

(phenophase), floral volume, petal saturation, and the 38-year variance in phenophase. 

This implies that for these floral traits there is a higher degree of resemblance among 

relatives. While this pattern is consistent with the effect of stabilizing selection by 

pollinators, it is by no means a definitive test of this mechanism.  

 It is important to note that species may have idiosyncratic responses to phenotypic 

integration (Armbruster et al. 1999). If two traits are positively correlated in one species 

but negatively correlated in another, the result is the potential to mask interspecific 

correlations. Nevertheless, the interspecific correlations presented here are still consistent 

with predictions that were originally formulated and tested intra-specifically.  

 There are many potential issues that result from simplifying complex issues like 

plant-pollinator interactions. The data in this study were split into two basic species 

groups – those that have a more specialized reproductive morphology (‘specialized’), and 

those that do not (‘generalized’). The dominant paradigm is that floral morphology often 

reflects selection from specialist pollinators (Fenster et al. 2004), and in fact there is 

widespread convergence of floral morphology and pollinator type. However, we know 
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that very few plant-pollinator interactions are obligate, and various pollinators may exert 

different selective pressures on floral traits (Waser 1983, Waser et al. 1996, Kearns et al. 

1998). Dominant pollinators can also shift at different phenological periods (Gross and 

Werner 1983, Ashman and Stanton 1991), in different seasons (Pettersson 1991, Fishbein 

and Venable 1996), or when plants are in different growing positions (Herrera 1995). 

Additionally, the identity of the dominant pollinator may shift over the lifetime of long-

lived perennials in response to fluctuations in climate or pollinator populations (Ollerton 

1996). Consequently, the very idea that pollination syndromes represent an adaptive 

response that results in specialization is sometimes called into question (Waser et al. 

1996). These issues require us to use caution when interpreting comparative studies that 

invoke pollinator-mediated selection as a mechanism driving floral traits.  

 

CONCLUSION   

 With respect to any organ within a plant, other parts of the same organism are part 

of its environment. Suites of correlated traits within organs becoming separated from 

suites of correlated traits in other organs is a reflection of the increasing independence of 

certain developmental processes from the influence of other parts of the same organism. 

Cross-species comparisons allow us to identify the generality of these patterns in nature, 

and provide a basis for comparative studies of the processes by which this independence 

is acquired and maintained. 

 In this study we find evidence of trait modularity in subalpine meadow plants as 

evidenced by stronger correlations within organs (leaves and flowers) than between them. 

Our results are consistent with the findings of R. L. Berg (1960) and others in the field of 
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phenotypic integration, which suggest that selection by specialist pollinators may serve to 

decouple suites of correlated floral and leaf traits. This is supported by evidence that 

floral traits are more intracorrelated than leaf traits for species with restrictive and 

complex floral morphologies.   
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Trait Unit 
 
Trans-
form 
 

Description Organ 

δ13C  ratio Log10 

  

Leaf 

δ15N  ratio Log10 

  

Leaf 
 

SLA cm2/g Log10 Average SLA (with and without 
petiole) Leaf  

Photo µmolCO2/
m2 Log10  Instantaneous photosynthetic rate Leaf 

CN ratio Log10 The ratio of percent C to N in leaves Leaf 

NP ratio Log10 The ratio of percent N to P in leaves Leaf 

FV mm NA Flower length x width x height Flower 
DV mm NA Display length x width x height Flower 

Bright nm NA 

Brightness of the middle of flower 
petal. Calculated as the sum of 1 nm 
wavelength reflectance values from 300 
– 700 nm 

Flower 

Hue nm NA 
Hue (color) of the middle of flower 
petal.  Equation is detailed in Endler, 
1990.  

Flower 

Sat nm NA 

Saturation/Chroma of the middle of 
flower petal. Calculated as u-m-s-l 
opponency defined in Rutowski et al, 
2005.   

Flower 

Pk.flower Day of year NA  Mean date of peak flowering Flower 

Phenophase  Day of 
year NA  Duration of flowering Flower  

var. Pk.flower Variance NA Variance in the peak flowering day 
over X number of years Flower 

var. 
Phenophase Variance  NA Variance in the phenophase over x 

number of years Flower 

Table 1: Abbreviations of trait names used throughout the manuscript along with the unit 
of measurement, data transformation used for normality, a description of the trait, and the 
flower/leaf group for which the trait was assigned.   
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FIGURES: 

 
2a) 

 

 
Table 2a: Blomberg’s K and PIC p-values of traits for specialized species. The statistical 
significance of phylogenetic signal is evaluated by comparing observed patterns of the 
variance of independent contrasts of the trait to a null model of shuffling taxa labels 
across the tips of the phylogeny (Picante ref). Phenophase, floral volume, petal saturation, 
and the variance in phenophase show significant phylogenetic signal. On average, floral 
traits have larger values of Blomberg’s K statistic (n = 9, mean = 0.15, sd = 0.07) than 
leaf traits (n = 6,  mean = 0.06, sd = 0.021).  A two-way Kolmogorov-Smirnov test 
indicates that the distributions of ‘K’ values are significantly different between leaves and 
flowers (D = 0.78, p =  0.014).  
  

Trait K P-value Organ 
phenophase 0.209 0.007 Flower 
FV 0.238 0.013 Flower 
Sat 0.237 0.015 Flower 
var.phenophase 0.146 0.046 Flower 
DV 0.174 0.052 Flower 
Bright 0.137 0.149 Flower 
var.peakflower 0.125 0.16 Flower 
d15N 0.082 0.495 Leaf 
Photo 0.076 0.552 Leaf 
SLA 0.072 0.699 Leaf 
peakflower 0.053 0.85 Flower 
d13C 0.039 0.888 Leaf 
Hue 0.050 0.891 Flower 
NP 0.041 0.92 Leaf 
CN 0.037 0.926 Leaf 
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2b) 

Trait K P-value Organ 
Sat 0.650 0.010 Flower 
Hue 0.590 0.021 Flower 
DV 0.387 0.118 Flower 

var.phenophase 0.314 0.192 Flower 
d13C 0.192 0.366 Leaf 

var.peakflower 0.179 0.53 Flower 
CN 0.142 0.564 Leaf 
SLA 0.127 0.712 Leaf 
FV 0.074 0.779 Flower 

peakflower 0.076 0.814 Flower 
d15N 0.075 0.818 Leaf 
Bright 0.043 0.926 Flower 

phenophase 0.037 0.944 Flower 
NP 0.041 0.965 Leaf 

Photo 0.037 0.969 Leaf 
 
Table 2b: Blomberg’s K and PIC p-values of traits for generalize species (pollinated by 
either wind or generalist pollinators). The statistical significance of phylogenetic signal is 
evaluated by comparing observed patterns of the variance of independent contrasts of the 
trait to a null model of shuffling taxa labels across the tips of the phylogeny (Picante ref). 
No traits show significant phylogenetic signal.  On average, floral traits have higher 
values of Blomberg’s K statistic (n = 9, mean = 0.26, sd = 0.24) as leaf traits (n = 6,  
mean = 0.10, sd = 0.06).  A two-way Kolmogorov-Smirnov test indicates that the 
distributions of ‘K’ values are not significantly different between leaves and flowers (D = 
0.44 p =  0.408).  
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Figure 1: Loadings of the first and second principle components of a phylogenetically 
corrected PCA. PCA was calculated using the ‘phly.pca’ command in the ‘pcaMethods’ 
package in ‘R’. Floral traits are in grey while leaf traits are in black. PC1 explains 20% of 
the variance and PC2 explains 18% of the variance.  
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Figure 2: Phylogenetic generalized least square (PGLS) regression visualization for all 
bivariate trait combinations. Only significant correlations are shown (p < 0.05). Positive 
correlations are shown in solid blue lines, negative correlations are shown in dotted red 
lines. Stronger correlations (larger R2 values) have thicker line widths. R squared values 
and p-values are presented in text.  
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Figure 3: Average of the absolute value of partial Pearson correlations within and 
between leaves and flowers for species with more generalized reproductive systems 
(above) and more specialized reproductive systems (below). Partial correlations are those 
that exist between pairs of variables independent of the effects of all other variables. In 
generalized species the magnitude of trait correlation within flowers (0.22 +/- 0.03) is not 
different than the magnitude of trait correlations within leaves (0.21 +/- 0.03) (ANOVA, 
p =  0.85); however, specialized species have stronger trait correlation within flowers 
(0.64 +/- 0.04) than leaves (0.32 +/- 0.05) (ANOVA, p =  0.001). Floral trait correlations 
are stronger for specialized species than generalized species (ANOVA, p <0.0001), while 
leaf trait correlations are the same between those two groups (ANOVA, p =  0.103). In 
both cases, the magnitude of correlations within each organ is stronger than the 
magnitude of correlations between them (ANOVA, p < 0.05). The among organ group 
correlations are no different in the specialized group (0.17 +/- 0.01 ) than the generalized  
group (0.11 +/- 0.01) (ANOVA, p =  0.35).  
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Figure 4: The distribution of Blomberg’s K values separated by specialist and 
generalized species, and floral and leaf traits. Black lines represent the median. Upper 
and lower hinges correspond to the first and third quartiles. The upper/lower whisker 
extends from the hinge to the highest/lowest value that is within 1.5 times the 
interquartile range. Outliers are plotted as points. A two-way Kolmogorov-Smirnov test 
indicates that the distributions of ‘K’ values are not significantly different between the 
floral traits of specialized versus generalized species (D = 0.44, p =  0.35), or leaf traits 
(D = 0.5 p =  0.47),  
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Figure 5: Boxplots examining the difference between traits of species with specialized 
reproductive systems (S) and generalized reproductive systems (G). There are significant 
differences between these two groups for two traits: petal saturation, and leaf C:N 
(denoted by asterisk). Saturation was lower for specialized species (ANOVA, p =  
0.0001). Leaf C:N was also lower for specialized species (ANOVA, p =  0.009). See 
Table 1 for variable names, units and transformations.  
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ABSTRACT: 

Dispersal limitation is often assumed to play an important role in determining a species’ 

geographic range by affecting the ability to spread to new habitats. However, the prevalence and 

strength of dispersal limitation as a mechanism affecting range size is largely unknown. Here we 

test this idea using data on seed dispersal distance and range sizes for 397 New World plant 

species. Counter to our expectations we find no relationship between maximum or median seed 

dispersal distance and geographic range size as measured by convex hull, latitudinal extent, 

longitudinal extent, or species distribution model.  This is true both across all species and when 

accounting for dispersal syndrome. Next, we ask whether the relationship between dispersal 

distance and range size might be influenced by two ecologically important traits - plant height 

and seed mass, both of which are known to be correlated with dispersal distance. Multiple 

regressions reveal that there is no significant relationship after accounting for these factors. Plant 

traits do a better job of explaining range size than dispersal distance, although they only explain 

9% of the variation in range size. Thus, our results suggest that the range size of many extant 

North American plants may be less constrained by dispersal distance then is often assumed. 
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INTRODUCTION: 

 Understanding what determines the geographic ranges of species is important for 

conserving populations and predicting potential range shifts under global climate change. Many 

aspects of ecology and evolution contribute to the geographic distribution of organisms, 

including environmental tolerances, habitat suitability, biotic interactions, and the ability for 

organisms to arrive at and establish in new areas (Sexton et al. 2009). Dispersal ability is a 

commonly cited potential determinant of the geographic range size of species across taxa of both 

plants and animals (Brown et al. 1996, Gaston 1996, 2009, Hanski 1997). Theory suggests that 

dispersal capacity can limit geographic range sizes by affecting the ability of an organism to 

disperse to new environments (Lester et al. 2007). 

  The process of dispersal links the reproductive stage of adult plants with processes that 

regulate their establishment in new areas (McConkey et al. 2012). The distance that a propagule 

can disperse from its host has the ability to affect a wide range of community dynamics. 

Population and community models indicate that dispersal distances are not only important for 

determining range expansion rates, but also recruitment patterns, abundance, genetic structure, 

metapopulation dynamics, community diversity across scales (Levin et al. 2003), and in some 

cases dispersal can increase bet hedging in variable environments (Venable and Brown 1993, 

Evans et al. 2007). Many of these dynamics are also known to have direct or indirect influences 

on species’ geographic range. For instance, abundant species are wider ranging (Brown and 

Maurer 1989, ter Steege et al. 2013), and genetic diversity both contributes to (Hoffmann and 

Blows 1994, Gaston 2003, Bahn et al. 2006) and is influenced by (Kolbe et al. 2004, Lavergne 

and Molofsky 2007, Eckert et al. 2008) range expansion.  

117



 

 

 The effect of seed dispersal distance on geographic range size may be indirectly 

influenced by relationships with important life history traits. For instance, dispersal distance is 

linked to both plant height and seed mass. Thomson and colleagues (2011) found that a 100-fold 

increase in seed mass leads to a 4.5-fold increase in dispersal distance, however this relationship 

is mediated by plant height as taller plants had larger seeds and longer dispersal distances. When 

plant height was accounted for, small-seeded species actually dispersed farther than large-seeded 

species, although the effect of plant height on dispersal distance was stronger than that of seed 

mass (Thomson et al. 2011). These relationships may hold true generally. A recent analysis for 

2114 plant species globally found a significant positive relationship between seed mass and 

maximum plant height (R2 = 0.35) (Moles et al. 2004). Across 41 tropical tree species there was 

a negative relationship between seed mass and dispersal distance, and a positive relationship 

between maximum tree height and mean dispersal distance (Muller-Landau et al. 2008). It’s 

possible that height may aid in long distance dispersal by wind (Tackenberg et al. 2003, Soons et 

al. 2004), while tall trees with large fruits may attract long distance biotic dispersers such as 

birds. Consequently, it’s important to consider these life history traits when examining the 

relationship between dispersal distance and range size (Estrada et al. 2015). 

 In addition to ecologically important life-history traits, the mode of dispersal (dispersal 

syndrome) influences dispersal distance (Thomson et al. 2011, Estrada et al. 2015). In this study 

dispersal mode is separated into four general syndromes – unassisted (seeds that are mostly wind 

dispersed but have no special morphology for wind dispersal), ballistic, wind (which combines 

both wind and water vectors), and animal (which encompasses all modes of dispersal by animals, 

including ants). While many seeds reach their final destination via multiple modes of 

transportation (Chambers and Macmahom 1994), this general classification system is widely 
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used in order to classify organisms by dispersal strategy (Howe and Smallwood 1982). Because 

dispersal distance may only be a mechanism of range limitation for species that disperse over 

shorter distances or through a given dispersal mode, it’s important to consider dispersal 

syndromes when analyzing the dispersal distance – range size relationship. 

 It is often assumed that dispersal limits geographic range expansion (Engler and Guisan 

2009, Bateman et al. 2013), but empirical analyses of the relationship between dispersal distance 

and geographic range size in plants have been mixed. Positive relationships between dispersal 

distance and range size have been documented in Western European forest herbs (Van Der 

Veken et al. 2007), New Zealand grasses (Lloyd et al. 2003) and European plants (Normand et 

al. 2011, Estrada et al. 2015). Positive relationships have also been found between dispersal 

distance and how “filled-in” a species range is (Nogués-Bravo et al. 2014, Estrada et al. 2015). A 

modeling effort has suggested that maximum dispersal distance can positively affect population 

sizes at range edges, enabling range expansion (Bahn et al. 2006). On the other hand, no 

relationship was found between dispersal distance and range size/niche breadth in the 

angiosperms of Western Australia (Gove et al. 2009) or herbaceous plants in England 

(Thompson et al. 1998). Discrepancies between studies could be caused by differences in 

location, geographic scale, taxonomic groups, sample sizes, or methods of data approximation. 

Previous studies have generally used model-estimated proxies for dispersal distance, the method 

of which can change between studies. 

 Here we use a large empirical dataset for 397 New World plants, both tropical and 

temperate, to test the idea that species that are capable of dispersing farther have larger range 

areas (area of occupancy). We also explore the idea that these relationships may change within 

dispersal syndrome, or be influenced by important life-history traits such as plant height and seed 
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mass. While previous analyses of the relationship between dispersal distance and range size have 

used model-estimated proxies for dispersal distance, we use measured values for maximum 

dispersal distance, seed mass, and dispersal syndrome taken from the literature (Flores-Moreno 

et al. 2013, Tamme et al. 2014). Geographic range size and plant height were extracted from the 

BIEN2 database (bien.nceas.ucsb.edu). Geographic range size is calculated as a convex hull (the 

sum of grid cells within a convex hull drawn around presence data for each species), latitudinal 

extent, longitudinal extent, and as a Maximum Entropy distribution model (using both climate 

and spatial filters). We check for the influence of evolutionary history in our analysis using a 

complete and up-to-date molecular phylogeny (Zanne et al. 2014). 

 Specifically we ask (1) what is the relationship between dispersal distance and range 

size? (2) Is the relationship between dispersal distance and range size influenced by two 

important functional traits, plant height and seed mass? And (3) does that relationship change 

with dispersal syndrome? If New World plant ranges are limited by the ability to disperse to new 

locations, we expect to see a positive relationship between dispersal distance and range size. If 

these relationships are influenced by dispersal syndrome or life history we expect to see the 

dispersal distance-range size relationship change after accounting for these potentially important 

factors. 
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METHODS: 

 Data on dispersal distance, dispersal syndrome and seed mass were taken from the 

literature (Flores-Moreno et al. 2013, Tamme et al. 2014). These sources extracted mean seed 

mass (mg) data from the same study from which dispersal distance was measured. If no seed 

mass values were recorded, a species level mean value was taken from the Seed Information 

Database (data.kew.org/sid). Maximum and median dispersal distances are taken directly from 

measured values or dispersal distance distributions in the literature. Dispersal distances 

correspond to the recorded dispersal syndrome for that study. Dispersal syndrome is separated 

into four general syndromes – unassisted (seeds that are mostly wind dispersed but have no 

special morphology for wind dispersal), ballistic, wind (which combines both wind and water 

vectors), and animal (which encompasses all modes of dispersal by animals, including ants).  

 Geographic range sizes (km2) were calculated from species occurrence data in the BIEN2 

database (bien.nceas.ucsb.edu). Range calculations were based on occurrences from herbaria 

locations as well as geo-referenced ecological plots. Range size measurements are sums of 100 

km2 resolution grid cells in which species were predicted to occur, and were clipped to 

continental outlines. Geographic range sizes were calculated as latitudinal extent, longitudinal 

extent, convex hull, and a MaxEnt SDM. The SDM uses all 19 BIOCLIM climate layers, spatial 

layers to decrease the probability of occurrence away from observed occurrences, and maximum 

sensitivity-specificity thresholding. More details of range size calculation methods as well as a 

comparison of these range size distributions to expert maps, can be found in Morueta-Holme et 

al. (in prep). Plant height (m) was averaged from occurrences in the BIEN2 database. Range 

sizes were square root transformed, and trait data were log10 transformed, to better meet the 

assumptions of normality.  
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 While geographic range size is a phylogenetically labile trait, with congeneric species 

sometimes exhibiting vastly different range sizes (Lavergne et al. 2004), it is possible that some 

traits, such as dispersal distance or dispersal syndrome, may be important drivers of range size in 

some taxonomic groups but not others (Lester et al. 2007). For this reason, and in order to 

account for potential statistical impacts of the non-independence of evolutionarily related species 

(Felsenstein 1985, Harvey and Pagel 1991) we used phylogenetic generalized least squares 

analysis (PGLS) in the ‘Caper’ package in ‘R’ (Rstudio version 0.98.501, R Core Team 2014). 

We used the seed plant phylogeny from Zanne and others, which is a species-level, molecular-

dated phylogeny (2014). We assumed a Brownian motion model of evolution. Internal branch 

lengths were multiplied by a constant (λ) that was calculated using maximum likelihood. In cases 

where lambda was not significantly different from zero, we instead used simple linear regression.  

 We used ordinary linear regression to quantify the relationship between range size and 

dispersal distance. We used quantile regressions (5th, 25th, 50th, 74th, 95th) to explore the range 

size – dispersal distance relationship within different parts of the range size distribution 

(‘quantreg’ package in ‘R’). Bivariate bootstrapping was used to estimate standard errors.  

 AIC model competition was used to determine the best model from a global linear model 

that includes all possible explanatory variables, including dispersal syndrome, seed mass, plant 

height, and dispersal distance. Only complete cases of the data were used (218 species). The 

goodness of fit was compared using log-likelihood and models were ranked by AIC. Calculations 

were done using the ‘dredge’ function in the ‘MuMIn’ package in R (Barton 2013). 
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RESULTS: 

 Evolutionary history was not found to be an important factor in the range size – dispersal 

distance (RS-DD) relationship, or in the relationship between range size and plant traits. That is, 

phylogenetic generalized least squares (PGLS) regression showed branch-lengths (lambda) not 

significantly different from zero. Therefore, these relationships were analyzed using simple 

linear regression. However, evolutionary history did play a role in relationships that involve 

dispersal syndromes, therefore PGLS was used to analyze these relationships  

 In contrast to our expectations, we found that there was not a meaningful effect of 

maximum dispersal distance on range size as measured by latitudinal range (R2 = 0, p = 0.02), 

longitudinal range (R2 = 0, p = 0.08), climate niche (R2 = 0, p = 0.10 ), or convex hull (R2 = 0, p 

= 0.06) (supplemental table 1). The relationship is negative in all cases, but the R2 value for the 

linear regression of this relationship is close to zero, regardless of which measure of range size is 

used, although some p-values are marginally significant. These relationships do not change when 

analyzed using median instead of maximum dispersal distances (regression values reported in 

supplemental table 1). We find that median dispersal distance is high correlated with maximum 

dispersal distance (R2 = 0.909, p < 0.0001, supplemental figure1). Maximum dispersal distance 

measurements are used in the remainder of the text and are abbreviated “DD”.  Convex hull 

range-size measurements are used in the remainder of the text and are abbreviated “RS”. Convex 

hull range sizes ranged from 29,226 km to 30.9 MM km.  

 Quantile regression of the 5th, 25th, 75th, and 95th quantiles (Table 1, Figure 1) show that 

the slope of the RS-DD relationship does not change between quantiles (ANOVA, p = 0.52), 

meaning that the RS-DD relationship is similar within both narrow- and wide-ranging species.  
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 Next, we analyze the influence of dispersal syndrome. Dispersal distance is significantly 

different between dispersal syndromes (Figure 4, PGLS, lambda = 0.641, df = 3 and 182, F = 

38.65, p < 0.0001).  Unassisted seeds disperse the shortest distance, followed by ballistic, wind, 

and then animal dispersed (Figure 4). Range size is not significantly different between seed 

dispersal syndrome groups (Figure 3, PGLS, lambda = 0.129, df = 3 and 207, F = 0.98, p = 0.40). 

We also find that there is not a significant interaction between dispersal syndrome and dispersal 

distance when explaining range size (Figure 2, PGLS, lambda = 0.12, df = 7 and 203, p = 0.47).  

 Next, we analyzed the RS-DD relationship after accounting for plant height and seed 

mass. Plant height is positively related to dispersal distance such that taller plants have longer-

range dispersal (r = 0.49, p < 0.0001), and larger seeds disperse farther (r = 0.26, p < 0.0001). 

Given the known influence of plant height on dispersal distance, we analyzed the effect of 

dispersal distance on range size after controlling for these variables. Although the height and 

seed mass covariates are not entirely orthogonal to the independent variable, their correlation 

values (r = 0.49 and 0.26 respectively) are not strong enough to influence the results of multiple 

regression. We find that while shorter plants and lighter-seeded plants are wider ranging (both p 

< 0.0001), The RS-DD relationship did not change after accounting for height or seed mass (both 

p > 0.05, Figure 5). 

 Lastly, we examined the relationship between plant traits and range size. We found a 

negative relationship between plant height and RS (R2 = 0.07, p < 0.0001) and a negative 

relationship between RS and seed mass (R2 = 0.06, p < 0.0001). Height and seed mass together 

explained 9% of the variance in range size (Supplemental table 2). Height (slope = 0.22, R2 = 

0.15, p < 0.0001) and seed mass (slope = 0.001, R2 = 0.05, p < 0.001) were both related to DD, 
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but ANOVA revealed that there was no significant interaction between any trait and DD when 

explaining RS (p > 0.05). 

 The results of AIC model competition for a general linear model that includes all possible 

explanatory variables, including dispersal syndrome (DS), seed mass (SM), plant height (H), and 

dispersal distance (DD) are given in supplemental table 3. Only complete cases for the entire 

dataset were used for this analysis (218 species). Consequently, the results from these models 

differ slightly from the results given in previous analyses in which all data were utilized (397 

species). In this analysis we find that the best model to explain range size simply uses plant 

height as a predictor (R2 = 0.064). Four models were under four AIC points difference from the 

top model and they all included plant height. They are H + DS (R2 = 0.065), H + SM (R2 = 

0.064), H+ DD (R2 = 0.064), and H + SM +DS (R2 = 0.065). 
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DISCUSSION: 

 We find no significant relationship between seed dispersal distance and geographic range 

size for 397 species of New World plants (Figure 1). Furthermore the slope of the relationship is 

negative, which is counter to our prediction that species with longer dispersal distances would 

have larger range sizes (Figure 1). This remains true for both maximum and median seed 

dispersal distance (Supplemental table 1), within dispersal syndromes (Figure 2), after 

accounting for co-varying plant traits (Figure 5), and regardless of the method used to calculate 

geographic range size (Supplemental table 1). While we find no evidence of a significant RS-DD 

relationship, the discussion of these negative results can be informative and the publication of 

such results is an important part of preventing systematic biases in the literature. In light of this, 

we detail our efforts to account for phenomena that may obscure a significant result, and our 

interpretation includes a discussion of the scenarios that would lead to each possible outcome in 

order to identify the often-cited biological mechanisms that remain unsupported by our analysis. 

 It is possible that the RS-DD relationship may have been affected by, or correlated with, 

a number of other variables, and therefore the effect of dispersal distance on range size may 

depend on the values of other important factors. The result can be a “swamping out” of bivariate 

relationships when taking the mean. In some cases this phenomena can cause otherwise 

appropriate mechanistic explanations to break down (Clark 2010). In the case of range size and 

dispersal distance we know a-priori some of the likely candidates that may lead to variation. 

Consequently, we used a number of analyses to further explore the RS-DD relationship, 

including visual inspection of the scatterplot, quantile regression, and subsetting by or 

accounting for known covariates.  After controlling for these factors range size still was not 

influenced by dispersal distance. 
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 There is no way to measure all of the factors that may affect the RS-DD relationship. 

This may be why we find no relationship between the mean of the response variable, range size, 

and the distribution of the measured effect variable, dispersal distance. However, it is possible 

that useful predictive relationships may be found within other parts of the response variable 

distribution (Cade and Noon 2003). We used quantile regression to test this idea and found that 

this is not the case (Figure 1, Table 1). The relationship between range size and dispersal 

distance is negative and insignificant across all quantiles. The slope of the RS-DD relationship 

does not change between narrow and wide-ranging species, as the regression slopes of the 5th, 

25th, 50th, 75th, and 90th quantiles are no different from one another. 

 The distance that a seed disperses is strongly related to dispersal syndrome (Clark et al. 

2005, Seidler and Plotkin 2006, Muller-Landau et al. 2008, Thomson et al. 2011, Flores-Moreno 

et al. 2013). Rates of species migration have also been related to dispersal syndrome (Matlack 

1994). We find that seeds dispersed by animals travel the greatest distance, followed by wind-

dispersed seeds, and then ballistically dispersed seeds, and lastly unassisted seeds travel the 

shortest distances (Figure 4). Variability in the RS-DD relationship may be caused by differences 

in this relationship within dispersal syndromes. A scenario where the RS-DD relationship 

changes strength between dispersal syndromes is imaginable, as various methods of dispersal 

may change with spatial or temporal scale, and DD may play a greater or lesser role when other 

RS limitations are present. For example, DD may affect the RS of animal dispersed species, 

which can disperse long distances into a variety of new habitats and climates, more than it may 

effect the range size of ballistically dispersed species, which on average disperse short distances 

and may therefore be more influenced by intra-specific competition or other biological factors 
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that limit range sizes. However, we did not find evidence that DS influences the average RS of 

species (Figure 3), or the RS-DD relationship (Figure 2). 

 We find that dispersal distance is significantly positively correlated with seed mass (r = 

0.26) and plant height (r = 0.49). Each of these life-history traits represents their own ecological 

strategy dimension such that a position along the axis of each of these traits represents its own 

tradeoffs in allocation to dispersal and establishment capacity, light competition vs. growth rate, 

or fast/slow returns on carbon investment (Wright and Westoby 1999, Wright et al. 2004, Reich 

2014). We considered the relationship between dispersal and range size in the context of these 

important functional tradeoffs, and we find that the RS-DD relationship does not change after 

accounting for these factors. Instead, the traits we examined here explained more of the variance 

in range size than dispersal distance. Range size was significantly negatively correlated with both 

plant height (r = -0.27) and seed mass (r = -0.24). This implies that smaller statured plants have 

larger range sizes, which is contrary to the findings in some other studies (Svenning and Skov 

2004), but see ferns as an example of a plant group that is small in stature, has small propagules, 

and is widely distributed (Normand et al. 2011). The finding that plants with smaller seeds have 

larger range sizes across all seed size categories is consistent with many other cross species 

comparison (Aizen and Patterson 1990, Guo et al. 1998, Thompson et al. 1999). Edwards and 

Westoby determined that the relationship between seed mass and range size is largely 

phylogenetically driven, but here we did not find a phylogenetic signal in the relationship (1996).   

 Plant height was found to be the single best predictor of range size when models with all 

possible combinations of explanatory variables were competed, although it only explains about 

6-7% of the variance in geographic range size (Supplementary tables 2 and 3). While the 

explanatory power of the trait-range size relationships presented here seems low, it is notably a 
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better predictor than dispersal distance (Supplemental table 3), and may be reasonable 

considering the large number of potential influences on range size (discussed below). It may be 

that only one trait, plant height or seed mass, has a direct effect on range size and the other 

exhibits a correlation as well because plant height and seed mass are positively related across all 

species in this dataset (r = 0.62), as well as generally worldwide (Westoby 1998). It’s possible 

that plant height and seed mass are linked to geographic range size through their connection to 

dispersal distance. Both traits are positively correlated to dispersal distance, but plant height is a 

stronger correlate (Thomson et al. 2011). Since dispersal distances are notoriously difficult to 

measure and prone to error (Turchin 1998, Cain et al. 2000), it’s possible that easily measureable 

plant functional traits such as height and seed mass may be better proxies than measured values 

of dispersal distance for studies analyzed at large scales or across many species. Alternatively, 

plant height and seed mass may influence range size through separate mechanisms that are 

independent of dispersal distance. It has been suggested that some plant traits, such as plant 

height, may be good predictors of species distributions because they are correlated with climate 

conditions (Diaz et al. 1998, Díaz et al. 1999, Thuiller et al. 2004), while other traits, such as 

seed mass, may be related to species distributions by links to colonization ability (Wright and 

Westoby 1999). Future studies may consider using a combination of plant functional traits along 

with other explanatory variables such as climate or habitat area in order to better predict range 

size and explore mechanistic links between traits and range size. 

 There are a number of mechanistic hypotheses that predict a positive RS-DD relationship. 

One such ecological hypothesis is the site colonization hypothesis (Lester et al. 2007), in which 

long distance dispersal facilitates colonization (Juliano 1983, Thompson et al. 1999) or range 

expansion though source-sink dynamics  (Brown and Kodric-Brown 1977, Hanski 2001). This 
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hypothesis posits that poor dispersers will be geographically limited because they do not reach as 

many sites. This mechanism is more likely to be a primary driver of geographic range size when 

suitable habitat is sparse, or when species have not had enough time to expand their ranges after 

speciation or disturbance. For example, dispersal ability has played a role in constraining the 

post-glacial expansion of European trees (Svenning and Skov 2004). Our analysis covers many 

taxa throughout the Americas, a few of which may be newly introduced, but the majority of 

which are established or naturalized. The degree to which the size of new world plant ranges are 

in flux depends on the specific instance, but many taxa may be relatively stable (Bahn et al. 

2006, Daubenmire 2012). The importance of dispersal into new habitats may have little influence 

on range expansion or population dynamics when communities are stable, but may play a greater 

role when dispersal allows for the escape from density dependent mortality, or when there is a 

high variability in the chances of survival in ecological succession (Howe and Miriti 2004). 

Additionally, unless the suitable area is very far apart, short dispersal distances may affect only 

the rate of geographic expansion, but not the ultimate occupied area given enough time (Lester et 

al. 2007). Thus, the mechanisms that underlie the colonization hypothesis may not be a primary 

driver of geographic range size over the scales of space and time that are relevant to range size 

generation.  

 There are also evolutionary hypotheses that predict a positive RS-DD relationship. In the 

speciation rate hypothesis, species with low dispersal ability are more isolated, experience less 

gene flow, and thus increase local adaptation and further speciation (Shuto 1974, Hansen 1980, 

Palumbi 1992, Lester et al. 2007). The smaller initial area of occupancy of younger species leads 

to the positive relationship between dispersal and range size (Oakwood et al. 1993). It’s possible 

that this mechanism may be relevant to a few taxa, but may not be widespread or general enough 
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to be supported by a large inter-specific analysis. Another evolutionary hypothesis posits that 

small ranged species experience selection for decreased dispersal under the assumption that there 

is a cost to high dispersal (e.g. flightless island birds) (Bonte et al. 2012). This might be 

especially true if small-ranged species have a narrow range of environmental tolerance. 

However, the reality that the individual dispersal distances of most species are far smaller than 

their total area of occupancy weakens the argument for a strong selective pressure (Lester et al. 

2007).  

  It is possible that we do not find a strong relationship between dispersal distance and 

range because other factors are limiting range size more than dispersal distance, including 

climate tolerance (Brown 1995, Morin and Lechowicz 2013, Slatyer et al. 2013), climatic 

stability (Ohlemüller et al. 2008, Sandel et al. 2011, Morueta-Holme et al. 2013), habitat area 

(Hawkins and Felizola Diniz-filho 2006, Morueta-Holme et al. 2013), geography or extrinsic 

dispersal barriers (Hawkins and Felizola Diniz-filho 2006, Ruggiero and Hawkins 2008), 

population genetics (Hoffmann and Blows 1994, Gaston 2003, Kolbe et al. 2004, Bahn et al. 

2006, Lavergne and Molofsky 2007, Eckert et al. 2008), historical constraints such as past 

glaciation events (Lomolino et al. 2004), or biotic interactions (Sax 2001, Boulangeat et al. 

2012). It’s also possible that other measures of dispersal capacity may be more important than 

dispersal distance, including the number and quality of seeds produced, post-dispersal seed loss, 

persistence in a seed bank, or germination and establishment (Nathan and Muller-Landau 2000). 

Alternatively, dispersal distance may indeed be an important driver of range size, but the effect 

that dispersal distance has on range size may be a result of environmentally determined patterns 

of dispersal such as ocean or air currents, and not necessarily innate inability to disperse long 

distances (Gaylord and Gaines 2000). 
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 Understanding the effect that dispersal has on range size is important because dispersal 

capacity is central to the success of range shifts under future global change (Bateman et al. 

2013). We know that long-range dispersal played a pivotal role in preserving genetic diversity 

during range expansion after the last ice age (Bialozyt et al. 2006). While many extant plant 

ranges in North America are relatively stable (Matlack 1994), global change is predicted to 

increase habitat fragmentation, overharvesting, biological invasions, and climate change. 

Dispersal distance may play a greater role for range expansion once new niches are made 

available under these scenarios (McConkey et al. 2012). Comparing pairwise RS-DD 

relationships in disturbed or undisturbed habitats, or for recent invaders in their native and new 

range, would be a promising future direction for this research.  

 As habitats shift with changes in climate, species will need to be able to reach new 

suitable habitats in order to shift their ranges or establish new populations. Although we do not 

find that dispersal distance affects range size in many extant New World species, this 

relationship may become more important as species need to shift their ranges in the future. 
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FIGURES: 
 

Quantile Intercept x St Err t p 

0.05 6988.2 -1902.02 1381.1 -1.4 0.17 
0.25 39997.6 -1295.2 2554.3 -0.5 0.61 

0.5 67000.9 -3269.4 2834.3 -1.2 0.25 
0.75 103797.4 -6008.7 1333.0 -4.5 0.0001 

0.95 139399.5 -5853.3 3971.3 -1.5 0.14 
 

Table 1: Quantile regression of range size and maximum dispersal distance for {.05, .25, .75, 

and .95} quantiles. Standard error was calculated using bivariate bootstrap sampling. The 

relationship between range size and dispersal distance does not change between narrow and wide 

ranging species, as the slopes of quantile regression lines are not significantly different from one 

other (ANOVA, p = 0.52). 
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Figure 1: Scatterplot and quantile regression fit of range size and maximum dispersal distance. 

Superimposed on the plot are the {.05, .25, .75, and .95} quantile regression lines in gray, the 

median fit in solid black, and the least squares estimate of the conditional mean function as the 

dashed (red) line.  
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Figure 2: Linear regression reveals that dispersal distance is not a good predictor of geographic 

range size (r2 = 0, p = 0.06). Multiple regression shows that this relationship does not change 

with dispersal syndrome (p > 0.05). Y-axis data is geographic range area as calculated by convex 

hull and square root transformed for normality. X-axis data is the maximum seed dispersal 

distance log10 transformed for normality.  
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Figure 3: Geographic range size is not significantly different between seed dispersal syndrome 

groups (PGLS, lambda = 0.129, df = 3 and 207, F = 0.98, p = 0.40).  
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Figure 4: Maximum dispersal distance is significantly different between dispersal syndrome 

groups (PGLS, lambda = 0.641, df = 3 and 182, F = 38.65, p < 0.0001). 
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Figure 5: Added variable (partial regression) plots for geographic range (RS) size by a) dispersal 

distance (DD), b) DD plus height (H) and c) DD plus seed mass (SM). Height and seed mass are 

both correlated with DD but since r = 0.49, 0.26 respectively, they are appropriately included in 

multiple regressions. RS is square root transformed and DD, H, and SM are log10 transformed 

for normality. Both H and SM had a significant effect on RS after accounting for DD (p < 0.01); 

however, DD did not affect RS on it’s own, or after accounting for H or SM (p > 0.05). 
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SUPPLEMENTAL: 

Dispersal 
distance Range size measure est 

Std. 
Error F-stat R2 df p 

Maximum Latitudinal range -4427.0 1853.00 5.71 0.02 1, 294 0.02 
Maximum Longitudinal range -1.6 0.94 3.02 0.01 1, 311 0.08 

Maximum MaxEnt SDM -2595.0 1567.00 2.74 0.01  1, 275 0.10 
Maximum Convex hull -3247.0 1727.00 3.54 0.01 1, 294 0.06 

Median Latitudinal range -69.8 65.05 1.15 0.01 1, 127 0.29 
Median Longitudinal range -51.9 49.76 1.09 0.01 1, 127 0.29 

Median MaxEnt SDM -23203 90032 0.07 0.00 1, 111 0.8 
Median Convex hull -144643 92536 2.443 0.01 1, 121 0.12 

 

Supplemental Table 1: Linear regression between two measures of dispersal distance (m, log10 

transformed), and four measures of range size (km2, square-root transformed).  
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Trait Est. 
Std. 

Error F-stat R2 df p-value 

H -12144 2799.00 18.83 0.07 1, 247 < 0.0001 

SM -134 30.24 19.52 0.06 1, 326 < 0.0001 

H + SM   11.39 0.09 2, 235 < 0.0001 
 

Supplemental Table 2: Results of linear regression between range size as measured by convex 

hull as the dependent variable and traits as the independent variable height  (H) and seed mass 

(SM) for all 397 species. Range size is square-root transformed and traits are log10 transformed. 
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(Intercept)	 DS	 SM	 H	 DD	 R^2	 df	 logLik	 AICc	 delta	 weight	

72730.5	 -	 -	 -12464	 -	 0.064	 3	 -2611.34	 5228.78	 0.00	 0.3884	

69597.7	 801	 -	 -12493	 -	 0.065	 4	 -2611.25	 5230.69	 1.91	 0.1496	

71828.7	 -	 11	 -12912	 -	 0.064	 4	 -2611.31	 5230.82	 2.03	 0.1405	

72741.3	 -	 -	 -12455	 -11	 0.064	 4	 -2611.34	 5230.86	 2.08	 0.1376	

68251.6	 858	 14	 -13053	 -	 0.065	 5	 -2611.22	 5232.72	 3.94	 0.0542	

69264.0	 837	 -	 -12658	 189	 0.065	 5	 -2611.25	 5232.78	 4.00	 0.0527	

71800.8	 -	 11	 -12935	 24	 0.064	 5	 -2611.31	 5232.91	 4.13	 0.0493	

67745.7	 910	 14	 -13297	 251	 0.065	 6	 -2611.21	 5234.83	 6.04	 0.0189	

81550.7	 -	 -72	 -	 -2950	 0.027	 4	 -2615.55	 5239.28	 10.50	 0.0020	

79843.6	 -	 -88	 -	 -	 0.017	 3	 -2616.67	 5239.45	 10.67	 0.0019	

76311.1	 -	 -	 -	 -3636	 0.016	 3	 -2616.75	 5239.61	 10.82	 0.0017	

72617.3	 -	 -	 -	 -	 0.000	 2	 -2618.52	 5241.10	 12.32	 0.0008	

82277.6	 -175	 -72	 -	 -2978	 0.027	 5	 -2615.54	 5241.37	 12.58	 0.0007	

78564.4	 315	 -87	 -	 -	 0.017	 4	 -2616.66	 5241.50	 12.72	 0.0007	

76443.2	 -32	 -	 -	 -3641	 0.016	 4	 -2616.75	 5241.68	 12.90	 0.0006	

70142.3	 633	 -	 -	 -	 0.000	 3	 -2618.47	 5243.06	 14.27	 0.0003	
 

Supplemental Table 3: Results of AIC model competition for a general linear model that 

includes all possible explanatory variables, including dispersal syndrome (DS), seed mass (SM), 

plant height (H), and dispersal distance (DD). Only complete cases of the data were used (218 

species). ‘loglik’ = log-likelihood value, AICc = second order Akaike information criterion, ‘ 

delta’ = the change in AICc between the given model and the model ranked above it, ‘weight’ = 

Akaike weights.  
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Supplemental Figure 1: Linear regression between median and maximum seed dispersal 

distance (R2 = 0.909, p < 0.0001).  
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