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ABSTRACT 

 

Griffith, Daniel M. 

ECOLOGICAL AND EVOLUTIONARY DRIVERS OF SPECIES 

DISTRIBUTIONS IN THE GRASSY BIOME 

 

Dissertation under the direction of  

T. Michael Anderson, Ph.D., Professor of Biology 

 

Research Problem A biome is a functionally distinct collection of vegetation that 

occurs according to climatic and soil conditions. For example, rainforests and tropical 

grasslands should occur in different climates and are expected to differ drastically in 

their biogeochemical rates, owing to differences in plant water-use, nutrient-use, and 

photosynthesis. Therefore, global change is anticipated to further modify biome 

distributions and contribute further to biogeochemical cycling. However, with 

increased theoretical attention and availability of global datasets (e.g., remote sensing, 

trait consortiums) there is a growing awareness of climate disequilibrium in 

vegetation and the important and interacting roles of disturbance, phylogenetic 

history, biogeographic historical contingency, and local community processes. It 

appears that these processes contribute considerably to within- and among-biome 

differences in vegetation functioning and distribution (Chapter I). This dissertation 

provides a multi-scale, empirical investigation of the factors contributing to the 

distribution of grasses. 

Methods The local and landscape scale experiments were conducted in the Serengeti 

Ecosystem of East Africa, a savanna with an intact, natural disturbance regime. In 
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Serengeti, I investigated the role of herbivores, soil, and climate interactions for 

influencing species distributions with a combination of greenhouse manipulation 

(Chapter II), field observation (Chapter III), analysis of trait evolution (Chapter IV), 

and an analysis of the consequence of these processes on community structure 

(Chapter V). Furthermore, I compare the results from Serengeti to other communities 

globally (Chapter V). In order to transition to a regional scale, focus is shifted to 

North America, where there are detailed vegetation plot data on a continental scale 

(Chapter VI). Finally, to ask about grass distributions at a global scale I analyze 

historical vegetation maps from grassy ecosystems across the world (Chapter VII). 

Conclusions Altogether, the results of the studies reported here demonstrate a 

pervasive and multi-scale need to consider plant lineage and biotic-abiotic interactions 

in distribution models (Chapter VIII). The results from Serengeti suggest that species 

have fundamental differences in their responses to combined soil sodium and 

defoliation, ranging from herbivore tolerant species that cannot tolerate sodium to 

those that tolerate high soil sodium but cannot withstand simultaneous herbivory. This 

contributes to the distribution of herbaceous community composition in Serengeti, 

and is one of many processes contributing to the appearance of species aggregations 

and a convergent pattern of trait evolution. These processes were qualitatively similar 

to those contributing to the distribution of grass functional types and lineages at 

regional and global scales, where climate and soils were not adequate to explain grass 

distributions.  
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CHAPTER I 

 

INTRODUCTION 

Grasses dominate the herbaceous layer across 40% of the Earth’s land surface and 

grasses using the C4 photosynthetic pathway account for roughly one-quarter of 

terrestrial gross primary productivity (Still et al., 2003)(Fig. 1). Yet, many of these 

open, grassy ecosystems are less than 20 million years (Ma) old, resulting from the 

rapid expansion of C4 grasses in the late Miocene (Osborne & Beerling, 2006; 

Edwards et al., 2010; Strömberg, 2011). The relative youth of the grassy biome makes 

it the perfect study system to ask the fundamental question of biogeography: what is 

the ecological and evolutionary history that drives the distributions of ecosystems and 

the species that inhabit them? 

At the broadest scales, the conventional answer to this question has long been 

that climate (e.g., annual rainfall and temperature) deterministically defines the extent 

of biomes (Whittaker, 1975). However, climate and soils are not sufficient to describe 

the limits of the grass-dominated biome (Moncreiff et al 2016). There is major 

continental and regional divergence in the climate-space occupied by savannas 

(Sankaran et al., 2005; Lehmann et al., 2011; Staver et al., 2011), and globally 

savannas can occupy the majority of available climatic space (Lehmann et al., 2014). 

Furthermore, different lineages of C4 grass (Poaceae) are associated with unique 

climate spaces (Visser et al., 2014), trait combinations (Taylor et al., 2010, 2014; Liu 

et al., 2012), and appear to have potentially deep evolutionary relationships with 

disturbance regimes (e.g., fire and herbivory; Stebbins, 1981; Keeley & Rundel, 2005; 

Scheiter et al., 2012; Simpson et al., 2016). Mysteriously, grasses likely evolved >70 
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Ma ago (Kellogg, 2001; Stromberg, 2005; Prasad et al., 2011; Christin et al., 2014) 

and the origins of the 23+ C4 grass lineages precede the replacement of C3 forests and 

grasslands with C4 species by over 20 Ma (Edwards et al., 2010). Therefore, historical 

contingency (Moncrieff et al., 2013), ecological processes and feedbacks (Ratnam et 

al., 2011; Lehmann et al., 2014), evolutionary trajectory and diversification (Edwards 

& Still, 2008), and past climate change (e.g., CO2 decrease; Osborne & Beerling, 

2006; Bond, 2008) as well as spatial scale (Shmida & Wilson, 1985; Weiher & 

Keddy, 1995) all have crucial roles in determining the unique distribution of the 

grassy biome. 

In this work I aim to explore the limits of grass distributions across multiple 

taxonomic and spatial scales. My multi-scale approach is inspired by recent calls for 

work combining local ecological processes (HilleRisLambers et al., 2012; Scheiter et 

al., 2013), evolutionary “tree-thinking” perspectives (Edwards & Still, 2008), and 

species interactions (Michalet et al., 2014) with global approaches to understanding 

vegetation. Starting with a narrow focus, I consider the evolution of traits that allow 

Chloridoid grasses in the genus Sporobolus to persist in environments with stressful 

soil conditions and simultaneous herbivore pressure (Chapter II). This study was 

conducted with sympatric grasses from the Serengeti (Tanzania), an ecosystem where 

fire and herbivores, climate, and soils have been important drivers of grass 

distributions since the Pleistocene. In a second study (Chapter III), I extend the results 

of this work to the field where I tracked the fate of individual plants inhabiting 

different soil conditions and experiencing different grazing pressures. 

Next, I take a step back and consider an evolutionary perspective on plant-

herbivore interactions, plant competition, and plant stress tolerance by conducting a 

phylogenetic analysis of some key leaf economics traits (Wright et al., 2004), 



 
 

3 

 

measured across the entire suite of C4 grasses that are represented in Serengeti 

(Chapter IV). Then, I considered how the many potential drivers of grass distributions 

(e.g., evolutionary history, grazers, soil) in Serengeti might organize the structure of 

herbaceous communities through their influences on species distributional limits 

(Chapter V). As a major part of this synthesis, I compare Serengeti community 

structure to three other grassland ecosystems and 40 other communities ranging from 

bacteria to animals.  

Moving to regional and global scales, I shift focus to the entire grassy biome 

in North America, from the largely C4 savanna regions in the southeast to the C3 

dominated grasslands in the northern Great Plains (Chapter VI). Using the 

climatically (temperature) determined latitudinal shift from C4 to C3 grass as a 

template, I ask whether there are biogeographic differences or local ecological 

processes (fire feedbacks, competition) that can change the distributions of grasses a 

regional scales. Finally, I use a synthetic global dataset (developed by the “Origins of 

C4 grasslands” NESCent working group) to holistically consider the roles of 

ecological and evolutionary drivers on the distribution of the grassy biome (Chapter 

VII). 

My hope is that by incorporating studies that ask the same questions at 

multiple, nested taxonomic and spatial scales, we may gain a more nuanced 

understand of the biogeography of the grassy biome. This is not a goal of purely 

academic interest. The three most abundant plants on Earth (grass crops—wheat, rice, 

and corn) account for 60% of human calories (Tilman et al., 2002) and grasses in 

general are required to feed livestock. Despite the importance of the grassy biome for 

carbon cycling and crop production, grasses are underrepresented in trait databases 

(e.g., Wright et al., 2004) and are typically represented by only one or two plant 
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functional types in global vegetation models (e.g., DGVMs). Furthermore, historical 

biogeography, evolutionary perspective, community ecology, and other local factors 

are clearly important but are not always integrated into larger scale modeling efforts 

(Moncrieff et al., 2013; Scheiter et al., 2013; Michalet et al., 2014). Therefore, in 

terms of distribution and productivity, our ability to forecast the response of the 

grassy biome to climate change and anthropogenic modification of disturbance is 

mediocre. 
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Figure I - 1. A global map of the grassy biome (Chapter VII). 
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RESPONSES OF AFRICAN GRASSES IN THE GENUS SPOROBOLUS TO 

DEFOLIATION AND SODIUM STRESS: TRADEOFFS, CROSS-TOLERANCE, 

OR INDEPENDENT RESPONSES? 

 

 

 

 

 

 

 

 

 

 

 

 

 

The following manuscript has been published in Plants (2013, 2:712-725), and is 

reprinted with permission from MDPI. Stylistic variations result from the demands of 

the journal. 



 
 

11 

 

Article 

Responses of African Grasses in the Genus 

Sporobolus to Defoliation and Sodium Stress: 

Tradeoffs, Cross-Tolerance, or Independent 

Responses? 

Daniel M. Griffith * and T. Michael Anderson 

Department of Biology, Wake Forest University, Winston-Salem, NC 27109, USA;  

E-Mail: anderstm@wfu.edu 

* Author to whom correspondence should be addressed; E-Mails: grifdm1@wfu.edu;  

Tel.: +1-910-545-0632. 

Keywords: sodium; defoliation; stress; stress interactions; salinity; congener 

comparison 

  



 
 

12 

 

Abstract 

In the Serengeti ecosystem of East Africa, grazing ungulates prefer areas with 

elevated grass Na, suggesting that some grasses tolerate both high soil Na and 

defoliation. We performed a factorial Na-by-defoliation greenhouse study with five 

abundant Sporobolus congeners to explore whether Serengeti grasses possess traits 

which: (i) confer tolerance to both Na and defoliation (cross-tolerance); (ii) display a 

tradeoff; or (iii) act independently in their tolerances. Our expectation was that related 

grasses would exhibit cross-tolerance when simultaneously subjected to Na and 

defoliation. Instead, we found that physiological tolerances and growth responses to 

Na and defoliation did not correlate but instead acted independently: species 

characterized by intense grazing in the field showed no growth or photosynthetic 

compensation for combined Na and defoliation. Additionally, in all but the highest Na 

dosage, mortality was higher when species were exposed to both Na and defoliation 

together. Across species, mortality rates were greater in short-statured species which 

occur on sodic soils in heavily grazed areas. Mortality among species was positively 

correlated with specific leaf area, specific root length, and relative growth rate, 

suggesting that rapidly growing species which invest in low cost tissues have higher 

rates of mortality when exposed to multiple stressors. We speculate that the 

prevalence of these species in areas of high Na and disturbance is explained by 

alternative strategies, such as high fecundity, a wide range of germination conditions, 

or further dispersal, to compensate for the lack of additional tolerance mechanisms. 

Keywords: sodium; defoliation; stress; stress interactions; salinity; congener 

comparison   
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1. Introduction 

A primary goal of studying plant-herbivore interactions is to understand how plants 

cope with losing significant amounts of their biomass to herbivores. However, the loss 

of tissue to animals is but one of many “stressors” to which plants have evolved 

adaptations. Theory suggests that the evolution of plant adaptations to one particular 

stress comes at a cost to other adaptations [1,2]. As a result, adaptations are often 

characterized by tradeoffs: plants that are adapted to tolerate one set of conditions will 

be intolerant of other sets of conditions [3]. For example, Amazonian tree species 

specialized to grow on clay soils have higher growth rates than plants growing on 

sandy soil but are less resistant to herbivory [4,5]. In natural systems, which are 

inherently heterogeneous, tradeoffs among adaptations and tolerances are believed to 

promote coexistence among plant species [6–8]. 

Despite the theoretical importance of tradeoffs in explaining biological diversity, 

several processes can produce adaptations or tolerances that are positively correlated 

among species. First, the response of a plant to one stress can sometimes provide a benefit 

in tolerating other stresses (e.g., cross-tolerance) [9]. Tolerances can also be related 

because one is an evolutionary pre-requisite for another, or because a new 

functionality was added to a key adaptation over evolutionary time (e.g., exaptation) 

[10–14]. For example, many of the grazing tolerance traits common to many Poaceae 

may in fact be ancestral adaptations to drought conditions [15]. Lastly, it is possible 

for two tolerance traits to be separately adaptive but not conflicting in a significant 

way [16]. 

In many grazing ecosystems, persistence of grasses in high Na soils challenges 

the expectation that adaptation to abiotic stress should conflict with tolerance of tissue 

loss to herbivores [17,18]. This is because grazers seeking Na preferentially defoliate 
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Na-accumulating plants [19,20]. Serengeti National Park (SNP), Tanzania, is 

characterized by gradients of soil Na due to volcanic ash, rainfall, and topography 

[21–24]. Grazing intensity increases in the Serengeti Plains where Na can also be 

high. For plants that coexist along these Na gradients, Na tolerance implies the ability 

to persist (grow, survive, or reproduce) in soils with low water potential while 

managing the specific effects of high exchangeable soil Na ions [25]. Moreover, in 

some Plains species such as Sporobolus kentrophyllus, defoliation increases root Na 

uptake rates—along with nitrogen, potassium, and phosphorus—indicating that rapid 

nutrient acquisition may be a general fitness benefit to heavily grazed plants [26]. 

Because of the attractiveness of Na as a forage nutrient for herbivores [27], plants that 

accumulate Na may experience higher levels of herbivory. This raises the possibility 

that plants are dually adapted to high soil Na and herbivory. Consequently, plant-

herbivore interactions in grazing ecosystems present somewhat of a conundrum: 

plants must simultaneously tolerate biotic and abiotic plant stress, whereas theory 

predicts tradeoffs between major adaptations. 

The primary objective of our research was to study the responses of five 

Serengeti Sporobolus species to soil Na addition and defoliation in order to explore 

the evolution of stress tolerance among species in a closely related clade of sympatric 

grasses. The experimental species included three species distributed in heavily grazed 

areas (Sporobolus pellucidus, S. ioclados, and S. fimbriatus) and two from areas of 

lesser grazing intensity (S. pyramidalis, and S. consimilis); these congeners show wide 

variation in traits associated with defoliation tolerance and have somewhat 

overlapping ranges in SNP [28–32]. In order to explore the potential mechanisms by 

which traits and tolerance might relate we examined the relative growth rate (RGR) 

and physiological responses of these five species to different soil Na concentrations, 
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with and without clipping, in a 10 week greenhouse study. Replicates of each species 

were subjected to one of four levels of soil Na addition (0, 100, 200, and 400 mM Na) 

and were either defoliated or not. Defoliated plants had 50% of their aboveground 

biomass clipped with shears to apply comparable tissue loss across species. We 

measured and analyzed the RGR, leaf photosynthetic properties, and survivorship of 

plants as responses to these treatments. RGR was measured as the relative rate of 

growth over the entire study. Photosynthetic properties were measured two days and 

14 days after application of treatment and included carbon assimilation (A0), stomatal 

conductance (Gs), and evapotranspiration (E). Finally, we investigated the association 

between  

life-history strategies and the experimental mortality of each species by comparing 

functional trait patterns (e.g., specific leaf area or SLA) and survivorship among 

species. 

2. Results 

2.1. Growth Rate & Photosynthetic Responses 

Irrespective of treatment, S. pellucidus had the highest overall RGR and S. consimilis 

the lowest. Across all species defoliation decreased RGR (Table 1). There was no 

interaction effect of Na and defoliation on RGR. Na treatment reduced RGR at 200 

and 400 mM Na+ across species but increased RGR at 100 mM. In this experiment 

none of our species fully compensated for defoliated tissue. A0 at day two was only 

impacted by Na; however, Na addition interacted negatively with the effects of 

defoliation for Gs and E (Table 1). Consistent with the RGR results, 100 mM Na 

increased photosynthesis at day two while higher treatments decreased it. All gas 

exchange measurements (A0, Gs, and E) showed a negative interaction between Na 
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and defoliation at day 14. For carbon assimilation at 14 days, this result stems from 

the large decrease in photosynthetic activity of clipped plants that were given 200 mM 

Na (contrast ± SE, −6.5 ± 1.4 µmol CO2 m
−2 s−1, p < 0.001) when compared with 0 

mM, while unclipped plants were unaffected by this level of Na addition. More 

specifically, clipping at 200 mM Na decreased day 14 photosynthesis in S. pellucidus 

(contrast ± SE, −13.15 ± 3.57 µmol CO2 m
−2 s−1, p = 0.003; Figure 1, top left) and S. 

ioclados (contrast ± SE, −10.13 ± 3.28 µmol CO2 m
−2 s−1, p = 0.042; Figure 1, top 

right). 

2.2. Association between Survivorship & Traits 

In all but the highest Na treatment (400 mM Na), mortality was higher when 

species were exposed to the combined effects of Na and defoliation (χ2 = 4.03, df = 1, 

p = 0.045). Na treatment increased mortality significantly in the 400 mM treatment 

(contrast ± SE, 3.03 ± 1.03, p = 0.016; Figure 2) and defoliation increased mortality 

significantly (contrast ± SE, 0.94 ± 0.45, p = 0.039; Figure 2). Mortality was clustered 

in the 400 mM Na treatment and in combinations of lower Na and clipping. 

Mortality was different among species and was highest in S. pellucidus but 

was lowest (none) in S. consimilis (χ2 = 24.76, df = 4, p < 0.001). There were significant 

positive correlations between mortality and RGR (r = 0.95, p = 0.026), SLA (r = 0.94, p = 

0.026), and specific root length (SRL; r = 0.97, p = 0.026; Figure 3). The correlation 

between mortality and leaf dry matter content (LDMC) was marginal (r = −0.84, p = 

0.088). Root-Shoot ratio (R:S) was not correlated with mortality (p = 0.15). To 

explore how mortality was related to the combined trait properties of the grasses we 

conducted a principal components analysis (PCA) using RGR, SLA, LDMC, SRL, 

and R:S. The first principal component (PC1) from this analysis explained 80% of the 
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variance in the trait data. The correlation of PC1 with mortality was stronger than any 

trait alone (r = 0.98, p = 0.006; Figure 4). 

3. Discussion 

Due to the high demand of herbivores for Na, we expected that Na-tolerant species 

would also have heightened tolerance of defoliation. Consequently, our a priori 

hypothesis was that species would exhibit cross-tolerance between defoliation and Na 

stress tolerances. Previous literature suggested that short plants, such as S. pellucidus 

and S. ioclados (33.35 and 47.34 cm maximum greenhouse heights, respectively), 

would be more able to compensate for tissue loss (defoliation tolerance) relative to 

taller plants, such as S. fimbriatus, S. pyramidalis, and S. consimilis (62.98, 73.34, and 

79.14 cm, respectively) [33]. Consequently, we expected S. pellucidus and S. ioclados 

to be relatively Na-tolerant relative to the other, taller species. Alternatively, Na 

tolerance represents a major adaptation of some Serengeti grasses [34] and it is 

plausible that species are limited in their capacity to simultaneously maximize 

defoliation and Na tolerance. In contrast to both expectations, we found that plants 

common to the heavily grazed Serengeti Plains [35], such as S. pellucidus and S. 

ioclados [30,36], did not have added ability to tolerate these compound stressors. 

Therefore, the defoliation tolerances of different Sporobolus species were not 

correlated to their Na tolerances—they were not characterized either by tradeoff or 

positive association between tolerances. In the context of these congeners, we 

concluded that Na and defoliation tolerances operate independently. 

Two species abundant in the Serengeti Plains showed strong negative interaction 

effects of Na and defoliation on their photosynthetic activity after two weeks. These 

species were S. pellucidus, a drought tolerant plant associated with moderate Na soils 

in “short” and “mid-grass” sites, and S. ioclados which grows in “short” to “mid-grass” 
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habitat also on moderate soil Na [36–38]. S. fimbriatus is also a “short” to “mid-

grass” Plains species whereas S. consimilis and S. pyramidalis are “tall-grass” species 

often restricted to alkaline drainages or low Na mesic sites, respectively [31,32]. The 

harmful effects of our treatments where particularly adverse for the physiology of S. 

pellucidus, which had much higher mortality than the other four species when 

subjected to Na and defoliation. This might indicate that S. pellucidus would have a 

higher turnover rate in nature. We speculate that some grasses could have other 

mechanisms of compensating for these compound stressors, instead of increased 

tolerance [39,40]. Species might have higher fecundity, dispersal ability, or a wider 

range of favorable germination conditions that would provide a fitness benefit. Recent 

work has found important differences in the dispersal and germination strategies of 

Serengeti grasses [41]. 

We analyzed the correlation between traits and experimental mortality to 

explore the hypothesis that survivorship was linked to a particular life history 

strategy. Plant traits included LDMC (associated with resource use and leaf 

longevity), SLA (growth rate and herbivory tolerance), SRL (rate and nutrient 

uptake), and R:S (biomass allocation)—see methods [29,42]. SLA, SRL, and RGR 

were the strongest associated traits with mortality among species. They are highly 

correlated traits that represent a continuum of strategies ranging from fast growing 

plants with “low-cost” leaves and root to slower growing plants that adopt more 

conservative leaf and rooting strategies [43]. Species that senesce in high defoliation 

and high Na conditions appear to be associated with growth rate and high turnover. 

However, we do not know how two previously studied Serengeti grasses, S. spicatus 

and S. kentrophyllus, would have responded to our treatments [24,26]. We also don’t 
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know how the broader species pool of Serengeti grasses would respond to our 

treatments.  

In general plant growth and photosynthesis were negatively impacted by Na, 

except at 100 mM Na. Plants may mitigate Na effects through a combination of, but 

not limited to, (1) compatible solute accumulation; (2) Na exclusion from the root 

symplast; (3) sequestration of Na in vacuoles or particular tissues; (4) secretion of Na 

to the leaf surface; and (5) other molecular responses to stress (reviewed in [44]). 

Additionally, [34] found that some East African grasses express Heat Shock Proteins 

(molecular chaperones) in response to Na addition. Na response generally decreases 

growth rate and gas exchange in plants [25]. The increase in growth and 

photosynthesis with low Na addition is similar to results found for related halophytes 

that are stimulated by adding nontoxic levels of Na, including the related C4 grass 

Spartina alterniflora [25]. 

Defoliation also reduced RGR in this experiment. RGR reductions were also 

found in defoliation treatments for Serengeti Sporobolus by [24], but defoliation is 

often expected to increase RGR when species are defoliation tolerant. Addition of ad 

libitum nutrients and high soil moisture in this experiment could have influenced 

responses to treatments. Similar interactions between defoliation and abiotic stress are 

influenced by drought conditions [3,45]. Finally, defoliation of plants was done as a 

proportion of above ground biomass so that a similar degree of defoliation stress was 

applied to each species (see Experimental Section). We chose this method because it 

allowed us to compare the physiological interaction between Na and defoliation 

across species. This approach differs from the commonly used method of clipping 

plants to a set height (e.g., 10 cm) which would impose a proportionally higher tissue 

loss on large plants. 
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Regions of high soil Na such as the Serengeti Plains are often, broadly 

speaking, those which experience the highest grazing pressure. Moreover, animals 

have high requirements for Na and phosphorus, especially during lactation, that would 

not be met by a diet consisting primarily of the most abundant Serengeti grass 

(Themeda triandra) [46]. This suggests that grazers may become focused on grasses 

that will meet their nutritional requirements (Na accumulating grasses) [47].  

It is also the case that forage Na is higher in areas of high herbivore densities 

and that nitrogen and Na mineralization are increased in response to grazing 

[19,26,27]. Together, these lines of evidence not only give the impression that grazing 

adapted plants tolerate higher levels of Na than their less palatable counterparts, but 

that grazing actively increases the level of Na that they experience. Our results 

indicate that, despite this ecological setting, the Sporobolus species studied here do 

not have any additional ability to tolerate the combined effects of Na and herbivory. 

Furthermore, the Na and defoliation tolerances of species were independent of each 

other. Belsky [21,22,36] suggested that in the Serengeti Plains, mosaic plant 

communities might be explained in part by Na and, in general, soil Na was a strong 

predictor of vegetation heterogeneity. The Serengeti grasses in our experiment differ 

in their responses to Na when defoliated, and those differences are likely important in 

generating the patterns of species diversity found in areas of high Na and grazing. 

4. Experimental Section 

4.1. Plant Material and Greenhouse 

Three genotypes each of five Sporobolus species (S. consimilis, S. pyrimidalis, S. 

fimbriatus, S. ioclades, and S. pellucidus) were propagated clonally from laboratory-

grown populations originally sourced from different areas in their ranges in Serengeti 



 
 

21 

 

National Park (2°19'58''N, 34°34'00''E; Tanzania). The experiment was conducted in a 

greenhouse at Wake Forest University (~300–1400 µmol m−2 s−1 PAR and ~28 °C 

midday). Before beginning the treatment phase, 5 connected tillers were selected for 

experimentation. Another 5 tillers were subsampled to get an estimate of starting dry 

weight, via the wet to dry mass ratio of each individual plant. All plants were clipped 

to 10 cm at the roots and to 50% of their shoot biomass (see Section 4.2). Plants were 

grown in a 3:1:1 mixture of 360 Metromix soil with sand and perlite in 10 × 30 cm 

PVC pots. Osmocote nutrient pellets were added to this soil mixture in a volumetric 

ratio of 1:40. Soils were kept at 80% of water holding capacity by watering to a set 

mass every ~2 days. In total, 120 plants were grown in factorial treatment of Na+ and  

defoliation for 10 weeks (May–July 2011). The experimental design was 4 Na levels 

× 2 defoliation levels × 5 species × 3 clones. 

4.2. Treatments 

Individuals were subjected to one of four different soil Na (Na+) dosage levels (0, 

100, 200, and 400 mM). Na was added in two pulses (weeks 1 and 5) as an equimolar 

solution of NaCl and NaHCO3 and monitored with a Spectrum Field Scout EC probe. 

Measured electrical conductivity was used to estimate actual Na+ concentration 

through calibration with samples analyzed by ICP (Varian Vista AX, Mulgrave, 

Australia). The r2 value for the relationship between observed and expected soil Na 

values is 0.995. Na application concentration and techniques have been modified from 

other studies [24,34] and are intended to simulate early wet season conditions when 

rainfall brings soil Na+ into solution. 

Clipping consisted of two levels, no defoliation and removal of 50% of above 

ground biomass of each individual at weeks one and three. The proportional height at 
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which each species should be clipped to remove 50% of the above ground biomass 

was determined in a pilot study. This treatment introduces a tissue removal without 

creating a bias against large statured plants with fewer thicker tillers. It also allows us 

to comparatively test specifically for relative physiological effects of defoliation rather 

than advantageous differences in plant stature. 

4.3. Measurements 

Leaf gas exchange was measured two days and 14 days after treatment initiation. 

Measurements of Ao (net carbon assimilation; µmol CO2 m
−2 s−1), Gs (stomatal 

conductance; mol H2O m−2 s−1), and E (transpiration; mmol H2O m−2 s−1) were made 

with a Li-cor 6400 on the youngest fully expanded leaf. Plants were kept in a climate 

controlled chamber (~30 °C and ~800 µmol m−2 s−1) for 1 h. prior to making gas 

exchange measurements. 

Final plant biomass was quantified by drying and weighing all above and 

belowground plant tissue at the end of the experiment. Terminal sampling of biomass 

included removal of soil, drying of whole plants at 65 °C to constant weight, and the 

division and separate weighing of plant roots, crowns, and shoots. RGR was 

calculated as the difference in the natural logs of the final dry mass and initial 

estimated plant dry mass divided by time. The root to shoot ratio (R:S) was calculated 

as the ratio of total dry weight of all belowground plant parts to that of aboveground 

and clipped biomass. 

A variety of functional traits (LDMC, SLA, SRL, and R:S) were measured with 

standard  

methods [34,43]. At the end of the experiment, three leaf subsamples were taken from 

each plant and rehydrated overnight in diH2O at 4 °C [42]. Each subsample was 
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pressed between glass, and its area was estimated from a photo (SigmaScan; Systat 

Software, San Jose, CA, USA). Subsamples were blotted dry, weighted, dried at 65 

°C to constant weight, and then reweighted. LDMC was taken as the ratio of dry to 

wet weight for each plant. SLA was taken as the ratio of measured area to dry weight. 

Roots were pressed between sheets of glass and imaged for total length at the end of 

the experiment and then divided by the dry weight of the roots to calculate SRL [48]. 

4.4. Statistical Analysis 

Statistics were conducted in R [49]. Linear mixed-effects models were used to test for 

effects of Na addition, defoliation, and Na by defoliation interaction effects on RGR, 

gas exchange parameters, and all functional traits using plant clone as a nested 

random effect within species. Individual model selection and evaluation of model 

assumptions were conducted following [50] and using the R package “nlme” [51]. 

Post-hoc comparisons (α = 0.05) were conducted using the “multcomp” package [52]. 

Because of high mortality, we conducted survivorship analysis. Survivorship was 

modeled with Cox proportional hazards regression using the package “survival” [53]. 

Because of sample size the Cox regression models would not converge when 

interaction terms were included; therefore, we used a Cochran-Mantel-Haenszel test 

to assess the independence of Na and defoliation with respect to mortality (“vcd” R 

package) [54]. To understand whether certain combinations of plant traits tended to be 

associated with survivorship, correspondence of mortality and all plant functional 

traits were assessed at the species level using Pearson correlation. False Discovery 

Rate correction was used to correct for the use of multiple tests and we present FDR-

adjusted p-values, or “q-values” [55,56]. Finally, principal component analysis was 

conducted on the species mean trait values (LDMC, RGR, SLA, SRL, and R:S) with 
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R [49]. Pearson correlation was used on PC1 and species mortality to gauge the 

degree of association between mortality and the primary axis of species trait variation.  

5. Conclusions 

In this study, we examined the growth and physiology of five congeners in response 

to combinations of soil Na and defoliation in the same controlled experiment. In 

contrast to our predictions, species tolerances to Na and defoliation where neither 

positively correlated nor indicative of a tradeoff—they were independent of each 

other among species. Instead, species from areas of high grazing intensity were 

adversely affected by the combination of Na and herbivory, resulting in high 

mortality. This suggests that species, such as S. pellucidus and S. ioclados in 

particular, may have high turnover rates in nature. As such, we speculate that species 

may compensate through increased fecundity, dispersal, or range of germination 

conditions. Because species had different responses to these stressors, the combined 

effects of defoliation and Na are likely to be important for understanding coexistence 

of these species and the evolutionary patterns of Na and defoliation tolerances 

[25,57]. 
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Table II - 1. Regression coefficients (β) for linear mixed model results from 

five Sporobolus species treated with Na (four levels including 0 mM) and 

clipped in a full factorial experiment. The table shows the parameter estimates 

for all treatment levels for significant predictors (see Table A1). RGR = relative 

growth rate; Ao = net carbon assimilation; Gs = stomatal conductance; and E = 

transpiration. 

Response 

Na+ treatment (β's) Defoliation (β's) Na+ x Defoliation (β's) 

100 mM 200 mM 

400 

mM 

Clipped 

Clipped Clipped Clipped 

100 

mM 

200 

mM 

400 

mM 

RGR 0.001  −0.004  −0.008  −0.01    

Day 2        

A0 1.09  −3.96  −9.11      

Gs     −0.021 −0.01  −0.029 

E     −1.23  −0.67  −1.8 

Day 14        

A0     −4.84 −7.44 0.52 

Gs     −0.022 −0.026 −0.002 

E     −1.59 −1.8 −0.16 
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Table II - A1. Companion table to Table 1 in text, showing F, df, and p values 

for the full linear mixed model results. Blank values indicate interaction or no 

significance. 

Response 

Na+ treatment Defoliation Na+ x Defoliation 

F df p F df p F df p 

RGR 8.71 3,78 <0.0001 84.86 1,78 <0.0001    

Day 2          

A0 31.25 3,102 <0.0001       

Gs       3.09 3,98 0.0306 

E       2.85 3,98 0.0414 

Day 14          

A0       6.77 3,88 0.0004 

Gs       5.77 3,88 0.0012 

E       5.54 3,88 0.0016 
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Figure II - 1. Photosynthesis at 14 days post Na and clipping treatments, 

represented as individual reaction norms for five Sporobolus species grown in 

factorial combination of Na (four levels) and clipping (two levels). Points are 

means ± SE. The point annotations (“a” and “b”) indicate statistically significant 

differences between groups, across all treatment combinations but within 

species, given by Tukey’s Honestly Significant Difference on the linear mixed 

effects model. Species plots are ordered by the maximum leaf height of the 

represented species. There are no data for S. pellucidus at 400 mM Na due to 

mortality. 
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Figure II - 2. Mortality over the duration of the 10-week greenhouse 

experiment given by different Na concentrations and separated by defoliation 

treatment. Mortality is the percentage plants that died in a given group, across 

all species. Bars represent means ± SD of the Bernoulli distribution. Means of 0 

(no error bars) have been “bumped” up to indicate the presence of data. Na and 

defoliation both have significant main effects in a Cox proportional hazards 

regression; however, the interaction effect was not significant. 
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Figure II - 3. Mortality (± SD of Bernoulli distribution) plotted against the 

mean (± SE) trait values of five Sporobolus species. LDMC = leaf dry matter 

content; RGR = relative growth rate; SLA = specific leaf area; SRL = specific 

root length; and R:S = root to shoot dry mass ratio. Shapes represent different 

species found in the legend. 
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Figure II - 4. Mortality (±SD of Bernoulli distribution) plotted against PC1 

from a PCA of species trait data. Shapes represent different species in the 

legend, each with a distinctive cartoon. The sign (+ or −) before the trait name 

on the x axis indicates its loading onto PC 1 (0.39, 0.48, 0.47, −0.51, −0.38 for 

RGR, SLA, SRL, LDMC, and R:S respectively). 
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CHAPTER III 

 

UNGULATE GRAZING DRIVES HIGHER RAMET TURNOVER IN SODIUM 

ADAPTED SERENGETI GRASSES 
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ABSTRACT 

Questions: Ungulate grazers requiring sodium (Na) will preferentially graze in areas 

with Na accumulating forage grasses (i.e, many saline soils with high NaCl). Given 

that high-Na conditions necessitate specific adaptations in plants, the mechanisms 

allowing plants to persist under combined herbivory and Na stress are unclear. Has 

adaptation to soil salinity in East African grasses modified the evolution of grazing 

tolerance leading to plants that are susceptible to defoliation? Does grazing 

differentially impact the growth and survivorship of plants along gradients of Na 

stress? Finally, can the evolutionary history of salinity and herbivory tolerances help 

to explain the existence of mosaic structure in high salinity regions?  

Location: The Serengeti ecosystem, Tanzania, East Africa. Here, we report results 

primarily from the short-grass plains in the southeastern part of the ecosystem where 

herbivore pressure is highest and soil Na is both high and heterogeneous. 

Methods: We tracked the fate of 836 individuals of 26 grass species, over an entire 

growing season, in the short-grass plains using a network of 41 permanent quadrats 

(0.25 m2). We investigated the impact of soil properties (e.g., salinity, bulk density, 

clay), ungulate herbivory, and grass species identity on patterns of composition and 

turnover. Finally, we linked plant leaf Na and leaf palatability data to species 

environmental responses. 

Results: Under comparable levels of grazing pressure, grass species known to 

accumulate Na have much higher levels of turnover as compared to low-Na species. 

These Na accumulators were generally short, highly palatable and clonal species. 

Conclusions: Herbivory most negatively impacts the survivorship (of “ramets”) of 

the most Na tolerant plant species, suggesting that Na tolerance ability interacts with 

defoliation response in Serengeti grasses. Since these Na tolerant species tend to be 
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palatable and short we can also infer that the high degree of grazing in Na-rich areas 

promotes an herbivore tolerant state, as opposed to an herbivore deterrent (structurally 

defended) state. Therefore, we suggest that this turnover contributes to the 

development of stable, low-turnover and high-turnover phases in the vegetation of the 

Serengeti plains. 
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INTRODUCTION 

Ungulate grazers have a metabolic demand for Na that must often be met through the 

selection of Na rich forage. In contrast to other elements (e.g., nitrogen) that are 

required by both plants and animals, Na is not essential for most plants and generally 

requires specific adaptations that enable maintenance of low cytosolic Na 

concentrations (Subbarao et al. 2003). Hence, there is a disconnect between plant and 

animal nutrition, suggesting that some plants will experience high soil Na and be 

routinely defoliated by animals. The way in which these plants adapt to tolerate Na 

and herbivory has important influences on trophic interactions in different ecosystems 

(Fokkema et al. 2015) and can ultimately modify the movement of Na globally 

(Doughty et al. 2015). Given the expected energetic costs of specific Na tolerance 

traits (e.g., Na exudation, osmotica, see Munns 2008) previous work has sought to 

understand plant responses to simultaneous defoliation and Na stress (Hamilton 1999; 

Griffith & Anderson 2013) and in general species’ defoliation responses are inhibited 

by Na tolerance (see Discussion). However, we lack a complete understanding of the 

community level effects of correlated Na and defoliation in grazing ecosystems. 

 Na is unevenly distributed globally (Doughty et al. 2015), is heterogeneous 

within ecosystems, and appears to influence plant species distributions at relatively 

low levels (Ellery et al. 1993; Bui & Henderson 2003; Le Houerou 2003; Bui 2013). 

As such, salinity is of general importance for plant ecology and not of restricted 

interest for the study of plants adapted to highly saline soils. Na stress is well studied 

in the lab and is known to cause stress to plants by reducing the osmotic potential of 

soil and through ion-specific stress (Munns & Tester 2008). The ion-specific toxicity 

of Na includes interrelated cellular effects such as disruption of potassium (K) 

homeostasis, the production of reactive oxygen species, membrane disruption, and 
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interference with photosynthesis (Kronzucker et al. 2013). Adaptations to Na include 

production of osmotically compatible solutes, antioxidants, heat shock proteins, and 

salt exudation (Hamilton & Heckathorn 2001; Munns & Tester 2008). Interestingly, 

some C4 plant species require small amounts of Na as a nutrient and Na can be 

substituted to some degree for K in many plant functions, however this requirement is 

met at extremely low levels (Subbarao et al. 2003; Marschner & Marschner 2012). 

The molecular and physiological protective responses of plants to Na map well to the 

field distributions of those plants (Hamilton, III et al. 2001).  

 Whereas plants use K as cellular osmotica, animals have evolved to require 

large amounts of Na for the same purpose. In agricultural settings, livestock are 

regularly supplemented with Na by mean of artificial salt licks but in natural grazing 

ecosystems animals must find Na by using natural salt licks and through diet 

selectivity (Belovsky & Jordan 1981; McNaughton 1988; Tracy & McNaughton 

1995). In fact, the demand for Na and other nutrients from forage grasses in Serengeti 

is so high that the main source of mortality in wildebeest (the major migratory grazer) 

is starvation (Mduma et al. 1999) and Na, calcium, and phosphorus help to explain the 

pattern of the annual wildebeest migration (McNaughton 1990; Holdo et al. 2009; 

Hopcraft et al. 2013). Interestingly, a diet of only Themeda triandra (the most 

abundant grass in Serengeti) would be insufficient in both Na and P during peak 

lactation for wildebeest (Anderson et al. 2007). Moreover, grazing hotspots in 

Serengeti have consistently higher leaf Na levels and increased rates of Na (among 

other elements) mineralization rates in the soil (McNaughton 1997; Anderson et al. 

2010), broaching the generally interesting questions of whether plants are able to 

promote their own nutrient resupply following defoliation (Hamilton & Frank 2001). 

While grass species Na concentrations track soil conditions well (Hamilton, III et al. 
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2001), leaf Na values at a community scale are highly influence by the abundance of a 

subset of especially high Na accumulating species (McNaughton 1988; Anderson et 

al. 2007). Na in Serengeti is distributed heterogeneously; it is highest in the 

southeastern plains due to volcanic ash, but decreases with increasing precipitation 

due to leaching, but exhibits small scale variation with the bottoms of hill slopes 

accumulating Na (Dawson 1964; Belsky 1988).  

 Herbivory represents a major evolutionary pressure for grasses in Serengeti. 

For example, the shortgrass plains species Andropogon greenwayi appears to depend 

completely on the presence of herbivores in order to dominate local patches (Belsky 

1986). Additionally, the work of Hartvigsen & McNaughton (1995) demonstrates a 

pronounced genotypic trade-off in Sporobolus kentrophyllus between competitive 

ability and the capacity to respond rapidly to grazers in the shortgrass plains. 

Interestingly, Sporobolus kentrophyllus has also been found to increase Na uptake 

under grazed conditions (Ruess 1988) and in general increased mineralization rates 

(McNaughton 1997) and root exudation (Hamilton & Frank 2001) are common 

connections between grazing events and plant-soil interactions. Therefore, a deep 

evolutionary history of grass-grazer interactions exists, yet little is known about how 

adaptation to abiotic conditions has influenced this history (Coughenour 1985; 

Fokkema et al. 2015). In this study, we focus on a field experiment where we tracked 

the growth and turnover of plants in the Serengeti shortgrass plains. We ask if grass 

species respond differently to grazers along a soil gradient. Finally, we include an 

analysis of trait evolution and a comparative greenhouse study in order to further 

explore how adaptations to soil salinity in grasses may have impacted the evolution of 

herbivore tolerance. 
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METHODS 

Serengeti National Park, Tanzania 

 The Serengeti ecosystem (Fig. 1) is a C4 tropical savanna located in northern 

Tanzania. The climate is characterized by seasonal precipitation with a short wet 

season from November to December transitioning into a long wet season from March 

to May (Fig. S1; McNaughton 1983). The driest, and most seasonal region of 

Serengeti is the Serengeti Plains which sit in the rain shadow of the Ngorongoro 

highlands. Ungulate grazing is conspicuous throughout Serengeti but is most intense 

in the edaphic Serengeti Plains, where the soils are derived from nutrient-rich 

volcanic ash. The higher rainfall regions are characterized by relatively low-fertility 

Acacia-Commiphora savanna-woodland. Our study focused on the Serengeti Plains, 

where grazing is always prominent and where all but the lowest soil salinities could 

be represented (Appendix S1). 

 

Data collection 

 Data were collected at 41 sampling sites distributed across the plains (Fig. 1), 

each consisting of a removable 0.25 m2 quadrat with 25 subplots (1 dm2) and marked 

with buried rebar corners. These data collection sites were established in the 

beginning of the growing season in 2014 (Fig. S1). Collection was done spanning the 

growing season in order to focus on ramet loss occurring due to factors such as 

grazing and salinity (Hamilton, III et al. 2001), and not seasonal dieback. First, 20 

sites were installed in late-October (2014) when plants started to grow, followed by 

21 additional sites in early-January (2015) when most grass species were growing so 

that the sample was not biased to phenologically early grasses. The experiment was 

terminated in late-May so before sites began to dry completely.  
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Species composition was assessed on the first and last sampling dates and was 

recorded as the presence or absence of all species in every 1 dm2 subplot (1025 

subplots). Our sampling focused on individual ramets (rooted individuals), rather than 

on genets (all genetically identical individuals), because it would not be possible to be 

confident about the fate of an entire genet; this means that our interpretations should 

be made with the caveat that the results reflect turnover rates and not necessarily true 

mortality. To track individual grass ramets, on the first sampling date the grass tiller 

closest to the center of each 1 dm2 subplot was identified and a small amount of 

Testor’s Enamel Paint was added to the oldest available leaf sheath. On subsequent 

sampling visits the paint was retouched. Subplots were revisited monthly, except 

when plots were submerged, covered by feces or other natural obstruction, or were 

otherwise unreachable. Theses disturbances and the loss of some paint marks result in 

147 plants having unknown fates, and 42 plots contained only bare soil. Therefore, of 

the 1025 1dm2 subplots only 836 included useable data. At each sampling date, and 

for every paint-marked tiller, we recorded if the tiller was alive, if the ramet was alive, 

the number of live and dead leaves, if the ramet had visual evidence of ungulate 

grazing, the number of leaves on the tiller that had insect damage, and if the tiller was 

flowering. On subsequent visits, previously dead ramets were reclassified as living if 

they regrew, and photos taken at each sampling interval were then double checked at 

the end of the experiment to ensure the best possible classifications—reclassifications 

only occurred in a handful of cases, and mainly with Andropogon greenwayi, which is 

known to re-green as a part of its competitive strategy (Belsky 1986). Many of the 

species encountered are stoloniferous, and large patches of some species can 

sometimes be all of the same genotype (Belsky 1986)—we therefore kept our analysis 

at the ramet level with the caveat that there may be linkages among ramets at a given 
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site and that stolon/rhizome connectivity is likely in-itself a trait that interacts with 

herbivore/stress tolerances (Wilsey 2002).  

We measured various environmental properties at each of the permanent 

sampling sites. Fire does not generally occur at these sites and so it was not included. 

We measured soil salinity with a FieldScout EC meter (Spectrum, Aurora, IL) in 1:5 

(g soil to mL diH2O) slurries. Bulk density was measured by collecting soils to 20 cm 

depth with an auger, drying samples to constant weight at ~50 °C, and weighting 

them. Other edaphic qualities were estimated by analyzing the dried soils with near 

infrared spectroscopy (NIRS) at African Soil Information Service (AFSIS) in Arusha, 

Tanzania. Nitrogen, carbon, calcium, phosphorus, clay content, and pH were all 

predicted using soil calibrations developed using the R package ‘leaf.spec’ (Griffith et 

al. in prep)(R Development Core Team 2012).  

Plant carbon and nitrogen values were estimated using NIRS on above ground 

tissue from 46 grass species on samples collected from 10 sites across the Serengeti 

rainfall gradient (tissue samples were pooled by species at sites and come from 

Griffith et al. 2016). These data represent and average of 8.3 ± 5.4 samples per 

species. Similarly, plant heights are the maximum leaf heights for each species 

measured in either Griffith et al. (2016) or Anderson et al. (2011). Data on grass 

phylogeny come from Anderson et al. (2011). Grass species’ leaf Na data come from 

McNaughton (1988).  

 

Data analysis 

 Data were analyzed in R. The relationship of species richness (S) with soil 

conditions was assessed using Poisson regression in an information theoretic 

framework (AICc) to compare the ability of all edaphic properties, and their 
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combinations, to explain S. We supplemented the analysis of S with an exploratory 

analysis of the environmental controls on species distributions using canonical 

correspondence analysis (CCA; Oksanen et al. 2013). In order to assess the influence 

of environment and herbivory on the survivorship of grass ramets, we used a 

generalized linear mixed effects model (GLMM) with a binomial error distribution to 

model ramet turover as a function of soil properties, grazing (binary), and species 

identity with site as a random effect. A fully specified GLMM would not converge if 

interactions among parameters were considered, and therefore a Cochran-Mantel-

Haenszel (CMH) Chi-Squared test was used to assess the dependence of herbivore 

responses on species identity. Annuals were ultimately removed from the analyses 

because their ramet loss was related to the longevity of their life-form. Finally, 

because we wanted to further disentangle the species and environmental effects we 

constructed a piecewise structural equation model (SEM) using the R package 

‘piecewiseSEM’ in order to test for potential direct and indirect effects (Lefcheck 

2015). 

 

RESULTS 

Along a salinity gradient in the Serengeti plains, and under comparable grazing 

pressure, grass species known to accumulate Na had much higher ramet turnover as 

compared to low Na species. This result is demonstrate by our CMH test, which 

revealed a species by herbivory interaction with some species more likely to senesce 

following grazing events (p < 0.001), and by a significant Spearman’s correlation 

between the field turnover rate following herbivory and the species mean leaf tissue 

Na (rho = 0.7, p = 0.02)(Fig. 2). Furthermore, saline sites had fewer species than non-

saline sites (at 0.25 m2; Fig. 3; Table S1). This result mirrors the result from Griffith et 
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al (2016, unpublished; Chapter V) where richness was negatively related to salinity 

and Na content of soils at 1 m2 and 1000 m2 across the entire ecosystem. Similarly, 

this result is robust to analysis at the 1 dm2 resolution with plot as a random effect 

(data not shown). Our CCA confirmed that salinity was a major axis of variation in 

species composition (loading onto CCA1 with bulk density), whereas CCA2 was 

generally related to the percent clay and to a lesser extent calcium.  

The aim of our SEM analysis was to synthesize the results of the species 

composition analysis (i.e., the CCA) with the ramet turnover observed in the field 

(Fig. 4). The best fit model revealed that the influence of salinity on ramet turnover 

was completely mediated through the species composition, with no direct effect of 

salinity (Fisher’s C = 2.4, P = 0.31). Additionally, species composition did not 

influence herbivory, but herbivory had a direct positive effect on ramet turnover. 

Leaf Na matches well the soil Na niche of Serengeti grasses (Hamilton, III et 

al. 2001) and leaf Na is an important, species-specific forage nutrient (Anderson et al. 

2007)—we therefore conducted a holistic analysis of leaf Na as a trait across the 

entire suite of Serengeti grass species. We compared leaf Na to plant height, an 

important indicator of competitive ability and herbivore tolerance (Hartvigsen & 

McNaughton 1995; Anderson et al. 2011), and the carbon to nitrogen ratio (C:N), an 

indicator of palatability and protein content. Interestingly, grazing adapted Serengeti 

grasses with high Na content are short with low C:N ratios (p < 0.05; Fig. 5). 

Furthermore, a phylogenetically controlled comparison of Na niche and plant height 

reveals that when, across the tree, grasses have increased their Na tolerance it has 

been accompanied by shorter stature (rho = -0.4, p = 0.02) (Fig. S3).  

 

DISCUSSION 
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We asked whether grazing differentially impacts the survivorship of ramets along a 

soil stress gradient in Serengeti, and we find strong evidence that it does. Herbivory 

results in higher rates of turnover (by ramet) for the most Na tolerant plant species, 

indicating that the interaction of Na and herbivore response (Fig. 2). Furthermore, the 

interaction between species Na tolerances and herbivores leads to a biotic gradient 

from low-turnover, low-richness communities (i.e., Andropogon greenwayi patches) 

on one end to high-turnover, low-richness communities (i.e., Sporobolus spicatus) on 

the other—with sites of higher richness and moderate turnover in between (Fig. 3). 

We know from previous work that the Serengeti plains are comprised of communities 

that form relatively discrete units with non-nested species compositions (Griffith et al 

unpublished; Chapter V). Our results demonstrate the importance of the interaction 

between soil Na and grazing as factors that influence species distributions in the 

Serengeti short-grass plains and help to explain the interesting vegetation 

metacommunity structure found there (Belsky 1986).    

The environmental correlates of species composition in our dataset mirror 

other studies in the Serengeti plains in that salinity, bulk density, and clay content 

formed important dimensions of variability in this region (Fig. 3)(De Wit 1978; 

Banyikwa et al. 1990). These gradient, identified in our CCA, largely reflect variation 

due to catena (hillslope) effects that results in local variation in soil conditions. Belsky 

(1986) suggested that this local variation was the result of different soil infiltration 

rates that were related to micro-topography and herbivore feedbacks, and our data 

show that the Andropogon greenwayi dominated sites had some of the lowest bulk 

density values. The data also follow the interesting observation of Bui (2013) that 

species distributions begin to respond to salinity at surprisingly low EC values, 
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reinforcing the idea that the biogeographic effects of salinity are not restricted to 

halophytes. 

Our separate analyses revealed an association among species, their Na niche, 

and their responses to grazing events. Our SEM analysis revealed strong support for 

the mediation of grazing effects by species identity, with absolutely no direct effect of 

soil salinity (Fig. 4). This result likely stems from the fact that many species simply 

cannot tolerate moderate or high salinities and are therefore absent from sites 

regardless of grazing (Appendix S2). This finding could also result from herbivore 

preference; however, our SEM also tested for an influence of species composition on 

the level of grazing intensity, and there was no clear effect uncovered. Saturated and 

high grazing pressure in the Serengeti plains and the categorical nature of our 

herbivory data might obscure a small herbivore preference. We did however find a 

general, and independent, direct influence of grazing on ramet turnover. 

Given species-specific nature of ramet turnover among these grasses, we 

sought to further explore the relationship between species Na and herbivore 

tolerances. In our comparison of species leaf Na values and plant traits among species 

from across the entire Serengeti rainfall gradient, we found that high-Na accumulating 

species were particularly short statured grasses, and that the shorter grasses had leaf 

stoichiometry suggesting high palatability (low C:N; Fig. 5). Furthermore, these 

correlations remain strong after accounting for phylogenetic relationships which 

suggests that as species have evolved increased Na tolerance they have 

correspondingly evolved to be shorted (Fig. S3). Similarly, we classified species by 

clonality (having stolons or rhizomes) and found that the species with the highest leaf 

Na values had a clonal growth strategy. This supports the idea that the integration of 
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ramets is an important aspect of genet survival among Serengeti grasses experiencing 

heterogeneity in soil conditions (e.g., Na) and herbivory (Wilsey 2002). 

Two previous greenhouse studies have explored the physiological responses of 

Serengeti grasses to combined Na and defoliation (Hamilton 1999; Griffith & 

Anderson 2013). In one study (Hamilton 1999), four species (A. greenwayi, S. 

ioclados, S. kentrophyllus and S. spicatus) were treated with factorial Na and 

defoliation and their growth, photosynthesis, water status, and tissue Na were 

assessed. Species represented a continuum of Na tolerances, with A. greenwayi being 

intolerant of Na and S. ioclados, S. kentrophyllus and S. spicatus having higher 

tolances, in that order. A. greenwayi was unable to regulate Na intake and Na rapidly 

increase beyond toxic levels in the cytoplasm. In contrast, S. spicatus was the most Na 

tolerant, and is able to maintain suitable cellular Na concentrations, photosynthesis, 

and water potentials even at very high soil Na levels (i.e., 400 mM). S. ioclados, S. 

kentrophyllus and S. spicatus showed compensatory (increased) photosynthesis in 

response to leaf removal (Oesterheld & McNaughton 1988). Despite this 

compensatory photosynthesis, S. spicatus exhibited a reduction in total biomass 

production, which might reflect the cost of excreting Na from leaves (compared to the 

other species which do not exude) and the cost of mitigating Na toxicity in new and 

growing tissues (Hamilton, III et al. 2001; Munns & Tester 2008). This suggests that 

S. spicatus is a poor competitor when grazed, confining it to high Na soils where it is 

one of the few species that can persist (Fig. 3). A similar dynamic has been observed 

in manipulation experiments with salt marsh grasses Spartina alterniflora and 

Distichlis spicata (Furbish & Albano 1994) and leaf removal in a another salt marsh 

grass system increased the competitive strength of less Na tolerant neighbors (Taylor 

et al. 1997). However, the results of Hamilton (1999) differ somewhat from Griffith 
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and Anderson (2013). Griffith and Anderson (2013) examine five Serengeti 

Sporobolus species ranging from short to tall (> 1 m) using factorial Na and 

defoliation treatments, having only Sporobolus ioclados in common with Hamilton 

(1999). The study also found that Na and herbivory have a negative interaction on the 

growth and physiology of grasses that resulted in high turnover rates for the short and 

fast growing grass species. That species from high Na soils have inhibited 

physiological responses to defoliation in the presence of Na is broadly consistent 

between these two studies, although Griffith and Anderson (2013) find that the Na 

tolerance ability of congeners was independent of their overall ability to regrow 

following defoliation whereas Hamilton (1999) suggests a stronger tradeoff. This 

difference might stem from differences in the greenhouse methods used in the studies. 

Griffith and Anderson (2013) maintained plants at a constant soil water holding 

capacity and clipped plants as a proportion of total biomass—this contrasts with 

Hamilton (1999) who we gave plants ad libitum water and clipped plants to an 

absolute height. Griffith and Anderson (2013) did not find (significant) compensatory 

growth which might stem from the unique clipping regime, and Hamilton (1999) did 

not find high mortality which could be a result of the increase water availability. 

Ultimately, both studies suggest that Na tolerance has a cost for a plant’s ability to 

respond to herbivory and highlight the utility of connecting greenhouse and field 

studies. 

Altogether, our results demonstrate Na and herbivory as interacting, multi-

trophic drivers of grass species distributions in Serengeti. The grazing adaptations of 

these grasses has likely evolved in the presence of this interaction (Coughenour 

1985). It is possible that the costs associated with the evolution of increased Na 

tolerance adaptations result in species that must tolerate chronic herbivory through 
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stoloniferous growth (Hester et al. 1994; Wilsey 2002), high fecundity, germination 

ability, or other high-turnover strategy (Griffith & Anderson 2013). This interplay of 

herbivory and Na appears to influence grass distributions in the Serengeti plains by 

limiting Na tolerant species, which are constrained to palatable and short growth 

forms, to areas of high soil salinity. The biomass responses to high soil Na and leaf 

removal in Na tolerant species correlated with the physiological responses examined 

as well as the field soil Na concentrations and grazing intensity to which they are 

exposed (McNaughton 1985). This results in the maintenance of an interesting biotic 

gradient from sites with low ramet-loss to high ramet turnover patches where local 

species (and genotype) composition may be highly dynamic (Maarel & Sykes 1993) 
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FIGURES 

 

Figure III - 1. Map of the greater Serengeti-Mara Ecosystem, Tanzania, representing 

the distribution of 41 permanent sampling plots in the Serengeti short grass plains 

(grey points). Shaded contours are rainfall isohyets for reference, with the lightest 

values being < 600 mm annual rainfall and the darkest regions being > 900 mm. SNP 

is Serengeti National Park. 
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Figure III - 2. Interaction plot showing the species-specific responses of grasses to 

grazing, estimated in the field over the course of one growing season (left panel). The 

traces for species “andgre,” “orocap,” and “thetri” overlap, as they have zero 

estimated ramet turnover in both grazed and ungrazed states. The species legend is 

order by turnover rate in the grazed condition. Ramet loss following herbivory is 

associated with the sodium content of grasses (right panel), although there is 

noteworthy unexplained variation in turnover. 
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Figure III - 3. (A) Species richness (S) in 41 sampling plots from the Serengeti Plains 

as a function of soil salinity, measured as electrical conductivity (EC). S is 

constrained in soils with higher salinity. This pattern is descriptive of the relationship 

of S and EC across the entire Serengeti Ecosystem. (B) Canonical Correspondence 

Analysis (CCA) showing species scores and the loadings of the four soil variables 

from the best CCA model. EC is strongly associated with the first CCA axis. 

 

 

 

 

 

 

 

 

 

 

 



 
 

64 

 

 

 

Figure III - 4. Final piecewise structural equation model (SEM) predicting variation 

in field turnover of grasses associated with direct and indirect effects of EC, species 

composition, and herbivory as estimated in the 41 permanent plots (Fisher’s C = 2.4, 

P = 0.31). Arrows represent positive (black), negative (gray), and non-significant 

(dotted) paths in the model; each is associated with a correlation coefficient and the 

arrows are scaled proportionally. Grazing had a direct influence on the probability of 

grass turnover. The influence of EC on grass ramet loss was manifested through an 

indirect effect on species composition. This model, which uses CCA1 to cleanly 

represent species for presentation, accounts for 17 % of the variation in turnover 

(marginal; conditional R2 = 0.27); however, when species identity is used in place of 

CCA1 the variance explanation increases to 26 % (marginal; conditional R2 = 0.38). 

This indicates that species identity is more important than community composition or 

soil conditions in determining the probability of ramet loss. 
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Figure III - 5. Grasses that accumulate high levels of sodium in their leaves tend to 

be short grasses (left panel). These short grasses are generally associated with high 

palatability (i.e., low carbon to nitrogen ratios [C:N]; right panel). Black points are 

species that can propagate clonally. Plant sodium values come from (McNaughton 

1988). 

    

 

  



 
 

66 

 

Sodium adapted Serengeti grasses are short and palatable, resulting in among 

species differences in turnover 

Daniel M. Griffith, E. William Hamilton III, & T. Michael Anderson 

 

Appendix S1. Additional methods and results from field sampling. 

 

 

Table III – S1. Model selection results for the analysis of environmental correlates of 

species richness across 41 0.25 m2 plots.  

Model ΔAICc 

S ~ EC 0 

S ~ EC + clay 0.9 

S ~ EC + N 1.7 

S ~ EC + bulk density 1.8 

S ~ EC+ C 1.8 

Full model 5.3 

Null model 21.1 
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Figure III - S1. The growing season in Serengeti estimated with Modis NDVI and 

sampled over a 13 year period (2001-2013). In 2014-15, two staggered first sampling 

points were chosen (November and January) in order to avoid over sampling of plants 

that might be in ephemerally high abundance at the beginning of the rainy season. The 

final observations were taken at the end of May before plant would typically dry out. 

Sampling was conducted within the growing season in order to focus on turnover and 

growth that occur as a result of events that during periods of growth, and not due to 

long term drought. 
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Figure III - S2. Density plot showing the overlap in salinity (EC) between the 41 

permanent plots sampled in the Serengeti Plains and the entire Serengeti ecosystem, 

estimated from plots spanning the entire rainfall gradient. The Serengeti Plains have 

the highest salinity soils in Serengeti but there is significant variation in that there are 

many samples with moderate salinity. However, the Serengeti Plains samples, 

reported here, do not represent the lowest salinity sites which are present at the 

highest rainfall areas. 
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Figure III - S3. The right figure shows phylogenetic independent contrasts for Na and 

plant height across grass species. Soil Na content was measured in 180 1m2 plots and 

used to estimate the mean Na values. The grass phylogeny is described by Anderson 

et al. (2013). The result mirrors that reported here that grasses with high leaf-Na are 

also often short. These data show that, after correcting for phylogeny, species that 

have evolved to occupy high soil-Na sites plants have tended to evolve significantly 

shorter stature. 
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CHAPTER IV 

 

LEAF THICKNESS CONTROLS VARIATION IN LEAF MASS PER AREA 

(LMA) AMONG GRAZING-ADAPTED GRASSES IN SERENGETI 
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Abstract:  

Leaf mass per area (LMA) is a primary plant functional trait that represents the cost of 

constructing a leaf. Ultimately, plants modify LMA by altering leaf thickness (LT), 

leaf dry matter content (LDMC), or both. While LMA can be modified through both 

of these constituents, studies of LMA have found that there is variation in whether LT 

or LDMC changes are responsible for LMA—and the relationships change depending 

on the species or functional groups being compared. In this study, we used a 

phylogenetic framework to determine that evolutionary shifts in LMA are driven by 

LT, and not LDMC, among 45 Serengeti grass species. We considered two alternative 

hypotheses that could result in evolutionary correlation of LMA on LT but not 

LDMC: either (i) LT is more labile than LDMC—and is therefore a less costly means 

to change LMA or (ii) LDMC is tightly coupled to a different dimension of leaf 

variation (e.g., leaf hydraulics), leaving LT as the source of variation in LMA. LT was 

not more labile than LDMC, leading us to conclude that the evolution of LMA has 

been shaped by LT because LDMC is responding to other demands on leaf 

physiology. We speculate that leaf hydraulics provide this constraint on LDMC. The 

decoupling of LDMC from LT may allow plants to better optimize resource allocation 

in ecosystems where gradients in light competition, herbivory, and aridity place 

competing demands on leaf economics. 

 

Keywords: leaf economics, trait evolution, leaf dry matter content (LDMC), leaf 

mass per area (LMA), leaf thickness (LT) 
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Introduction:  

Leaf mass per area (LMA) is a universally important functional trait in plants that is 

directly related to tradeoffs among carbon assimilation, leaf life span, and defense 

(Grime 1977; Westoby 1998; Wright et al. 2004; Reich 2014). At a fundamental level, 

the allocation of resources to LMA can be modified by altering two, non-mutually 

exclusive (mathematically related) leaf properties: leaf thickness (LT) and leaf dry 

matter content (LDMC). This is true both within species, as they respond to 

environmental variation (reviewed in Poorter et al., 2009), and among related species 

that differ in mean LMA values (Villar et al. 2013). Observations across a wide range 

of species suggest that the relative contribution of LDMC versus LT to LMA changes 

depending on the taxonomic or functional groups being compared (Wilson et al. 1999; 

Poorter et al. 2009; Villar et al. 2013). Additionally, researchers often discover that 

LDMC and LT are decoupled from each other in trait databases, suggesting that these 

traits can be constrained by different mechanisms (Witkowski and Lamont 1991; 

Niinemets 1999; Niinemets 2001). In this paper, we use a phylogenetically controlled 

analysis (Felsenstein 1985) of Serengeti grasses as a study system to test two 

mechanistic hypotheses proposed in the literature for the evolution of LMA: either (i) 

LT controls LMA because it is evolutionarily labile compared to LDMC (Smith et al. 

1997; Smith et al. 2004) or (ii) LT and LDMC are decoupled because one (LT) is 

mechanistically related to the economics of light capture while the other (LDMC) is 

constrained to a different dimension of leaf variation, leaf hydraulics being the most 

logical (Niinemets 2001; Li et al. 2015). 
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Mathematically, LMA (g m-2) is the product of LDMC (mg g-1), LT (µm), and 

average leaf density (ρF; g cm-3; Pérez-Harguindeguy et al., 2013). As ρF is usually 

distributed tightly around one (with deviations via leaf chemistry or air spaces), 

dividing LMA by LDMC often provides a good estimate of LT (Vile et al. 2005). 

Considering this relationship anatomically, LMA can also be expressed as the sum of 

the tissue volumes of the epidermis, mesophyll, vasculature, and air spaces multiplied 

by ρF. Therefore, the ultimate causes of species differences in LDMC and LT lay in 

modifications of leaf tissue types, the cell size and number in those tissues, their 

chemical composition, and air space (Sanchez and Smith 2012; Villar et al. 2013). 

While these underlying leaf properties may be linked both to LDMC and LT, we 

assume that LT is associated with structural changes (e.g., number of cell layers) 

whereas LDMC is associated with concentrations of photosynthetic and structural 

investment—biochemical properties that are likely to be evolutionarily conserved 

(Smith et al. 2004). This assumption underlies the idea that LT and LDMC are 

decoupled because LT is the easier (more plastic or labile) pathway for modifying 

LMA, with variation in LDMC being evolutionarily constrained (Smith et al. 1997; 

Niinemets 1999; Shipley et al. 2006; Sanchez and Smith 2012). Alternatively, the 

decoupling of LDMC and LT may not be rooted in differences in in trait lability and 

evolutionary constraint; rather, it may be explained by natural selective forces that act 

separately. For example, if water limitation selects for changes in leaf hydraulics 

which modify the density or total length of leaf venation, radius of vascular 

components, cell numbers, or investment in cell walls then the expectation is that 

LDMC would change accordingly—therefore, in additional to LMA, LT, and LDMC 

we also assessed a trait closely related to leaf hydraulics (leaf stomatal density) on a 

subset of dominant grasses. Previous researchers have suggested that different 
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environmental factors exert control over LT and LDMC, which together result in 

LMA (Niinemets 1999; Niinemets 2001). In this scenario, the decoupling of LT and 

LDMC results from the distinct environmental influences on these traits, speculated to 

be light intensity and water limitation, respectively (Niinemets 2001). This second 

hypothesis is particularly interesting given recent discussion on the coordination of 

whole plant economic strategies (Reich 2014) because it suggests a potential way for 

leaf economics traits to be decoupled from other axes of trait variation such as plant 

hydraulics (Sack et al. 2014; Li et al. 2015). 

 

Materials and Methods:  

During the 2013 wet season in Serengeti National Park, up to five mature individuals 

of 45 species of C4 grass (Osborne et al. 2014) were sampled where they occurred at 

each of ten sites (0.1 ha) spanning the ecosystem wide rainfall gradient (600-1100 

mm)—following Anderson et al. (2011). Using 3-5 leaves per plant, LDMC and 

LMA were measured using the complete rehydration technique (Garnier et al., 2001; 

methods compared in Vaieretti et al., 2007) and LT was measured at five locations 

along every leaf with a dial micrometer (as in Vile et al., 2005). Specifically, LMA is 

defined as the dried leaf mass per one-sided area, LDMC is the leaf dried leaf mass 

per wet mass, and LT is the leaf lamina thickness. Leaf area was obtained by 

photographing (Canon 16 megapixel digital camera) the complete, fully expanded leaf 

lamina between two sheets of glass with three calibration squares (1, 4, and 9 cm2) 

followed by calculating leaf pixel area with ImageJ and converting to m2. This 

process resulted in a total of 372 samples for each trait, with each species being 

sampled an average of 8.3 ± 5.4 times across an average of 2.3 ± 1.6 sites. For all 
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three traits, we found 7-13 times more variation among species than within species, so 

we calculated mean trait values for each species, weighted by site. Using the method 

outlined in Vile et al. (2005), we first tested the assumption that ρF is not statistically 

different from 1 by showing that the log-linear relationship between LT and the ratio 

of leaf fresh mass to surface area (LMA · LDMC-1) had a slope = 1 and an intercept = 

0 (P = 0.93 and P = 0.70, respectively from a standardized major axis regression; 

Warton et al., 2012). Furthermore, we considered the possibility that variation in ρF 

(back calculated from measurements as ρF = LMA · LT-1 · LDMC-1) could be an 

important source of variation in LMA, which it was not (LMA was uncorrelated with 

ρF: Pearson’s rho = 0.22, P = 0.15), so we continued our analyses using the direct 

measurement of LDMC. Stomatal densities were collected for nine representative 

grass species, available in the lab, using leaf impressions (Online Resource 1; Method 

S1). 

 

Using a previously published phylogenetic tree for Serengeti grasses (Anderson et al. 

2011) we calculated phylogenetic independent contrasts (PICs) for each leaf trait (i.e. 

LMA, LDMC, and LT). PICs are a standard phylogenetic comparative method 

(Garland et al. 1999) that transforms trait data from the tips of a phylogeny into values 

that are independent of the phylogenetic distance among species (Felsenstein 1985). 

This method produces a value for each bifurcation in the phylogenetic tree 

representing the phylogenetically normalized trait differences between sister-clades 

joined at a node, thus providing a mechanism to compare multiple traits in a 

phylogenetically controlled manner. We used partial Pearson correlations, 

implemented in R (Kim 2012; R Development Core Team 2012), to isolate the 

separate contributions of LT and LDMC to LMA; we further supported this analysis 
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using the log-log scaling approach (Online Resource 1; Renton and Poorter 2011). 

Finally, we calculated Blomberg’s K for LMA, LDMC, and LT using the R package 

“picante” (Blomberg et al. 2003; Kembel et al. 2010). 

 

Results and discussion: 

In Serengeti, low LMA values are associated with higher growth rates and greater 

tolerance of defoliation by ungulate herbivores (but see Anderson et al. 2013); this is 

consistent with the more general property that LMA is negatively related to 

photosynthetic capacity (per unit leaf mass) and positively related to leaf longevity 

(Wright et al. 2004). Among Serengeti grasses, LMA also exhibits a pattern of 

convergent trait evolution across the grass phylogeny, with significant levels of 

differentiation within the multiple clades represented in Serengeti (Anderson et al. 

2011). That LMA is characterized by a negative phylogenetic signal points to its 

potential adaptive significance in grazing ecosystems such as Serengeti. Using partial 

Pearson correlations we found that LMA was positively associated with LT (rho = 

0.53, P < 0.0001; holding LDMC constant) and LDMC (rho = 0.33, P = 0.02; holding 

LT constant)(Fig. 1 d and f). However, when the trait data were reanalyzed after 

accounting for phylogenetic relationships using PICs, the partial correlation approach 

showed that changes in LMA values were accompanied by corresponding changes in 

LT (rho = 0.63, P < 0.0001), but not LDMC (P = 0.92; Fig. 1g and i)(Kembel et al. 

2010). This finding was robust to individual analyses conducted separately for annual 

(N = 11; LT rho = 0.8, P = 0.01, but ns for LDMC) and perennial grasses (N = 34; LT 

rho = 0.65, P < 0.0001, but ns for LDMC)(Garnier and Laurent 1994). Furthermore, 

because most trait variation occurred among species our general result does not 
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appear to be driven by within species environmental responses, although some 

environmentally derived intraspecific variation is expected (Violle et al. 2012). This 

suggests that among Serengeti grasses, evolutionary transitions in the allocation of 

mass to each unit of leaf photosynthetic area (LMA), which may have resulted from 

selection by herbivores for cheap and short-lived leaves, are consistently driven by 

LT, with no contribution from LDMC.  

 

This new result means that for a species to arrive at a particular LMA value, which 

may correspond with optimizing defoliation tolerance and carbon gain under 

particular conditions, species’ leaf anatomies diverge through modifications that alter 

leaf thickness (e.g., adding cell layers; Villar et al., 2013), rather than modifying 

internal structural or biochemical properties. 1). Our result contrasts with many 

previous results that find LMA to be better explained by density (reviewed in Poorter 

et al. 2009) but are superficially consistent with previous studies showing that inter-

specific variation in leaves is characterized by changes in cell and organelle volume 

and number, with subcellular physiology remaining relatively constant (Smith et al. 

1997; Smith et al. 2004; Shipley et al. 2006). Similarly, many studies have observed 

that LT increases in sun leaves compared to shade leaves, accompanied by increased 

photosynthetic capacity per unit leaf area, while remaining comparable to shaded 

leaves on a protein and per leaf mass basis (Evans and Poorter 2001).  

 

Our next step was to test for phylogenetic signals in LT and LDMC using Blomberg’s 

K, to determine if differences in evolutionary lability explain the propensity of LT to 

drive changes in LMA. In contrast, LT was not more labile than LDMC: neither trait 
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was significantly different from a Brownian model of trait evolution (Online Resource 

1; Fig. S1, Table S1). Thus, high lability in LT compared to LDMC cannot explain 

the strong control of LMA by LT. Instead, this finding supports the alternative 

hypothesis that LT drives LMA because LDMC is tightly coupled to another aspect of 

plant physiology. Specifically, we considered the possibility that leaf hydraulic traits 

(Niinemets 2001) represent an independent control on LDMC that is uncorrelated 

with LMA (Li et al. 2015). We propose this alternative hypothesis because of our a 

priori expectation that the ratio of dry weight to fully hydrated weight of leaves (e.g., 

LDMC) should be related to the degree of water limitation in a habitat and therefore 

also tied to leaf hydraulics traits (e.g., stomatal density, vein density, and leaf 

conductance) (Reich et al. 1999; Niinemets 2001). However, it is also possible that 

high LDMC leaves have greater resistance to gas diffusion and therefore relate to 

hydraulics indirectly through demands on gas exchange (Niinemets 1999). We 

examined the correlation of LMA, LT, and LDMC with Stomatal Density (SD) 

among nine phylogenetically diverse Serengeti grasses, five of which were among the 

ten dominant plant species (Fig. 2). SD had a strong relationship with LDMC but not 

with LMA or LT, supporting the idea that LDMC is decoupled from LT because 

LDMC is associated with leaf hydraulic or gas exchange properties, which themselves 

can vary independently from properties related to light capture and tissue longevity 

(Li et al., 2015).  

  

This study was conducted in Serengeti, a grazing ecosystem characterized by 

opposing ecosystem-wide gradients in rainfall and soil fertility (Holdo et al. 2009). In 

the seasonal and low-rainfall southeastern plains there are fertile volcanic soils where 

the wildebeest migrate to graze during the wet season. Higher rainfall areas are 
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dominated by high-LMA species that are strong light competitors and the low rainfall 

areas are dominated by herbivory adapted species with low LMA (Anderson et al. 

2011). Given the predominance of this gradient in LMA it is a challenge to 

disentangle the environmental drivers of LDMC variation. Whereas higher LDMC is 

generally associated with these higher LMA values (Fig. 1f), savanna ecosystems are 

highly heterogeneous habitats and much of the variation in LDMC is likely to be 

among sites at the same rainfall level but with drastically different soil bulk densities 

(i.e., soil-water availabilities), soil texture and salinities (Belsky 1988), micro-

topographies (Belsky 1984), and hydrological dynamics related to tree roots or 

canopies (Anderson et al. 2008; Holdo and Nippert 2015). As such, linking this aspect 

of variation in LDMC to species distributions will take a very detailed surveying 

effort in order to distinguish it from the primary LMA pattern that dominates the 

grazing cline. However, our finding underscores the potential importance of LDMC 

as an additional axis of leaf variation that allows for increased functional diversity (Li 

et al. 2015). Furthermore, it adds to the broader picture of LMA as a functional trait 

with multiple mechanisms of variation among different plant clades, functional types, 

and environments (Reich et al. 1999; Poorter et al. 2009; Villar et al. 2013) and 

highlights that a phylogenetic perspective provides insight into LMA variation 

(Edwards et al. 2014).   

 

In conclusion, our results suggest that LT drives changes in LMA, not because LDMC 

is a costly alternative compared to LT, but because LDMC may be responding to leaf 

physiological demands (e.g., hydraulics and gas exchange), leaving LT to optimize 

light capture and defense. This finding harmonizes well the ecology of the Serengeti, 

a system in which plants experience tradeoffs resulting from strong light competition 
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to chronic herbivory (Hartvigsen and McNaughton 1995), and where grazing is most 

intense in arid regions (McNaughton 1983).  
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Figure legends: 

Figure IV - 1. Results of the leaf trait analysis of 45 species of grasses occurring in 

the Serengeti ecosystem. Fig1. a-c are histograms of measured data for LMA (leaf 

mass per area), LT (leaf thickness), and LDMC (leaf dry matter content). Fig. 1d-f are 

partial regression plots that show the relationships among pairs of leaf traits while 

holding the third trait constant (e.g., Fig. 1d shows the relationship between LMA and 

LT while holding LDMC constant). Axes in partial regression plots are in the units of 

the raw data and are the residuals from a linear regression of a focal trait variable on a 

covariate. Fig. 1g-i show partial regressions among the phylogenetic independent 

contrasts (PIC) for each of the three leaf traits. These results show that, after 

accounting for phylogeny, the correlation between LMA and LDMC disappears and 

the only remaining significant relationship is the correlation between LMA and LT. 

Solid regression lines indicate significant partial Pearson correlations (see main text), 

where “*” indicates p < 0.05 and “***” is p < 0.0001. 
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Figure IV - 2. Comparison of Stomatal Density (SD; pores per mm2) to LDMC (a), 

LT (b), and LMA (b) for nine species of Serengeti grass. LDMC was the only 

functional trait correlated with SD (r = 0.80, p = 0.01), suggesting that water content 

is more related to leaf hydraulics than LT (p = 0.74) or LMA (p = 0.38). Data points 

are labeled with six letter species codes, and the full species names can be found in 

Online Resources 1. We did not have molecular data for Sporobolus consimilis 

(spocon), however, a reanalysis with PICs of the eight remaining species does not 

qualitatively change this relationship (correlation of PIC-LDMC and PIC-SD; r = 

0.82, p= 0.02). 
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Figures: 

Figure IV - 1. 
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Figure IV - 2.  

 

  



 
 

91 

 

Online Resource 1 

 

Leaf thickness controls variation in leaf mass per area (LMA) among grazing-adapted 

grasses in Serengeti 
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The following resources are available for this article: 

Method S1 Additional methods for stomatal counting. 

Fig. S1 Traits of 54 Serengeti grass species mapped to the grass phylogeny. 

Fig. S2 Raw data plots for all three trait correlations. 

Table S1 Blomberg’s K for LMA, LT, and LDMC. 

Table S2 Scientific species names index, with trait values. 

Table S3 LMA variance partitioning following the log-log scaling analysis. 

Methods S1 Additional methods for stomatal counting. 
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Stomata were counted on fully-expanded leaf blades from greenhouse specimens of 

nine grass species. These species were spoioc (n = 5), spopyr (n = 6), spocon (n = 6), 

spofim (n = 6), digmac (n = 6), panmax (n = 6), pancol (n = 4), spopel (n = 4), and 

thetri (n = 1; see Table S2 for full Latin names). A thin coat of clear varnish, 

approximately 1 cm in length was applied to the center of each freshly clipped leaf on 

both the abaxial and adaxial surfaces and allowed to dry (Weyers and Johansen 1985; 

Franks et al. 2009). Leaf impressions were then mounted on glass slides and viewed 

under a 3-D inverted microscope (Zeiss AxioObserver; Hamamatsu Orca C4742-80-

12AG digital camera). A low magnification widefield image was taken for each 

sample and calibrated against a 10 µm scale to estimate leaf width. Each sample was 

then viewed at 40x magnification, and individual stomata were counted while 

scrolling horizontally along the entire width of the leaf blade; this was done in order 

to control for longitudinal variation in stomatal density while allowing for direct 

stomatal counts within a large area. Stomatal density was calculated as the number of 

pores per unit area (mm2). This process was repeated 3-5 times, from edge to edge, 

for each leaf sample. Abaxial and adaxial stomatal densities were then summed, 

resulting in a per area density. 

Methods References 

Franks PJ, Drake PL, Beerling DJ (2009) Plasticity in maximum stomatal 

conductance constrained by negative correlation between stomatal size and 

density: an analysis using Eucalyptus globulus. Plant Cell Environ 32:1737–

1748. doi: 10.1111/j.1365-3040.2009.002031.x 
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Figure IV - S1 Traits of 54 Serengeti grass species mapped to the grass phylogeny. 

The phylogeny is from Anderson (2011) and was constructed based on molecular 

data. In this study, we collected data from individual plants of 45 species so that our 

comparisons of LMA, LT, and LDMC would not be influenced by noise from trait 

measurements for a given species that come from separate plants. However, for 

Blomberg’s K we combined our trait measurements with those from Anderson (2011) 

so that we would have broader taxonomic extent for calculating patterns of trait 

evolution. See Table S1 for Blomberg’s K. Species names are found in Table S2. 
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Figure IV - S2 Raw data plots for all three trait correlations. In a linear model, LMA 

is positively related to LT (P = 0.03) and LDMC (P = 0.0002). Black filled circles 

represent grass species with annual growth strategies. 
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Table IV - S1 Blomberg’s K for LMA, LT, and LDMC. LMA shows a significant 

pattern of convergent trait evolution while LT and LDMC were both indistinguishable 

from a Brownian model of trait evolution. 

Trait K Observed 

variance 

Expected 

variance 

P 

LMA 0.69 

 

467.29 

 

617.79 

 

0.01 

 

LT 0.38 

 

2483.77 

 

2608.69 

 

0.42 

 

LDMC 0.44 

 

12554.37 

 

14409.59 

 

0.19 
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Table IV - S2 Species codes and scientific names for Serengeti grasses, with 

measured trait data. 

Species Code Full Name LMA LDMC LT 

andgre Andropogon greenwayi 36.41 365.91 84.93 

ariado Aristida adoensis 79.15 476.56 141.22 

botins Bothrichloa insculpta 65.09 406.44 96.98 

bradic Brachiaria dictyoneura 62.06 360.94 155.8 

braxan Brachiaria xantholueca 44.01 278.09 122.96 

chlgay Chloris gayana 79.56 345.45 135.12 

chlpyc Chloris pycnothrix 50.37 405.2 74 

chlrox Chloris roxburgiana 53.54 401.85 89.88 

chrori Chrysochloa orientalis 56.38 419.59 119.33 

cymexc Cymbopogon excavatus 62.14 451.37 116.52 

cyndac Cynodon dactylon 72.54 467.16 164.3 

dacaeg Dactyloctenium aegyptium 57.58 259.62 120.68 

digsca Digitaria scalarum 62.24 418.33 122.8 

digmac Digitaria macroblephara 68.83 317.55 124.22 

digter Digitaria ternata 61.3 368.76 90.07 

echhap Echinochloa haploclada 59.17 360.73 98.92 

eracil Eragrostis cilianensis 63.19 419.77 126.08 

erahet Eragrostis heteromera 61.51 444.33 114.72 

erapap Eragrostis papposa 73.18 440.76 107.96 

erarac Eragrostis racemosa 64.26 420.52 115.52 

eraten Eragrostis tenuifolia 72.95 409.2 107.5 
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euspas Eustachys paspaloides 52.79 415.77 104.15 

harsch Harpachne schimperi 70.79 408.43 119.33 

hetcon Heteropogon contortus 61.02 477.45 118.01 

hypfil Hyparrhenia filipendula 69.46 400.08 117.48 

hypdis Hyperthelia dissoluta 79.9 385.56 127.84 

mickun Microchloa kunthii 57.46 465.69 94.02 

panatr Panicum atrosanguineum 52.43 324.34 128.28 

pancol Panicum coloratum 64.57 379.29 138.4 

penmez Pennisetum mezianum 69.62 369.1 116.23 

setsph Setaria sphacelata  81.97 331.02 150.36 

spofes Sporobolus festivus 73.39 413.29 96.96 

spofim Sporobolus fimbriatus 67.74 468.08 125.16 

spoioc Sporobolus ioclados 68.34 366.16 92.55 

spopel Sporobolus pellucidus 49.61 369.01 99.32 

spopyr Sporobolus pyramidalis 84.65 405.43 131.55 

sporan Sporobolus rangei 78.17 433.92 136.16 

spospi Sporobolus spicatus 60.38 356.9 138.16 

sposta Sporobolus stapfianus 64.05 361.04 91.6 

thetri Themeda triandra 57.77 439.67 112.91 

traber Tragus berteronianus 61.24 439.81 91.55 

urogen Urochloa geniculata 70.32 343.2 187.22 

panmax Panicum maximum 53.59 345.41 121.56 

lepobt Leptochloa obtusifolia 82.2 457.06 147.02 

penstr Pennisetum stramineum 71.05 366.77 150.07 
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Table IV - S3 LMA variance partitioning following the log-log scaling approach 

from Renton and Poorter (2011). When using this approach, leaf density is back-

calculated from LT and LMA measurements as LMA/LT. A full description of the 

rationale, and detailed equations, for these calculations can be found in Renton and 

Poorter (2011), and especially in their Supporting Material. The results when using 

this approach suggest that LT explains slightly more variation in LMA than LMA/LT, 

although both are correlated with LMA which is analogous to our result in Figure 1 

(d-f). However, this result comes with a major caveat that the “covariance fraction” 

for LMA/LT and LT comes out negative, suggesting that to an extent the variation in 

LT is counterbalanced by variation in LMA/LT, which is likely why the variance in 

log(LMA) is slightly less than the variance in it component. It is hard to make 

conclusions about the drivers of variation in the individual components of LMA when 

the log-log scaling analysis has a negative covariance fraction (Renton and Poorter, 

2011). This underscores the strength of taking a phylogenetic approach to 

disambiguating LMA in Serengeti grasses because our phylogenetic contrasts reveal 

that LT is the primary source of variation driving LMA across the nodes of the tree. 

 Value 

Variance log(LMA) 0.03 

Variance log(LT) 0.037 

Variance log(LMA/LT) 0.033 

Slope log(LMA/LT)~log(LMA) 0.44 

Slope log(LT)~log(LMA) 0.56 

LMA/LT Fraction 1.12 

LT Fraction 1.24 

Covariance Fraction -1.36 
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CHAPTER V 

 

SPECIES DISTRIBUTIONS ACROSS METACOMMUNITIES ARE SPATIALLY 

AGGREGATED: A MULTI-TAXA META-ANALYSIS 
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ABSTRACT: 

A major discrepancy in ecological theory is the degree to which local communities 

are considered meaningful entities bonded by species interactions (e.g., facilitation) 

versus chance collections of species with overlapping environmental tolerances. 

Typically, modern community assembly and metacommunity frameworks address this 

disagreement by attempting to weigh the relative contributions of stochastic 

processes, environmental filtering, and competition in determining local community 

composition. Unfortunately, these approaches attempt to prescribe mechanisms to 

community assembly without acknowledging the actual degree of spatial aggregation 

that is observed in natural communities. To our knowledge, there is no consensus on 

whether local communities form loose correlations of species or tight aggregations of 

species with similar distributional limits. Therefore, our primary goal was to 

synthesize recent, and directly comparable, work on metacommunities in order to 

determine the relative importance of spatially aggregated species distributions versus 

other structures. The Elements of Metacommunity Structure (EMS) framework is a 

common approach used to classify metacommunities into categories according to their 

expected structuring mechanisms. We compiled a comprehensive list of EMS 

analyses from 44 metacommunities, representing various animal, bacterial, and plant 

lineages. EMS analysis is, in this context, explicitly a pattern-based approach, and we 

make no attempt to identify specific driving mechanisms of community organization 

in this analysis. Instead, we were interested in characterizing the distribution of 

community patterns as a starting point for exploring potential mechanisms in the 

future. Surprisingly, metacommunities were characterized by species aggregations in 

64% of analyses, compared to 20% where species were generally independent of each 

other; the remaining 16% fit other patterns. Community assembly theory should 
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acknowledge and attempt to match the predominant pattern observed globally: 

individualistic species distributions appear to be relatively rare and instead aggregated 

species’ distributions dominate natural ecological communities. Future studies should 

address the actual mechanism underlying the predominance of aggregated 

distributions. 

 

INTRODUCTION 

At the heart of community assembly theory is the idea that trait evolution, 

environmental filtering, stochastic forces, and species interactions work together to 

create the communities of species observed in nature. The mechanisms controlling 

assembly not only determine species occupancy, but also have implications for 

community structure and stability over evolutionary time (Callaway 1997, Hoagland 

and Collins 1997, Cavender-Bares et al. 2009). While a rich array of ecological 

processes are expected to produce different community structures, there remains little 

agreement about the dominant patterns in communities or what can be interpreted 

from those patterns (Whittaker 1975, Callaway 1997, Hoagland and Collins 1997, 

Maestre et al. 2009, Pickett et al. 2009). For example, there is disagreement about 

whether or not communities are real entities that behave as discrete units or artificial 

abstractions imposed by ecologists (Ricklefs 2008, Ricklefs 2009, Leaper et al. 2014). 

This discrepancy is not just academic: it influences the way that ecologists approach 

conservation and research in ecology more generally (Michalet et al. 2014). 

 In response to this debate, ecologists and evolutionary biologists are 

converging on the “metacommunity” paradigm, which considers many local 

assemblages linked by dispersal and prone to local extinction (Leibold et al. 2004). 

The metacommunity framework considers the composition of species at any point to 



 
 

104 

 

be constrained by regional assemblages that have accumulated over evolutionary time 

(i.e., the species pool) and influenced by both stochastic, i.e., dispersal, and 

deterministic, i.e., competitive, processes (Lortie et al. 2004, HilleRisLambers et al. 

2012). However, the metacommunity paradigm still requires the existence of discrete, 

local communities resulting in major ambiguity regarding the how these communities 

should be defined and at what scale to observe them, if they exist (Ricklefs 2009). 

Natural metacommunities are expected to exhibit species’ distribution patterns 

that reflect the underlying mechanism driving species occupancy. Therefore, a 

common approach has been to develop community metrics that attempt to quantify 

the presence of particular patterns. For example, the checkerboard score (C-score) 

was developed to assess the role of competitive exclusion in shaping island 

communities, although now it is clear that patterns can also arise as a result of chance 

or variation in species’ environmental tolerances, not just competition (Diamond 

1975, Connor and Simberloff 1979, Connor et al. 2013). Similarly, the famous 

“Clementsian” and “Gleasonian” community concepts (Whittaker 1975, Collins et al. 

1993, Hoagland and Collins 1997), were intended to capture mutualistic versus 

individualistic associations. In the Clementsian pattern, where groups of species form 

discrete aggregations, potential mechanisms underlying the pattern include several 

non-mutually exclusive mechanisms: (i) convergent evolution of similar 

environmental thresholds, (ii) dispersal limitation and (iii) strong interdependencies 

among species (Callaway 1997, Heino et al. 2015b). Nested patterns, in which 

communities with few species are subsets of richer communities are expected as a 

consequence of the progressive loss of intolerant species along environmental 

gradients (Patterson and Atmar 1986, Ulrich et al. 2009). Another example is resource 

competition, which is expected to evenly distribute species along environmental 
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gradients (Tilman 1982). Finally, all these spatial patterns must be statistically 

differentiated from randomly expected species distributions (Simberloff 1983), with 

the added complication that there are myriad stochastic or regional processes expected 

to influence community patterns (Hubbell 2005, Adler et al. 2007, Ricklefs 2008). 

In an attempt to organize the various approaches to classifying 

metacommunities, (Leibold and Mikkelson 2002) proposed the Elements of 

Metacommunity Structure (EMS). The EMS framework combines three null model-

based statistical tests into a decision tree for classifying site-by-species matrices into 

six idealized community patterns (Fig. 1). In short, the EMS analysis (1) arranges 

species along the primary axis of community variation, (2) assesses the continuity of 

species’ ranges along this axis, (3) determines if species turnover is more or less than 

expected, and (4) then determines if species range boundaries coincide (Leibold and 

Mikkelson 2002). Based on the results of these assessments (see Methods for details), 

a given metacommunity will fit either a Gleasonian, Clementsian, checkerboard, 

nested, even, or random pattern (or, “quasi” pattern when species turnover is not 

statistically significant). However, like previous approaches, an EMS classification 

(e.g., checkerboard) does not imply that one community assembly process is acting 

exclusively and it is important to recognize that EMS is pattern-based and cannot 

detect mechanisms. Furthermore, the literature suggests that there are many 

reasonable and potentially interacting processes that can produce all of the observable 

patterns (Fig. 1). Although there are other common approaches to community 

analysis, such as variance partitioning and increasingly, network analysis (Presley et 

al. 2010, Henriques-Silva et al. 2013, Thébault 2013, Meynard et al. 2013, Dallas and 

Presley 2014), as well as controversy about its ubiquitous use (Ulrich and Gotelli 
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2013), the EMS approach remains the most comprehensive for identifying 

metacommunity patterns.  

To our knowledge, no attempt has ever been made to describe, across a range 

of taxa and systems, the dominant meta-community structure species assemblages, or 

even try to determine if a dominant meta-community structure exists (but see Heino et 

al. 2015a for a detailed analysis of freshwater metacommunities). Consequently, our 

first goal was to determine if one type of EMS community pattern is more dominant 

than the others. We addressed this goal by assembling the current literature on the 

EMS framework and extracting the metacommunity classifications from their studies. 

This simple, meta-analytical approach allows us to provide a broad ecological context 

for the analysis of species aggregations in metacommunities. Next, we considered the 

extent of possible ecological processes driving the distributional patterns observed in 

our meta-analysis, as presented by authors’, as a way to focus future research on 

detecting the underlying mechanisms in recent literature and provide a critical 

discussion concerning the range of causes that need to be considered when defining 

and analyzing communities.  

 

METHODS 

As EMS analysis was uncommon prior to (Presley et al. 2009), we therefore searched 

Google Scholar for the quoted string “elements of metacommunity structure” from 

2009 to the present. From the 82 papers that resulted from the search (22nd December 

2015), 33 reported results of an EMS analysis; however, three papers reported on the 

same metacommunity, leaving 31 studies from the literature. For each study we 

extracted based on authors’ report (1) the dominant metacommunity structure 

identified, (2) other metacommunity structures that were identified in any subsets of 



 
 

107 

 

their data (e.g., one lineage of insect out of all insects studied by the authors), (3) the 

primary driver of that structure as reported by the authors, (4) the number of sites 

within the metacommunity and (5) the study location.  

In addition to the contemporary literature, we sought studies for which we 

could conduct EMS analysis for the first time. We identified four independent 

databases: the ‘Florida pyrogenic grasslands’ (n = 282, grain = 1000 m2, extent = 

96000 km2), the ‘Colorado front range’ (n = 305, grain = 1000 m2, extent = 1850 

km2), the ‘West African vegetation’ databases (n = 279, grain = 25 m2, extent = 50000 

km2), and our own dataset from Serengeti National Park in Tanzania (n = 145, grain = 

1000 m2, extent = 25000 km2; Supplementary material Appendix 1). EMS was applied 

using the default options in the ‘metacom’ R package, including the commonly used 

“r1” method for creating random matrices (Supplementary material Appendix 

2)(Oksanen et al. 2013, Dallas 2014, Heino et al. 2015a). The results of the EMS are 

obtained by following a decision tree that classified the prominent metacommunity 

structure (Fig. 1, as per Leibold and Mikkelson 2002), starting with the coherence 

test. “Coherence” tests whether each species’ occupancy is over-, under-, or randomly 

dispersed along a gradient determined through ordination (reciprocal averaging) by 

counting absences within species ranges and comparing them to a null model. Non-

significant (“random”) coherence means metacommunities are relatively unstructured 

along a gradient. More absences than expected by chance (negative coherence) leads 

to checkerboard patterns, whereas fewer absences than expected means species are 

ordered along an underlying gradient, but additional analyses are required to 

disambiguate the result. The “turnover” test assesses the number of times species 

ranges replace each-other along the gradient in comparison to a null model. Less 

turnover than expected indicates nested species distributions. However, both positive 
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and expected turnover lead to the final node in the decision tree: clumping (Presley et 

al. 2010). “Clumping” is based on Morisita’s I, a dispersion index that is >1.0 when 

boundaries are under-dispersed (clumped) among species and <1.0 when boundaries 

are over-dispersed among species. Over-dispersed boundaries classifies a 

metacommunity as evenly spaced. Higher than expected clumping leads to 

Clementsian gradients, while non-significant clumping leads to Gleasonian gradients. 

We tallied the results of the literature and our independent analyses, and when 

EMS analyses were conducted at multiple spatial scales or with taxonomic subsets, 

the most inclusive analysis was reported (contrasting Heino et al. 2015a where all 

possible subsets are reported). However, when EMS analyses were conducted across 

seasons, years, or separately collected datasets, all findings were included with equal 

weight. Thus, when calculating percentages for each of the final patterns, 44 EMS 

classifications were used as the total number of analyses rather than 31 (the number of 

literature sources). 

 

RESULTS 

Our literature review revealed that the dominant metacommunity structure included 

Clementsian in 22, quasi-Clementsian in 6, nested in 7, Gleasonian in 5, quasi-

Gleasonian in 1, and random in 3 analyses (Table 1). Consequently, including our 

SNP results and the three independent analyses, 28 of 44 analyses (64%) reported 

either Clementsian or quasi-Clementsian patterns as the dominant structure (see 

Presley et al. 2010 for further discussion of quasi structures). This is compared to the 

20% (9 out of 44) that report either Gleasonian, quasi-Gleasonian, or random patterns 

(see Dallas and Presley 2014). Nested patterns account for 16% of analyses (7 out of 
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44). Similar to SNP, the three independent datasets also revealed Clementsian patterns 

(Supplementary material Appendix 2). 

 

DISCUSSION 

In contrast to our a priori expectations, a wide range of taxa, across many different 

ecosystems, showed coordinated species boundaries and thus fit a “Clementsian” 

(EMS) model of metacommunity structure. Our literature review included 

metacommunities on four continents (Africa, Europe, North America, South 

America), two oceanic regions (Indo-Pacific, East China Sea), and included fish, bats, 

nonvolant mammals, birds, amphibians, insects, corals, plants, and bacteria. 

Therefore, in a general sense, when species turnover occurs along environmental 

gradients, it occurs for groups of species in ways that their boundaries are clustered. 

This result was surprising for several reasons. First, the recent emphasis on stochastic 

processes in driving community dynamics (Hubbell 2005, Ricklefs 2008, Henriques-

Silva et al. 2013, Vellend et al. 2014), such as patch dynamic models and random 

colonization/extinction processes, led us to expect individualistic species distributions 

based on their tolerances to the environment (i.e, Gleasonian) and that species 

occurrences would not be tightly coupled in community units. Second, a common 

finding in many phylogenetic community assembly studies is that environmental 

filtering is a key determinant of local species occupancy—as such, sites should often 

be assembled from independently distributed species that can tolerate those conditions 

(e.g., Cavender-Bares et al. 2009, HilleRisLambers et al. 2012). Finally, the majority 

of the literature sources we consulted for this meta-analysis focus on taxa that inhabit 

ecosystems with continuous environmental variation and high dispersal opportunity, 

with few focused on species in which biotic factors or discretized habitat structure are 



 
 

110 

 

expected to be particularly strong drivers (e.g., parasite communities in different hosts 

or zooplankton in lakes; Dallas and Presley 2014, Dallas and Drake 2014). 

Demonstration that clumped spatial patterns are the most common form of 

ecological distribution across taxa and ecosystems is highly compelling, but only a 

first step. The next, perhaps more challenging, step is to understand the ecological 

mechanisms underlying and generating this pattern. While the Clementsian 

distribution was originally hypothesized to be generated by positive interactions 

among species, ecologists now realize that there are several, non-mutually exclusive, 

mechanisms that can generate this spatial distribution, of which positive interactions 

(mutualisms, facilitation, etc.) is but one class (discussed below, and see Fig. 1)(Kraft 

et al. 2015).  

Environmental variation and species interactions can simultaneously influence species 

distributions: abiotic factors set the limits to species ranges and biotic interactions 

modify local occupancy within those ranges (e.g., Lortie et al. 2004, HilleRisLambers 

et al. 2012). This creates ambiguity when the goal is to determine the mechanism 

resulting in aggregated species distributions. For example, the correlated range 

boundaries in Serengeti vegetation could be driven by several, non-mutually 

exclusive, processes: (1) Convergent evolution of similar environmental tolerances, 

thus creating similar thresholds beyond which species cannot persist (Ricklefs 2008, 

López-González et al. 2012); (2) Environmental filtering onto a patchy environmental 

template (Ricklefs 2009, McIntire and Fajardo 2014); (3) Biogeographical histories 

that result in sharp species boundaries (e.g., glaciers, tectonic activity; Keith et al. 

2013); (4) Positive species interactions (e.g., facilitation, mutualism, etc.) that create 

dependent associations among pairs or groups of species (Bertness and Callaway 

1994, Callaway 1997, Lawrence and Barraclough 2015); (5) Dispersal limitation 
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might result in higher than expected co-occurrence, leading to Clementsian patterns 

(Meynard et al. 2013, Heino et al. 2015a). Thus, the current pattern based methods 

can diagnose metacommunity structures and identify underlying gradients but cannot 

tell us the ecological mechanism that generated these patterns. Furthermore, the full 

range of potential mechanisms is not often considered (let alone tested for) in 

discussion of metacommunity results—for Clementsian patterns, species aggregations 

tend to be described as the likely result of the evolution of similar evolutionary 

tolerances. 

 

Reconciling pattern and process in metacommunity data 

‘… As long as we can conveniently fall back on communities as locally meaningful 

entities, ecologists will have little incentive to fully match the scale of their research 

to the scale of the processes—from local to the regional—that determine the 

distribution and abundance of populations, the adaptations of species, and the 

coexistence of species in local assemblages.’—Ricklefs (2009). 

The question of whether or not communities exist as ecologically meaningful 

units is as old as the debate between Clements and Gleason in the early 1900s 

(Clements 1916, Gleason 1917). The above quote from an eminent ecologist, along 

with many recent reviews about the nature of community assembly (Lortie et al. 2004, 

Brooker et al. 2009, HilleRisLambers et al. 2012, Vellend et al. 2014, Kraft et al. 

2015), demonstrates that ecologists are still grappling with what processes are 

important in communities and even how to define them. Despite decades of 

productive research, ecology is left with a major gap in understanding regarding the 

degree to which species interactions versus deterministic environmental conditions 

drive species’ distributions. 
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Ecologists recognize the need for a unified theory of community assembly that 

includes local assemblages sorted from regional species pools in a way that 

incorporates evolution, abiotic factors, biotic factors, and their interactions (Cavender-

Bares et al. 2009, HilleRisLambers et al. 2012). The ‘integrated community’ model of 

(Lortie et al. 2004), is a community concept that incorporates abiotic tolerances, 

species interactions, and stochastic processes to simultaneously define a community. 

However, the integrated community concept does not lead to the conclusion that 

communities themselves are discrete entities, as they have arbitrary spatial extent and 

“are local but both influence and are influenced by processes beyond the local scale,” 

(Ricklefs 2009). The results of the EMS literature, including those that include 

discussion of spatial scale and regional processes, are commonly finding that the 

major pattern in metacommunities is one where species respond to the environment in 

groups that can be observed locally. However, the mechanistic underpinnings of 

community structure seem more ambiguous than ever before. 

EMS studies are intended to be conducted in regions, along gradients where 

the surveyed assemblages may be linked by dispersal and partitioning the ecological 

space (Leibold and Mikkelson 2002). Improvements to methods such as EMS are 

being developed and the researchers doing this work do recognize the importance of 

resolving some of the mechanistic ambiguities underlying metacommunity patterns 

(e.g., Leaper et al. 2014, Pollock et al. 2014, Mihaljevic et al. 2015); however, there is 

still empirical work required to better address mechanism. As a way forward, we 

suggest systematic removal experiments of dominant species at the edges of their 

ranges to begin teasing apart the many factors that could promote the clumping of 

species’ boundaries. For example, following the removal of an abundant species, 

increases in the abundances of co-occurring dominants suggests that they are in 
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competition and have evolved similar environmental tolerances. Alternatively, 

decreases in co-occurring species suggests that positive relationships are key to the 

association of their boundaries. 

Although ecologists have spent almost 100 years debating the nature of 

community structure (Clements 1916, Gleason 1917, Hoagland and Collins 1997), it 

seems we still need to clarify what we mean when we say “community.” As such, a 

fruitful research program would be one in which processes could be better invoked 

from patterns observed in nature, with mechanisms being unambiguously reflected in 

metacommunity data. 

Acknowledgements: Thanks to E. Mayemba, R. Mollel, D. Rugemalila, and R. 

Sukums for help with data collection and M. Leibold, R. Holdo, and J. Veech for 

discussion regarding the EMS approach and metacommunities. T.M.A. was supported 

by an Early Career Project Grant from the British Ecological Society and grant DEB-

1145861 from the National Science Foundation. D.M.G. was supported by the 

National Science Foundation Graduate Research Fellowship under grant no. 0907738, 

Richter Fellowship, Botanical Society of America Graduate Research Award, and 

Vecellio Award. 

 

REFERENCES: 

Adler, P. B. et al. 2007. A niche for neutrality. - Ecol. Lett. 10: 95–104. 

Bertness, M. D. and Callaway, R. 1994. Positive interactions in communities. - Trends 

Ecol. Evol. 9: 191–193. 



 
 

114 

 

Bloch, C. P. and Klingbeil, B. T. 2015. Anthropogenic factors and habitat complexity 

influence biodiversity but wave exposure drives species turnover of a 

subtropical rocky inter-tidal metacommunity. - Mar. Ecol.: n/a–n/a. 

Bonthoux, S. and Balent, G. 2015. Bird metacommunity processes remain constant 

after 25 years of landscape changes. - Ecol. Complex. 21: 39–43. 

Bried, J. T. et al. 2015. Resident-immigrant dichotomy matters for classifying wetland 

site groups and metacommunities. - Freshw. Biol. 60: 2248–2260. 

Brooker, R. W. et al. 2009. Don’t Diss Integration: A Comment on Ricklefs’s 

Disintegrating Communities. - Am. Nat. 174: 919–927. 

Callaway, R. M. 1997. Positive interactions in plant communities and the 

individualistic-continuum concept. - Oecologia 112: 143–149. 

Cavender-Bares, J. et al. 2009. The merging of community ecology and phylogenetic 

biology. - Ecol. Lett. 12: 693–715. 

Clements, F. E. 1916. Plant succession: an analysis of the development of vegetation. 

- Carnegie Institution of Washington. 

Collins, S. L. et al. 1993. The hierarchical continuum concept. - J. Veg. Sci. 4: 149–

156. 

Connor, E. F. and Simberloff, D. 1979. The Assembly of Species Communities: 

Chance or Competition? - Ecology 60: 1132. 

Connor, E. F. et al. 2013. The checkered history of checkerboard distributions. - 

Ecology 94: 2403–2414. 



 
 

115 

 

Dallas, T. 2014. metacom: an R package for the analysis of metacommunity structure. 

- Ecography 37: 402–405. 

Dallas, T. and Presley, S. J. 2014. Relative importance of host environment, 

transmission potential and host phylogeny to the structure of parasite 

metacommunities. - Oikos 123: 866–874. 

Dallas, T. and Drake, J. M. 2014. Relative importance of environmental, geographic, 

and spatial variables on zooplankton metacommunities. - Ecosphere 5: 1–13. 

de la Sancha, N. U. et al. 2014. Metacommunity structure in a highly fragmented 

forest: has deforestation in the Atlantic Forest altered historic biogeographic 

patterns? (K Beard, Ed.). - Divers. Distrib. 20: 1058–1070. 

Diamond, J. M. 1975. Assembly of Species Communities. - In: Ecology and 

Evolution of Communities. Harvard, pp. 342–444. 

Diaz, A. et al. 2013. Conservation implications of long-term changes detected in a 

lowland heath plant metacommunity. - Biol. Conserv. 167: 325–333. 

Erős, T. et al. 2014. Quantifying temporal variability in the metacommunity structure 

of stream fishes: the influence of non-native species and environmental 

drivers. - Hydrobiologia 722: 31–43. 

Fernandes, I. M. et al. 2013. Spatiotemporal dynamics in a seasonal metacommunity 

structure is predictable: the case of floodplain-fish communities. - Ecography 

37: 1–12. 

Gleason, H. A. 1917. The Structure and Development of the Plant Association. - Bull. 

Torrey Bot. Club 44: pp. 463–481. 



 
 

116 

 

Heino, J. and Alahuhta, J. 2014. Elements of regional beetle faunas: faunal variation 

and compositional breakpoints along climate, land cover and geographical 

gradients (F Johansson, Ed.). - J. Anim. Ecol. 84: 427–441. 

Heino, J. et al. 2015a. A comparative analysis of metacommunity types in the 

freshwater realm. - Ecol. Evol. 5: 1525–1537. 

Heino, J. et al. 2015b. Elements of metacommunity structure and community-

environment relationships in stream organisms. - Freshw. Biol. 60: 973–988. 

Henriques-Silva, R. et al. 2013. A community of metacommunities: exploring patterns 

in species distributions across large geographical areas. - Ecology 94: 627–

639. 

HilleRisLambers, J. et al. 2012. Rethinking Community Assembly through the Lens 

of Coexistence Theory. - Annu. Rev. Ecol. Evol. Syst. 43: 227–248. 

Hoagland, B. W. and Collins, S. L. 1997. Gradient models, gradient analysis, and 

hierarchical structure in plant communities. - Oikos 78: 23–30. 

Hoverman, J. T. et al. 2011. Environmental gradients and the structure of freshwater 

snail communities. - Ecography 34: 1049–1058. 

Hubbell, S. P. 2005. Neutral theory in community ecology and the hypothesis of 

functional equivalence. - Funct. Ecol. 19: 166–172. 

Keith, S. A. et al. 2011. Plant metacommunity structure remains unchanged during 

biodiversity loss in English woodlands. - Oikos 120: 302–310. 

Keith, S. A. et al. 2013. Faunal breaks and species composition of Indo-Pacific corals: 

the role of plate tectonics, environment and habitat distribution. - Proc. R. Soc. 

B Biol. Sci. 280: 20130818–20130818. 



 
 

117 

 

Kraft, N. J. B. et al. 2015. Plant functional traits and the multidimensional nature of 

species coexistence. - Proc. Natl. Acad. Sci. 112: 797–802. 

Lawrence, D. and Barraclough, T. G. 2015. Evolution of resource use along a gradient 

of stress leads to increased facilitation. - Oikos: n/a–n/a. 

Leaper, R. et al. 2014. Do communities exist? Complex patterns of overlapping 

marine species distributions. - Ecology 95: 2016–2025. 

Leavitt, D. J. and Fitzgerald, L. A. 2013. Disassembly of a dune-dwelling lizard 

community due to landscape fragmentation. - Ecosphere 4: 1–15. 

Leibold, M. A. and Mikkelson, G. M. 2002. Coherence, species turnover, and 

boundary clumping: elements of meta-community structure. - Oikos 97: 237–

250. 

Leibold, M. A. et al. 2004. The metacommunity concept: a framework for multi-scale 

community ecology: The metacommunity concept. - Ecol. Lett. 7: 601–613. 

López-González, C. et al. 2012. Metacommunity analysis of Mexican bats: 

environmentally mediated structure in an area of high geographic and 

environmental complexity: Metacommunity structure of Mexican bats. - J. 

Biogeogr. 39: 177–192. 

Lortie, C. J. et al. 2004. Rethinking plant community theory. - Oikos 107: 433–438. 

Maestre, F. T. et al. 2009. Refining the stress-gradient hypothesis for competition and 

facilitation in plant communities. - J. Ecol. 97: 199–205. 

McIntire, E. J. B. and Fajardo, A. 2014. Facilitation as a ubiquitous driver of 

biodiversity. - New Phytol. 201: 403–416. 



 
 

118 

 

Meynard, C. N. et al. 2013. Disentangling the drivers of metacommunity structure 

across spatial scales (LN Gillman, Ed.). - J. Biogeogr. 40: 1560–1571. 

Michalet, R. et al. 2014. Competition, facilitation and environmental severity shape 

the relationship between local and regional species richness in plant 

communities. - Ecography 37: 1–11. 

Mihaljevic, J. R. et al. 2015. Using multispecies occupancy models to improve the 

characterization and understanding of metacommunity structure. - Ecology 96: 

1783–1792. 

Mumladze, L. et al. 2013. Compositional patterns in Holarctic peat bog inhabiting 

oribatid mite (Acari: Oribatida) communities. - Pedobiologia 56: 41–48. 

Newton, A. C. et al. 2012. Structure, composition and dynamics of a calcareous 

grassland metacommunity over a 70-year interval: Dynamics of a calcareous 

grassland metacommunity. - J. Ecol. 100: 196–209. 

Ochoa-Ochoa, L. M. and Whittaker, R. J. 2014. Spatial and temporal variation in 

amphibian metacommunity structure in Chiapas, Mexico. - J. Trop. Ecol. 30: 

537–549. 

Oksanen, J. et al. 2013. vegan: Community Ecology Package. 

Patterson, B. D. and Atmar, W. 1986. Nested subsets and the structure of insular 

mammalian faunas and archipelagos. - Biol. J. Linn. Soc. 28: 65–82. 

Pollock, L. J. et al. 2014. Understanding co-occurrence by modelling species 

simultaneously with a Joint Species Distribution Model (JSDM) (J 

McPherson, Ed.). - Methods Ecol. Evol. 5: 397–406. 



 
 

119 

 

Presley, S. J. and Willig, M. R. 2010. Bat metacommunity structure on Caribbean 

islands and the role of endemics: Caribbean bat metacommunity structure. - 

Glob. Ecol. Biogeogr. 19: 185–199. 

Presley, S. J. et al. 2009. Elements of metacommunity structure of Paraguayan bats: 

multiple gradients require analysis of multiple ordination axes. - Oecologia 

160: 781–793. 

Presley, S. J. et al. 2010. A comprehensive framework for the evaluation of 

metacommunity structure. - Oikos 119: 908–917. 

Presley, S. J. et al. 2011. A Complex Metacommunity Structure for Gastropods Along 

an Elevational Gradient: Tropical Gastropod Metacommunity Structure. - 

Biotropica 43: 480–488. 

Presley, S. J. et al. 2012. Vertebrate metacommunity structure along an extensive 

elevational gradient in the tropics: a comparison of bats, rodents and birds: 

Metacommunity structure of bats, rodents and birds. - Glob. Ecol. Biogeogr. 

21: 968–976. 

Ricklefs, R. E. 2008. Disintegration of the Ecological Community. - Am. Nat. 172: 

741–750. 

Ricklefs, R. E. 2009. A Brief Response to Brooker et al.’s Comment. - Am. Nat. 174: 

928–931. 

Ryberg, W. A. and Fitzgerald, L. A. 2015. Landscape composition, not connectivity, 

determines metacommunity structure across multiple scales. - Ecography: n/a–

n/a. 



 
 

120 

 

Schiesari, L. and Corrêa, D. T. 2015. Consequences of agroindustrial sugarcane 

production to freshwater biodiversity. - GCB Bioenergy: n/a–n/a. 

Simberloff, D. 1983. Competition Theory, Hypothesis-Testing, and Other Community 

Ecological Buzzwords. - Am. Nat. 122: pp. 626–635. 

Thébault, E. 2013. Identifying compartments in presence-absence matrices and 

bipartite networks: insights into modularity measures (J Veech, Ed.). - J. 

Biogeogr. 40: 759–768. 

Tilman, D. 1982. Resource competition and community structure. - Princeton 

University Press. 

Tonkin, J. D. et al. 2015a. Variable elements of metacommunity structure across an 

aquatic-terrestrial ecotone. - PeerJ Prepr. 3: e1261. 

Tonkin, J. D. et al. 2015b. Environmental Controls on River Assemblages at the 

Regional Scale: An Application of the Elements of Metacommunity Structure 

Framework (J Hewitt, Ed.). - PLOS ONE 10: e0135450. 

Ulrich, W. and Gotelli, N. J. 2013. Pattern detection in null model analysis. - Oikos 

122: 2–18. 

Ulrich, W. et al. 2009. A consumer’s guide to nestedness analysis. - Oikos 118: 3–17. 

Valanko, S. et al. 2015. Complex metacommunity structure for benthic invertebrates 

in a low-diversity coastal system. - Ecol. Evol. 5: 5203–5215. 

Vellend, M. et al. 2014. Assessing the relative importance of neutral stochasticity in 

ecological communities. - Oikos 123: 1420–1430. 

Whittaker, R. H. 1975. Communities and ecosystems. - Macmillan. 



 
 

121 

 

Yeh, Y.-C. et al. 2015. Determinism of bacterial metacommunity dynamics in the 

southern East China Sea varies depending on hydrography. - Ecography 38: 

198–212. 

 

Supplementary material (Appendix EXXXXX at 

<www.oikosoffice.lu.se/appendix>) 

Appendix 1 Detailed EMS analysis for Serengeti herbaceous communities. 
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Table Legends: 

Table V - 1. Dominant metacommunity structures from the literature and three 

independent vegetation datasets (Supplementary material Appendix 2). For each 

literature source we also provide information on other metacommunity structures 

found in data subsets, the reported primary driver of that structure, a description of the 

dataset, it location, and a source. Each record represents an individual study; there are 

35 records because there are 31 literature sources and 4 datasets analyzed in this 

paper. Some studies have multiple dominant metacommunity structures. 

 

  



 
 

123 

 

Tables: 

Table V - 1. 

Dominant 

structure 

Other sub-

structures 

Primary 

driver 

Dataset Location Source 

Nested and 

Clementsian 

Random, 

Gleasonian 

Warm, 

spatially 

concentrated 

lakes. 

Fish species 

composition in 9000 

lakes. 

Ontario, 

Canada 

Henriques-Silva et 

al. 2013 

Clementsian Random, 

quasi-

Clementsian 

Host 

environment. 

Parasite species of 

2547 desert rodents. 

Sevilleta 

LTER, USA 

Dallas and Presley 

2014 

Clementsian Gleasonian, 

quasi-nested, 

quasi-

Clementsian 

Vegetation 

along a 

humidity 

gradient. 

Bat communities at 

31 sites. 

Mexico López-González 

et al. 2012 

Clementsian  Farmland to 

woodland 

transition. 

Birds at 256 sites 

after 25 years. 

Valle´es et 

Coteaux de 

Gascogne 

LTER, 

France 

Bonthoux and 

Balent 2015 

Clementsian Random, 

quasi-

Clementsian 

Unidentified Heathland plants in 

150 patches, after 79 

years. 

Dorset, UK Diaz et al. 2013 

Clementsian Gleasonian, 

quasi-

Clementsian 

Biogeographic 

history 

Small mammals at 76 

sites. 

South 

American 

Atlantic 

Forest 

de la Sancha et al. 

2014 

Quasi-

Clementsian 

Clementsian, 

Random, 

Gleasonian 

Altitude Fish at 40 sites, over 

3 years. 

Lake 

Balaton 

catchment, 

Hungary. 

Erős et al. 2014 

Clementsian 

and Random 

Gleasonian Temperature 

and salinity 

Bacterial samples at 7 

sites, over 2 years. 

East China 

Sea 

Yeh et al. 2015 

Clementsian  pH Zooplankton from 

139 lakes. 

Northeastern 

USA 

Dallas and Drake 

2014 

Clementsian  Temperature Beetles from 79 

regions. 

Scandinavia Heino and 

Alahuhta 2014 

Gleasonian  Canopy and 

Habitat area  

Snails from 43 lakes, 

over 7 years. 

Michigan, 

USA 

Hoverman et al. 

2011 

Clementsian Random Elevation Grassland plant 

species at 88 sites, 

over 77 years. 

Dorset, UK Newton et al. 

2012 

Clementsian  Soil fertility 

and drainage 

Woodland species at 

86 patches, over 78 

years. 

Dorset, UK Keith et al. 2011 

Nested and 

Random 

Quasi-nested Unidentified Lizards at 27 sites. Mescalero-

Monahans 

shinnery 

sands, New 

Mexico and 

western 

Texas 

Leavitt and 

Fitzgerald 2013 

Clementsian  Temperature Grassland plant 

species at 2544 plots, 

over multiple spatial 

grains. 

French Alps Meynard et al. 

2013 

Nested and 

Clementsian 

Random, 

quasi-Nested, 

checkerboard 

Dispersal, 

interspecific 

interactions, 

and 

biogeographic

al history. 

Mites from 46 peat 

bogs. 

Holarctic Mumladze et al. 

2013 
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Clementsian Gleasonian, 

random 

Temperature 

and 

precipitation 

Bats from 26 

assemblages. 

Paraguay Presley et al. 2009 

Quasi-

Clementsian 

Clementsian Elevational 

specialization 

Gastropods from 15-

29 sites. 

Luquillo 

Experimenta

l Forest, 

Puerto Rico 

Presley et al. 2011 

Clementsian, 

nested, and 

quasi-

Clementsian 

 Elevation Rodents, Bats, and 

Passerines from 13 

elevational intervals. 

Manu 

Biosphere 

Reserve, 

Peruvian 

Andes 

Presley et al. 2012 

Clementsian Nested, 

random, 

Gleasonian 

Island area and 

elevation 

Bats from 65 islands. Bahamas, 

Greater 

Antilles, and 

Lesser 

Antilles 

Presley and Willig 

2010 

Nested  Biogeographic 

history 

Coral species from 

290 reef groups. 

Indo-Pacific Keith et al. 2013 

Quasi-

Gleasonian, 

Clementsian, 

and 

Gleasonian 

 Environmental 

variation 

Amphibians from 61 

patches, at two 

landscapes, over 2 

years. 

Chiapas, 

Mexico 

Ochoa-Ochoa and 

Whittaker 2014 

Nested and 

quasi-

Clementsian 

Quasi-nested, 

Clementsian 

Seasonal 

variation 

Fish from 21 flood 

plain patches. 

Pantanal, 

Brazil 

Fernandes et al. 

2013 

Gleasonian  Humus depth 

and pH 

Understory plants 

from 24 forest plots. 

Fennoscandi

a 

Dallas 2014 

Clementsian Quas-

Clementsian, 

random, 

Gleasonian 

Resident 

versus 

immigrant 

Odonates from 32 

wetlands 

North 

America 

Bried et al. 2015 

Clementsian  Environmental 

variation 

168 riverine benthic 

invertebrates 

assemblages 

Central 

Germany 

Tonkin et al. 

2015b 

Gleasonian Clementsian, 

Random, 

checkerboard, 

Quasi-nested 

Environmental 

variation and 

temporal 

dynamics 

Aquatic and riparian 

rganisms at 15 sites 

over 3 years 

Central 

Germany 

Tonkin et al. 

2015a 

Gleasonian  Wave-

exposure 

Rocky inter-tidal 

communities at 10 

sites 

Caribbean 

Basin 

Bloch and 

Klingbeil 2015 

Nested  Mass effect, 

landscape 

heterogeneity 

Lizards at 59 sites Mescalero 

Sands, USA 

Ryberg and 

Fitzgerald 2015 

Quasi-

Clementsian 

 Environmental 

variation 

Amphibians in 26 

waterbodies 

Southeastern 

Brazil 

Schiesari and 

Corrêa 2015 

Random Quasi-

Clementsian, 

quasi-nested 

Environmental 

variation or 

species 

interactions 

Benthic invertebrate 

at 285 sites 

Gulf of 

Finland 

Valanko et al. 

2015 

Quasi-

Clementsian 

  Savanna vegetation; 

279 plots. 

West Africa Analysis in this 

study 

Clementsian   Understory 

vegetation; 305 plots. 

Colorado, 

USA 

Analysis in this 

study 

Clementsian   Pine savanna 

vegetation; 282 plots. 

Florida, 

USA 

Analysis in this 

study 

Clementsian Quasi-

Clementsian 

and 

Gleasonian 

 Savanna vegetation; 

145 

Serengeti, 

Tanzania 

Analysis in this 

study 
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Figure legends: 

Figure V - 1. EMS: The EMS framework illustrated as a decision tree based on the 

results of the ‘Coherence,’ ‘Turnover,’ and ‘Clumping’ tests. Using null model tests, 

“coherence” tests whether species are arranged following a latent gradient, “turnover” 

tests assess the degree to which species ranges replace each-other along that gradient, 

and “clumping” determines if species range boundaries are aggregated (see Data 

analysis in main text). The results of the tests are used to diagnose the 

metacommunity structure of community data; for example, negative coherence 

implies a checkerboard pattern whereas the combination of positive coherence and 

negative turnover suggests communities that exist as nested subsets. Patterns: The 

six metacommunity structures are graphically represented at the tips of the decision 

tree with simulated, four species coenoclines. Details regarding the statistical 

properties of each community type can be found in (Leibold and Mikkelson 2002). 

Processes: There is an array of non-mutually exclusive, and potentially interacting 

processes that drive the diversity of metacommunity structures (i.e., there is not a one-

to-one relationship between pattern and process). Originally (Leibold and Mikkelson 

2002), the EMS analysis was cast such that the six idealized community structures 

were each loosely associated with key literature describing the processes from which 

they might result (e.g., “even patterns” with Tilman (1982) and “checkerboards” with 

Diamond (1975); see text for further details). In reality, many (likely synergistic) 

processes might be primary drivers of the same pattern in different metacommunities. 
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Figure V - 1. 
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Daniel M Griffith and T. Michael Anderson. Species distributions across 

metacommunities are spatially aggregated: a multi-taxa meta-analysis 

 

Appendix 1 

Detailed EMS analysis for Serengeti herbaceous communities. 

 

SERENGETI CASE STUDY 

We conducted a more detailed analysis of our own data, herbaceous plants in the 

Serengeti ecosystem of East Africa, using the EMS framework as a means to provide 

greater insight into the array of potential mechanisms that might generate community 

structure at one particular site (Anderson et al. 2011). Our specific aims were to (i) 

determine which EMS community structure best fits Serengeti herbaceous 

communities, (ii) test for scale-dependency (grain and extent), and (iii) identify 

factors most strongly associated with community structures. Our a priori expectation 

was that species would exhibit unique adaptations to conditions along these gradients, 

resulting in Gleasonian distributions regardless of spatial grain or extent. However, 

clear alternative hypotheses included (i) scale-dependence, where increased 

importance of species interactions at smaller spatial scales lead to Clementsian 

gradients (Meynard et al., 2013), and (ii) increased facilitation in ‘stressful’ habitats 

leading to Clementsian gradients in the arid Serengeti Plains (e.g., Bertness & 

Callaway, 1994; Maestre et al., 2009). Our analysis is explicitly pattern based (it uses 

EMS) and does not test for mechanisms like facilitation. 

Vegetation data consisted of 145 plots spanning the entire environmental gradient 

(Fig. A1) and surveyed in either 2012 (n = 12) or between 2000 and 2002 (Anderson 

et al., 2011). In the 2000-2002 data, sites were surveyed using modified-Whittaker 
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plots which are multi-grain sampling plots in which 1 m2, 10 m2 and 100 m2 subplots 

are nested within a 1000 m2 (20 x 50 m) whole plot (Anderson et al., 2011). In the 

2012 data, sites were surveyed within 1 m2 subplots laid out within a 3 x 5 grid with 

20 x 50 m dimensions (1000 m2). Primary environmental correlates included rainfall, 

fire frequency, and key soil variables including pH, texture, Cation Exchange 

Capacity (CEC; the extent that a soil hold cations), nitrogen, carbon, salinity, and bulk 

density. 

Metacommunity structure was determined at four spatial scales using a 

factorial combination of two grain sizes, 1000 and 1 m2, and two spatial extents, the 

entire Serengeti and reduced extents using the same methods as described for the 

three independent data sets. Subsequent to the EMS analysis for each spatial scale, we 

used canonical correspondence analysis (CCA) and species co- occurrence analysis to 

investigate abiotic and biotic correlates of community composition, respectively. The 

‘cca’ function in the ‘vegan’ R package was used to identify the environmental factors 

most associated with variation in species composition data at the 1000 m2 grain size. 

However, since we only had fine scale (i.e., 1 m2) soil data for the 180 subplots within 

the grid sites, we used a hierarchical CCA analysis that accounted for variation due to 

plot membership. In addition to the CCA, we also wanted to explore the potential for 

biotic interactions (e.g., competition, facilitation) on species occupancy. A common, 

pattern-based approach to explore the potential for biotic interactions with community 

data is pair-wise species co-occurrence analysis, which identifies species that occur 

together more or less than expected by chance. The typical interpretation of co-

occurrence methods is that positive co-occurrence of species suggests species 

interactions that cause associations (e.g., facilitation) and that negative co-occurrence 

suggests interactions that segregate species (e.g., competition; Araújo & Rozenfeld, 
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2014; Xu et al., 2015). We applied the “probabilistic model” of species co-occurrence 

as implemented in the ‘cooccur’ R package (Table A1)(Griffith et al., 2015) and 

described in Veech (2013). Due to the nestedness of our fine grain datasets, when we 

analyzed our 1 m2, we did so by sampling 999 random draws of one subplot per plot 

to estimate means for the primary parameters of the probabilistic model for each 

species pair (species’ incidence, observed co-occurrence, and expected occurrence). 

These values were then used to complete calculation of the probability that each 

species pair co-occurs more or less than expected by chance. 

Serengeti National Park Study System 

Serengeti National Park (SNP), Tanzania (Fig. A1), is part of a tropical savanna 

ecosystem bounded by -0.8 to -3.8 degrees latitude and 33.8 to 36.1 degrees 

longitude. Its climate is seasonal, with a wet seasons occurring in March-May and 

November-December (McNaughton, 1983). Rainfall is lowest (500 mm annually) and 

most seasonal in the Serengeti Plains, driven by a rain shadow from the Ngorongoro 

highlands, and highest (>1000 mm) in the north and west. Fire frequency increases 

with rainfall and fires generally occur as grasses dry at the end of the wet season 

(McNaughton, 1983). Grazing by ungulates is most intense in the southeast but a 

prominent feature across the entire system. SNP vegetation is classified in two main 

types (McNaughton, 1983): edaphic grasslands on fertile volcanic soils (i.e. the 

Serengeti plains) and Acacia-Commiphora bushland on granitic or gneissic soil, 

describing the savanna-woodland habitats abundant in the north and west of the 

system. Herbaceous plants, largely grasses and sedges, dominate the understory of 

both vegetation types with herbaceous and woody forbs, shrubs and tree seedlings a 

secondary component. 

Vegetation data 
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Plants were identified to the lowest taxon possible in the field (usually species), with 

verification in the Serengeti Wildlife Research Centre herbarium when necessary. 

Species names followed The Plant List (http://www.theplantlist.org/) and Tropicos 

(http://www.tropicos.org/). Within 1 m2 subplots the cover of each species was 

estimated with 1, 5, and 10% cardboard cutouts of the total area. To make the 2012 

and 2000-2002 data compatible at the 1000 m2 grain, species presence/absence data at 

this scale were obtained by summing the species present in the 1 m2 subplots, for each 

of the 145 plots. 

Environmental correlates 

Edaphic data at 1 m2 resolution were collected in the 12 grid plots: soils, collected to 

20 cm depth with an auger in all 1 m2 subplots, were dried at ~50 oC  for 72 hours, 

and analyzed by near infrared spectroscopy at African Soil Information Service 

(AFSIS) in Arusha, Tanzania. Electrical conductivity was measured with a FieldScout 

EC meter (Spectrum, Aurora, IL) in slurries (1 g soil to 5 mL diH2O). Soil data at the 

1000 m2 resolution were pH, texture, Cation Exchange Capacity (CEC), and bulk 

density, extracted from the “Soil property maps of Africa at 1 km” (Table A1) for all 

145 plots. Fire frequency data for each of the plots between the years of 2000 and 

2013 were derived from the MODIS Burned Area Product (Supplementary material 

Appendix 1 Table A1). Rainfall data are described in (Anderson et al., 2011).  

Sampling methods for EMS analysis at 1 m2 

For 1000 m2 grain size at all extents the EMS was carried out as described in the main 

text; however, when analyzing 1 m2 subplots we adopted a sampling approach to 

avoid pseudoreplication due to the hierarchical sampling design (i.e., ten 1 m2 

subplots nested within each 1000 m2 plot). We randomly drew one subplot from each 

1000 m2 plot, ran the EMS analysis and repeated this process 100 times to obtain a 

http://www.theplantlist.org/
http://www.tropicos.org/
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posterior distribution for the coherence, turnover, and clumping tests. Observed and 

expected distributions were compared with z-tests for coherence and turnover and a 

chi-squared test for the clumping test (Leibold & Mikkelson, 2002). In all analyses, 

rare species occurring in less than 2% of plots were removed (Presley & Willig, 2010; 

Henriques-Silva et al., 2013). 

Spatial extent manipulation 

We altered the spatial extent of our analysis in two ways. First, we spatially subset 

plots into three primary regions: Northern extension, Western corridor, and Serengeti 

Plains (McNaughton, 1983). Second, we applied a hierarchical clustering analysis to 

the 1000 m2 plot data in order to group sites with similar species composition, 

reducing the spatial extent and focus of our analysis (Presley et al., 2010). The 

hierarchical analysis was performed with the ‘hclust’ R function.  

Simulation analysis 

We conducted a simulation analysis to verify that our EMS results were related to 

patterns of species presence/absence in our community dataset, and not influenced by 

the dimensions, scale, or another aspect of the structure of our raw data. We used the 

commsimulator() function in the ‘vegan’ R package (with the "r1" null model method; 

Table A1) to produce 100 randomizations of our full 1000 m2 dataset on which we 

conducted the EMS analysis. 

Our independent validation of the EMS methods, where we analyzed 

randomizations of our community data, identified these matrices as random in 96% of 

analyses. Checkerboard patterns emerged in 4%. Therefore, the EMS accurately 

identifies random community datasets, suggesting that any results we obtained 

through our analysis were not an artefact of the EMS approach or the properties of our 

data matrix, but instead resulted from the distributions of species in our data.  
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RESULTS OF SERENGETI EMS ANALYSIS 

Serengeti vegetation was characterized by aggregated species distributions (EMS 

“Clementsian” spatial structure); this pattern was particularly strong at the full extent 

and the 1000 m2 spatial grain (Table A2). The Clementsian structure remained when 

the Northern, Western, and Southern subsets of our data were analyzed separately (all 

with coherence-p < 0.00001, turnover-p < 0.01 clumping-p < 0.05). Following 

(Presley et al., 2010), we conducted an additional analysis using the eight distinct 

groupings identified with the hierarchical clustering analysis (Fig. A1). Interestingly, 

analyzing these clusters revealed an interaction between grain size and the analysis 

extent: most clusters fit Gleasonian community structures at the 1000 m2 grain (except 

cluster 4, corresponding to the Serengeti Plains; Fig. A1) but returned to Clementsian 

when analyzed at 1 m2 (Table A2). 

The CCA demonstrated that the primary environmental gradient (axis 1) in our 

dataset was related to rainfall (CCA score = -0.91), rainfall seasonality (-0.82), fire (-

0.66), and CEC (0.63), whereas axis 2 was related to catena (hillslope) variation in 

sand (-0.57) and organic carbon (0.45) (Fig. A1). At the 1 m2 salinity (0.59) was most 

strongly related to axis 1 and nitrogen (0.53) to axis 2. In addition to these 

environmental correlates, our analysis of species co-occurrence identified patterns 

consistent with strong biotic interactions among species. Across all plots, 25.6% of 

species pairs (with sufficient sample size) showed non-random co-occurrence at the 

1000 m2 grain size. Positive species associations accounted for 53.1% and negative 

species associations for 46.9%. Additionally, results indicate significant pairwise 

interaction among species at all spatial scales (Fig. A2, A3), with positive interactions 

predominating among species within clusters at 1 m2. 
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DISCUSSION OF SERENGETI METACOMMUNITIES 

One hypothesis we considered was that Clementsian structures might become 

important in the arid region of the ecosystem (e.g., the Serengeti plains), consistent 

with the so called Stress Gradient Hypothesis (Bertness & Callaway, 1994; Maestre et 

al., 2009). However, our analysis of Serengeti herbaceous plant communities 

demonstrates that Clementsian patterns are predominant across a range of soil 

moisture conditions and not restricted to a particular habitat. There is an interesting 

caveat, however: when the plots were grouped as clusters, each was identified as 

Gleasonian at a grain of 1000 m2, except for the Serengeti Plains (cluster 4), which 

remained internally clumped regardless of spatial grain. The transition from 

Clementsian to Gleasonian community structure with spatial extent does not occur at 

the finer spatial grain (1 m2) where Clementsian structures are pervasive. Because the 

1000 m2 Clementsian patterns are lost when sites were reanalyzed within clusters, it is 

likely that species aggregations at this spatial scale result from species that have 

converged on similar environmental tolerances rather than on facilitative interactions 

among individual plants, which we expect would also lead to clumped range 

boundaries at reduced spatial extents. Interestingly, the Serengeti Plains, the most arid 

and herbivore-driven region, does exhibit internal boundary clustering, allowing us to 

speculate that possibility that the pattern could come from increased importance of 

facilitation toward the stressful end of environmental gradients (Maestre et al., 2009). 

In contrast to our 1000 m2 results, all 1 m2 subplots (across SNP and within clusters) 

had Clementsian structures, suggesting that these fine-grain patterns could have 

emerged from interactions among individual plants that are detected regardless of 

spatial extent (Meynard et al., 2013). However, the analysis of Serengeti vegetation 
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reveals that we ultimately cannot distinguish among the five potential mechanisms 

(Fig 1) that might produce these results.  

The environmental gradients uncovered by CCA at large grains, such as 

rainfall, rainfall seasonality, and fire, were consistent with the primary drivers of 

vegetation structure in savanna ecosystems globally (Lehmann et al., 2014). In our 

analysis, rainfall and fire separate four high-rainfall communities (clusters 1, 3, 5, and 

8) from three mid-rainfall communities (clusters 2, 6, and 7) and from the low-rainfall 

Serengeti short grass plains community (cluster 4). The secondary axis in our CCA 

analysis was primarily related to percent sand and soil organic carbon, which are 

related to catena positions to which plant species are particularly adapted (Anderson 

et al., 2011). The finding that more community types exist at higher rainfalls (Fig. 

A1C) and are less clustered in their spatial distributions (Fig. A1), corroborates beta-

diversity increasing with rainfall in Serengeti (Anderson et al., 2011). Finally, the 

shortgrass plains community is edaphically related, sitting atop a calcium-carbonate 

hardpan and associated with sodic, alkaline soils and likely herbivore-dependent 

vegetation phases (McNaughton, 1983)—fitting well with the importance of salinity 

in our 1 m2 CCA. However, in addition to these environmental correlates of species 

distributions we also found significant pairwise species co-occurrence patterns that 

both positive and negative associations among species. 

A primary distinction between mechanisms that can result in Clementsian 

patterns is that abiotically-based mechanisms (e.g., evolution of similar abiotic 

tolerances) should produce a strong signal of environmental filtering during 

community assembly, whereas facilitation-based mechanisms should not. Thus, if 

evolution of similar environmental tolerances is driving the pattern we expect 

phylogenetic under-dispersion, while if biotic interactions are driving the pattern we 
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expect either phylogenetic over-dispersion or no signal (Cavender-Bares et al., 2009). 

However, over-dispersed phylogenetic diversity would still be consistent with either 

evolution of similar environmental tolerances or dispersal limitation as mechanisms. 

As such, we conducted a supplemental analysis to test for environmental filtering in 

the species occupancy of each of our eight community clusters, using a phylogenetic 

community assembly approach. We did this by comparing the mean phylogenetic 

distance (MPD; Supplementary material Appendix 1 Table A1) of the grass species 

that occupy a cluster to a null distribution (N = 999) of MPD values generated by 

randomly drawing (without replacement) species from a phylogeny of 59 Serengeti 

Poaceae (Anderson et al., 2011) until the number of species in a cluster was met. The 

probability of drawing each species from the phylogeny was weighted by its 

abundance across the ecosystem (the sum of the percent cover represented by the 1 m2 

cover data). Because the true MPD values for each cluster always showed either 

random (5 clusters) or greater than expected (3 clusters) phylogenetic relatedness, we 

concluded that there was no evidence for environmental filtering of related species as 

a strong driver of membership in these clusters (Fig. A4). This result is consistent 

with the interpretation that these clusters of species are, instead, driven by 

mechanisms other than the abiotic environment. 
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Table V - A1. Specific references to data analysis methods. 

Analysis R Package Source 

All analyses were 

conducted with the R 

statistical language. 

NA R Development Core Team, 2012 

Ordination analyses. vegan Oksanen et al., 2013 

EMS analyses. metacom Dallas, 2014 

Co-occurrence analyses. cooccur Griffith et al. 2015 

Calculation of MPD 

values. 

picante Kembel et al., 2010 

Soil data for CCA. NA Nachtergaele & Batjes, 2012 

Fire data for CCA. NA Roy et al., 2008 
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Table V - A2. Detailed results of the EMS analysis for Serengeti herbaceous 

communities. Results are presented at four spatial scales (two extents, two grain sizes) 

and are organized according to the ‘Coherence,’ ‘Turnover,’ and ‘Clumping’ tests. 

These results are categorized into their appropriate metacommunity types.  
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Figure V - A1. Hierarchical clustering analysis (A&B) and canonical correspondence 

analyses (CCA) conducted with the herbaceous metacommunity in the Serengeti 

ecosystem. The terminal nodes of the dendrogram in (A) are plots, organized into 

eight clusters. These clusters are color-coded so that these clusters can be identified in 

physical space (B) and in the environmental ordination space (C) of the CCA. The 12 

grid plots, where soil data were collected in all 1 m2 subplots, are displayed as squares 

rather than circles like the remaining 133 plots. The inset of panel B shows the 

location of Serengeti within the context of Africa. 
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Figure V - A2. Species co-occurrence analysis conducted with Serengeti herbaceous 

plant communities at two different spatial grains and two different extents—following 

Veech 2013. The full extent analyses (panels A and B) were conducted across the 

entire Serengeti ecosystem. The two reduced extent analyses (panels C and D) are the 

analyses from ‘Cluster 1’ from the hierarchical clustering analysis. The remaining 

seven clusters have qualitatively similar results, although interactions are often among 

different species, and therefore for simplicity the full cluster level analysis is 

presented in Fig. A3. The diagonal is labeled with six letter codes for each species 

participating in significant (p < 0.05) co-occurrence patterns with other species. The 

light gray regions to the right of each subplot represent the analyzed that did not 

significantly co-occur with any species the number of such species is indicated above 

this region). 



 
 

141 

 

 

Figure V - A3. Continued on next page.  
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Figure V - A3. Full species co-occurrence analysis conducted with Serengeti 

herbaceous plant communities at two different spatial grains within eight different 

community clusters. The diagonals are labeled with six letter codes for each species 

participating in significant (p < 0.05) co-occurrence patterns with other species. 
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Figure V - A4. Results of the MPD randomization tests for each cluster in our 

Serengeti community data. Clusters are order from left to right by increasing mean 

annual precipitation. Gray points indicate the mean of the 999 random MPD values 

and the error bars represent 95% confidence intervals around that mean. The colored 

points represent the true MPD values for each cluster, and the colors map to those 

used in Fig. A1. 

 

 

 

 

 

 

  



 
 

144 

 

Literature Cited 

 

Anderson, T.M., Shaw, J. & Olff, H. (2011) Ecology’s cruel dilemma, phylogenetic 

trait evolution and the assembly of Serengeti plant communities. Journal of 

Ecology, 99, 797–806. 

Araújo, M.B. & Rozenfeld, A. (2014) The geographic scaling of biotic interactions. 

Ecography, 37, 1–10. 

Bertness, M.D. & Callaway, R. (1994) Positive interactions in communities. Trends in 

Ecology & Evolution, 9, 191–193. 

Cavender-Bares, J., Kozak, K.H., Fine, P.V.A. & Kembel, S.W. (2009) The merging 

of community ecology and phylogenetic biology. Ecology Letters, 12, 693–

715. 

Dallas, T. (2014) metacom: an R package for the analysis of metacommunity 

structure. Ecography, 37, 402–405. 

Griffith, D., Veech, J.A. & Marsh, C. (2015) cooccur: Probabilistic Species Co-

occurrence Analysis in R. Journal of Statistical Software, in press (accepted). 

Henriques-Silva, R., Lindo, Z. & Peres-Neto, P.R. (2013) A community of 

metacommunities: exploring patterns in species distributions across large 

geographical areas. Ecology, 94, 627–639. 

Kembel, S.W., Cowan, P.D., Helmus, M.R., Cornwell, W.K., Morlon, H., Ackerly, 

D.D., Blomberg, S.P. & Webb, C.O. (2010) Picante: R tools for integrating 

phylogenies and ecology. Bioinformatics, 26, 1463–1464. 

Lehmann, C.E.R., Anderson, T.M., Sankaran, M., Higgins, S.I., Archibald, S., 

Hoffmann, W.A., Hanan, N.P., Williams, R.J., Fensham, R.J., Felfili, J., 

Hutley, L.B., Ratnam, J., San Jose, J., Montes, R., Franklin, D., Russell-Smith, 

J., Ryan, C.M., Durigan, G., Hiernaux, P., Haidar, R., Bowman, D.M.J.S. & 



 
 

145 

 

Bond, W.J. (2014) Savanna Vegetation-Fire-Climate Relationships Differ 

Among Continents. Science, 343, 548–552. 

Leibold, M.A. & Mikkelson, G.M. (2002) Coherence, species turnover, and boundary 

clumping: elements of meta-community structure. Oikos, 97, 237–250. 

Maestre, F.T., Callaway, R.M., Valladares, F. & Lortie, C.J. (2009) Refining the 

stress-gradient hypothesis for competition and facilitation in plant 

communities. Journal of Ecology, 97, 199–205. 

McNaughton, S.J. (1983) Serengeti Grassland Ecology : The Role of Composite 

Environmental Factors and Contingency in Community Organization. 

Ecological Monographs, 53, 291–320. 

Meynard, C.N., Lavergne, S., Boulangeat, I., Garraud, L., Van Es, J., Mouquet, N. & 

Thuiller, W. (2013) Disentangling the drivers of metacommunity structure 

across spatial scales. Journal of Biogeography, 40, 1560–1571. 

Nachtergaele, F. & Batjes, N. (2012) Harmonized world soil database, FAO. 

Oksanen, J., Blanchet, F.G., Kindt, R., Legendre, P., Minchin, P.R., O’Hara, R.B., 

Simpson, G.L., Solymos, P., Stevens, M.H.H. & Wagner, H. (2013) vegan: 

Community Ecology Package,. 

Presley, S.J., Higgins, C.L. & Willig, M.R. (2010) A comprehensive framework for 

the evaluation of metacommunity structure. Oikos, 119, 908–917. 

Presley, S.J. & Willig, M.R. (2010) Bat metacommunity structure on Caribbean 

islands and the role of endemics: Caribbean bat metacommunity structure. 

Global Ecology and Biogeography, 19, 185–199. 

R Development Core Team (2012) R: A Language and Environment for Statistical 

Computing, R Development Core Team. 



 
 

146 

 

Roy, D.P., Boschetti, L., Justice, C.O. & Ju, J. (2008) The collection 5 MODIS 

burned area product–Global evaluation by comparison with the MODIS active 

fire product. Remote sensing of environment, 112, 3690–3707. 

Veech, J.A. (2013) A probabilistic model for analysing species co-occurrence: 

Probabilistic model. Global Ecology and Biogeography, 22, 252–260. 

Xu, C., Holmgren, M., Van Nes, E.H., Maestre, F.T., Soliveres, S., Berdugo, M., 

Kéfi, S., Marquet, P.A., Abades, S. & Scheffer, M. (2015) Can we infer plant 

facilitation from remote sensing? a test across global drylands. Ecological 

Applications, 25, 1456–1462. 

 

 

 

 

 

 

 

 

 



 
 

147 

 

Daniel M Griffith and T. Michael Anderson. Species distributions across 

metacommunities are spatially aggregated: a multi-taxa meta-analysis 

 

Appendix 2 

Detailed results of the EMS analysis for three independent vegetation datasets. 

 

Table V - A3. Detailed results of the EMS analysis for three independent vegetation 

datasets. 
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CHAPTER VI 

 

BIOGEOGRAPHICALLY DISTINCT CONTROLS ON C3 AND C4 GRASS 

DISTRIBUTIONS: MERGING COMMUNITY ECOLOGY WITH 

PHYSIOLOGICAL ECOLOGY 
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ABSTRACT 

Aim C4 photosynthesis is an adaptation that maintains efficient carbon assimilation in 

warm and low-CO2 conditions. Due to the importance of C4 grasses for carbon and 

surface energy fluxes numerous models have been proposed to describe their spatial 

distribution and forecast responses to climate change. These models often rely on 

broad climate predictors (e.g., temperature and precipitation) but fail to integrate other 

ecologically relevant factors, such as disturbance and competition, which may modify 

realized C3/C4 grass distributions. We evaluate the contribution of ecological factors, 

in addition to climate predictors, to C3/C4 grass distributions across multiple 

biogeographic regions of North America in a multi-source database of >40,000 

vegetation plots. 

Location Conterminous United States of America (USA). 

Methods We identified a comprehensive pool of physiological-climatic models in the 

literature and used information theoretic criteria to select a primary physiological 

predictor of C3 and C4 grasses. Subsequently, the climate model was combined with 

ecological predictors using a multiple regression framework and tested within eight 

regions within the USA. 

Results Surprisingly, grass-dominated communities across the USA exist largely in a 

C3 or C4 dominated state. Transitions between C3/C4 dominance were best explained 

by models that integrated temperature and precipitation with ecological factors that 

varied according to region. For some regions, such as Eastern Temperate Forests, 

local, ecological factors were comparable in strength to broad climate predictors of 

C3/C4 abundance.  

Main conclusion Local, ecological factors modify C3/C4 grass responses to broad-

scale climatic drivers in ways that manifest at regional scales. In Eastern Temperate 
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Forests, for example, C4 grass abundances are maintained below climatic expectations 

where tree cover creates light limitation, but above expectations where frequent fires 

reduce tree cover. Thus, local ecological factors contribute to major among-region 

differences in the climate responses of C3/C4 grasses. 

 

Short running title (45): Climate disequilibrium in C4 grass distributions  

Keywords: Biogeography, C3, C4, crossover temperature, tree cover, invasive, fire 
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Main Text: 

INTRODUCTION 

As humans continue to modify ecosystems and alter the Earth’s climate, predicting 

future species’ distributions and shifting range limits has become a paramount goal in 

ecology. Many contemporary methods for modeling species distributions (e.g., 

climate envelope, process-based) are largely based on the assumption that species’ 

physiological tolerances to environmental variation (e.g. temperature, precipitation, 

etc.) determine species occupancy across the landscape (Merow et al., 2013). 

However, an alternative perspective argues that local ecological processes (e.g. 

disturbance, predation, facilitation, storage effects) interact with species’ 

ecophysiological and life history traits to determine species distributions (e.g., 

Callaway, 1995; Weiher & Keddy, 1995; Araújo & Pearson, 2005; Maestre et al., 

2009). Approaches that merge species distribution modeling based on physiological 

tolerances to variation in climate with community ecological theory (e.g., Guisan & 

Rahbek, 2011; Scheiter et al., 2013) show tremendous promise in predicting species 

distributions, as well as assessing the contributions of relevant abiotic and biotic 

drivers (Araújo et al., 2013). However, integrative methods are not commonly applied 

in contemporary modeling approaches, especially at large scales (Araújo & 

Rozenfeld, 2014).  

 

The Poaceae (grasses) are a cosmopolitan family of flowering plants that dominate the 

herbaceous layer of several major biomes which together cover as much as half the 

Earth’s land surface (grasslands, savannas and managed rangelands - Asner et al., 

2004). A central factor determining the primary production of grass-dominated 

ecosystems is the proportion of species that fix carbon using the C4 photosynthetic 
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pathway. This is because C4 species have evolved an efficient mechanism for 

reducing the negative effects of photorespiration in warm climates compared to C3 

species (Ehleringer et al., 1997), creating differences in carbon capture, water use, 

phenology, and quantum yield (Still et al., 2003a,b; Randerson et al., 2005; Taylor et 

al., 2010, 2014). In contrast, C3 grasses have a competitive advantage in cool 

environments where photorespiration is reduced (Sage, 2004). As such, C3 and C4 

grasses are often observed to segregate along temperature gradients; historically, 

broad-scale climate predictors such as temperature and precipitation have been seen 

as the predominant determinants of C3/C4 grass distribution. While, local, and often 

stochastic, factors like fire, herbivory, and competition (in addition to temperature) 

are known to modify the C3:C4 grass ratio (e.g., Heckathorn et al., 1999), these 

various drivers have not been incorporated into a single framework for predicting 

C3/C4 grass distributions. Thus, the history of climate-based research combined with 

community ecological research on C3 and C4 grasses provides an ideal system for 

testing models that merge physiological and ecological processes in order to predict 

the abundance and distribution of these functional types.  

 

Several studies have investigated the distribution of C3 and C4 grasses along 

temperature gradients across a range of spatial scales. Teeri & Stowe (1976) first 

showed that the percentage of C4 grass species in regional floras was closely tied to 

the minimum July temperature and the length of the frost-free period, suggesting that 

cold growing season temperatures limit C4 grasses (while warm temperatures favor 

them). Numerous other studies have confirmed a role for temperature in C4 grass 

distributions (reviewed in Ehleringer et al., 1997; Sage et al., 1999). However, 

additional factors such as soil texture (Epstein et al., 1997) and growing season 
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precipitation (Paruelo & Lauenroth, 1996; Winslow et al., 2003; Murphy & Bowman, 

2007; von Fischer et al., 2008) often add considerably to explained variance and to 

predicting the spatial distribution of C3 or C4 grasses.  

 

The prevailing physiological hypothesis for explaining temperature-driven patterns of 

grass functional-type distributions is that C3 and C4 species differ in the temperature 

sensitivity of their quantum yield (the amount of carbon fixed per unit of light 

absorbed; Ehleringer et al., 1997). At higher temperatures C3 quantum yield is 

reduced by photorespiration while at lower temperatures the additional energetic 

requirements of the C4 carbon concentrating mechanism generally result in lower 

quantum yield for C4 grasses (Ehleringer, 1978). This model implies the existence of a 

‘crossover temperature’ at which the photosynthetic gains of C3 and C4 grasses are 

equal; above this temperature, C4 grasses have higher photosynthetic and growth 

rates, whereas the opposite holds below this crossover temperature. For global-scale 

distribution and carbon models, crossover temperatures have been combined with 

assumptions about the minimum quantity of precipitation necessary for grass growth 

to predict the climates in which C4 or C3 grasses should dominate. The resulting 

prediction is that in months with mean air temperature ≥ 22 °C and rainfall >25 mm 

C4 should out-compete C3 grasses (Collatz et al., 1998; Still et al., 2003a). However, 

studies which take a phylogenetic approach have found that air temperature does not 

always explain the distributions of closely related C4 and C3 species, implying that 

thermal adaptations in grasses may be indirectly associated with photosynthetic 

functional type (Edwards & Still, 2008; Pau et al., 2013; Still et al., 2013).  
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Where C4 and C3 grasses coexist, C3 grasses may gain a competitive advantage if they 

can acquire resources (e.g. space, nutrients) early in the growing season before C4 

plants become most active (Ode et al., 1980; Barnes et al., 1983; Tieszen et al., 1997). 

Conversely, locations with cool spring/fall seasons that should favor C3 grasses may 

be completely dominated by C4 grasses which preempted resources during the warm 

summer season (Tieszen et al., 1997). These seasonal competitive effects have the 

potential to promote dominance of grasses that are not climatically favored at a given 

location and time. Similarly, in forested areas, shading from trees also has potential to 

favor C3 grasses over C4 because they generally have a carbon gain advantage under 

low light conditions (Sage et al., 1999; Peterson et al., 2007).  

 

Several other traits related to photosynthetic pathway alter the competitive 

interactions between C3 and C4 grasses, such as how species respond to disturbances 

such as herbivory and fire (Monson et al., 1983; Heckathorn et al., 1999). Compared 

to C3 grasses, C4 species are often better equipped for rapid regrowth in the high-light 

conditions following defoliation (Heckathorn et al., 1999). Furthermore, C4 grasses in 

savannas are believed to express traits that promote understory fires, such as leaf 

flammability, which then maintain high light environments by reducing tree cover in 

savannas (Ratnam et al., 2011; Veldman et al., 2013). From the perspective of 

community ecologists, the mechanisms promoting coexistence or dominance of C3 

and C4 species at individual sites are best explained by temporal or spatial resource 

partitioning by species with different resource requirements (Monson et al., 1983; 

Tilman & Pacala, 1993; Fargione & Tilman, 2005). Finally, species and lineages are 

likely to have distinct and independent responses to temperature, precipitation, and 
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other environmental factors (regardless of functional type) that we expect to 

contribute to the variation in grass distributions (Edwards & Still, 2008). 

 

While the broad-scale distribution of C3 and C4 grasses has been studied extensively 

in North America, previous studies have been limited because they (i) relied upon 

indirect proxies of relative abundance (e.g., floral survey lists, soil organic carbon 

stable isotopes and land cover classifications), (ii) have been limited in spatial extent, 

and (iii) focused largely on climatic and physiological explanations (Teeri & Stowe, 

1976; Paruelo & Lauenroth, 1996; Epstein et al., 1997; Tieszen et al., 1997; Sage et 

al., 1999). Using plot level abundance data, we set out to explore the degree to which 

direct measurements of vegetation abundance support hypothesized models of C3/C4 

distributions, including those used to estimate global carbon budgets. Specifically, we 

intend to identify if ecological mechanisms not directly related to the efficiency of 

photosynthesis produce disequilibrium with climate that is discernible in species 

distribution models at broad scales. Finally, we ask whether integrating a selection of 

ecological predictors can increase the explanatory power of the climate model and 

provide support for specific local mechanisms.  

METHODS 

Vegetation plot data 

Vegetation plots with cover abundance measurements were sourced from databases, 

literature sources, and unpublished sources (Appendix S1 in Supporting Information). 

Plot data met the following criteria: (1) sample areas were between 100 and 1000 m2, 

(2) accurate spatial data were provided, (3) plant abundance in the herbaceous layer 

was collected by species, and (4) plots contained species from the Poaceae (mean 

grass abundance was 65 %). Criterion (4) was included because our primary goal was 
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to understand the controls over the ratio of C3:C4 grasses, not those factors that 

determine the abundance of grass relative to other plant taxa (herbaceous forbs, 

shrubs, etc.). Consequently, our response variable, proportion of C4 grass, was 

calculated for each plot as the sum of C4 grass abundance divided by the total grass 

abundance. Abundance was measured as aerial estimates of percent cover, but where 

cover classification systems (e.g. Carolina Vegetation Survey cover classes) were 

used, we converted cover ranges to the midpoint percent cover. Photosynthetic 

functional types were assigned to species using (Osborne et al., 2014). 

 

Explanatory variables 

We reconstructed several previously published statistical models of C3/C4 grass 

distributions using climate 30 year (1971-2000) climate normals for the USA, sourced 

from the PRISM Climate Group (http://www.prism.oregonstate.edu/; details in 

Appendix S1). These are: (1) Teeri & Stowe's (1976) July minimum temperature and 

consecutive frost-free months predictors, (2) Paruelo & Lauenroth's (1996) growing 

season precipitation model, the (3) Epstein et al. (1997) soil texture and climate 

model,  the (4) July temperature and rainfall model of von Fischer et al. (2008), and 

(5) the Collatz et al. (1998) crossover temperature model. The construction of the 

crossover model is describe below as it is the predominant model in the literature and 

requires some additional explanation. 

 

The model representing the C3/C4 crossover temperature was created by applying a set 

of climatic criteria (temperature and rainfall thresholds) to all grid cells in the monthly 

climate dataset, following the work of Collatz et al. (1998) and Still et al. (2003a). 

Because multiple crossover temperature values have been reported in the literature, 

http://www.prism.oregonstate.edu/
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we created separate models spanning the entire range of empirical temperature 

thresholds (5-31 °C) separately for minimum, mean, and maximum monthly 

temperatures (Ehleringer et al., 1997). Within each grid cell, each month with 

sufficient simultaneous rainfall (25 mm) and temperatures above the crossover 

threshold were classified as favoring the growth of C4 grasses over C3 grasses (Still et 

al., 2003a; Pau et al., 2013; summarized in Fig. S2). We then summed the number of 

months in each grid cell that favored C4 growth to produce a metric, hereafter referred 

to as the number of “months favoring C4 grasses” or the “crossover temperature 

model”, to be used as a predictor of the expected C4 grass proportion. This model, 

often called the Collatz model in the literature, always refers to both the temperature 

and rainfall criteria together. The best minimum, mean, and maximum monthly 

temperatures for use in the crossover temperature model was selected by comparing 

their variance explanations when each was regressed against the proportion C4 grasses 

in the plot as a response variable. 

 

In addition to minimum and maximum temperatures, mean annual temperature 

(MAT), mean annual precipitation (MAP), the crossover temperature model, frost-

free months, and seasonal rainfall, we also extracted non-climatic predictors such as 

tree cover, soils (cation exchange capacity, organic carbon, pH, and texture), fire 

frequency, and proportion invasive grasses (Appendix S1). We included invasive 

grasses as a predictor because of the observation that exotic species may possess 

different relationships with disturbance regimes or otherwise interact with native 

species in a way that increases their representation in the community (D’Antonio & 

Vitousek, 1992; Smith & Knapp, 1999). 
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Data analysis 

Data analyses were aimed at (1) determining the best possible model that predicts 

C3/C4 grass abundance based of physiological limits to temperate and precipitation 

(i.e. climate variables) and (2) to what extent the predictions of the climate model 

were modified by local ecological factors (e.g., fire, competition, see introduction) at 

regional scales. In the first step, an appropriate analytical model of grass physiology 

was chosen using formal model selection procedures based on the Akaike Information 

Criterion (AIC; Appendix S1) to compare the support among previously published 

C3/C4 distribution models (e.g., Teeri & Stowe, 1976; Paruelo & Lauenroth, 1996; 

Epstein et al., 1997; Still et al., 2003a; von Fischer et al., 2008) across the entire 

dataset. Then, we inspected the fit of the physiological-climatic C3/C4 distribution 

model to the observed vegetation data from across the USA. To control for 

phylogenetic, biogeographic, and historical differences (e.g., history of competition, 

disturbance) between regions of North America, we partitioned our data into 

geographical subsets based on the regions described by Omernik (see Appendix S2).  

 

In the second step, we developed a series of “verbal” models to represent various 

potential interactions between climate and ecological drivers (Fig. 1) as a framework 

for exploring the ways that local ecological factors might cause C3/C4 grass 

distributions to be in disequilibrium with climate. Our intention is not to provide an 

exhaustive set of models or directly infer specific ecological processes from these 

patterns; rather the goal of this exploratory analysis is to provide a rational for 

statistically testing for the effects of various ecological predictors in the next step of 

analysis. Fig. 1A shows our expectation if C3/C4 grasses are in climate equilibrium—

C4 species exist when and where they are favored and are absent when conditions are 
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never physiologically suitable (Araújo & Pearson, 2005). The remaining “verbal” 

models (Fig. 1B-F) illustrate patterns that can be expected when other mechanisms 

(interspecific competition, disturbance feedbacks, and species interactions) play 

important roles in addition to the purely physiological model. For example, if C3 

grasses are able to persist in a grassland, perhaps because they can capture and store 

resources during the cool season, then C4 species may never attain the level of 

dominance predicted by the local climate until C3 grasses are incapable of growing 

(Fig. 1B). On the other hand, disturbance favoring C4 grass species (e.g., fire) might 

maintain dominance of C4 grasses at sites where the climate favors C3 grasses (Fig. 

1C). Competition and disturbance are just two straight-forward examples that would 

produce disequilibrium with climate. Furthermore, multiple factors might operate in 

conjunction—for instance, cool season competition from C3 grasses could prevent 

establishment of C4 species in low temperatures environments, but in warmer 

conditions C4 grasses might be promoted by fire (Fig. 1D). Another possibility is that 

C4 species do not grow in areas where temperatures favor them for only short periods 

(e.g., one month) because there is not sufficient time to establish a population (Fig 

1E). Finally, in warm environments where C4 grasses are expected to dominate 

exclusively, C3 species may continue to persist if they store resources gained during 

temporarily beneficial environmental conditions, such as following a frost event that 

kills competing C4 grasses (Fig. 1F; "storage effect"; Chesson, 2000).  

 

Treating each ecoregion separately, we compared the physiological model 

expectations (e.g., Fig. 1A) to the observed plot-based C4 grass proportions with the 

goal of identifying patterns of deviation indicative disequilibrium processes (e.g., Fig 

1B-F, described above). For each ecoregion containing vegetation data, we 
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statistically tested whether the observed versus expected relationship reflected 

climatic equilibrium (i.e., a linear fit) or disequilibrium (i.e., nonlinear, requiring a 

second or third degree polynomial term in a regression model). Linearity is a good 

representation of climate equilibrium because it indicates that as climate changes 

there are corresponding changes in C4 grass abundances. In addition to assessing 

linearity, we tested the hypothesis that plots existed largely in either low or high C4 

states by applying Hartigan’s dip test to test for and quantify the degree of 

multimodality in each ecoregion (Maechler 2013).  

 

Finally, in ecoregions in which grass distributions were likely to be in disequilibrium 

with climate, we assessed the degree of statistical support for a selection of other 

potential mechanisms that could produce the observed patterns. We did this by fitting 

models which test for partial effects of additional predictors on the proportion of C4 

grasses after the climate-related predictor variable was accounted for. These 

additional predictors were: (1) fire, (2) tree cover, (3) proportion of grasses that are 

invasive, and (4) soil characteristics (Appendix S1). While temperature and rainfall 

are already included in the Collatz crossover model, min and max temperature and 

rainfall were included in our regressions because we considered that additional 

temperature thresholds (tolerance to extremes) and interactions with rainfall might 

operate in addition to the crossover model and be important in particular regions (Still 

et al., 2013). Due to the spatial autocorrelation and bounded nature of our 

proportional plot data we fit models using boosted beta regression (Appendix S1). 

This approach is appropriate for modeling spatial data with beta distributed responses 

(i.e. bounded zero to one) when accounting for partial effects and modeling how 

variance responds to predictors. For example, our regressions modeled variance 
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through phi (ϕ), which is a parameter of beta distributions that describes the degree to 

which a variable (in this case, proportion of C4 grass) is either hump-shaped (large ϕ) 

or U-shaped (small ϕ)—this shape can change in response to predictor variables. In 

this case a positive effect of a predictor on ϕ would indicate that variance decreases 

around the mean response; conversely, variance increases as ϕ decreases.  

 

There are several aspects of our analytical approach that deserve a caveat. First, the 

sampling dates for our plot data were skewed towards summer months and to reduce 

bias we restricted our analysis to summer month to represent the height of the 

growing season; this means we may have missed patterns that might only be evident 

when all seasons are fully sampled. Second, in this study we have lumped species into 

functional type even though these species will have individualistic responses to the 

environment that could explain additional variation or be confounded with our other 

predictors. Lastly, our modeling approach mostly considers main effects of 

temperature and ecological predictors even though temperature likely interacts with 

biotic factors to produce ecological outcomes (Dillon et al., 2009).  

 

RESULTS 

The number of months that favor C4 grasses (i.e. the Collatz crossover model) based 

on a monthly maximum of 27 °C and a minimum 25 mm rainfall emerged as the best 

physiological predictor of the observed C4 grass proportion (R2 = 0.40; Fig. 2); the 

max 27 °C Collatz model had the lowest AIC (and highest R2) of all single predictor 

models from the literature (Table S3) and had a strong positive effect in all ecoregions 

(Tables 1 and S3). The quality and spatial coverage of the plot data allowed us, for the 

first time, to empirically derive the best crossover temperature for the Collatz model 
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(Fig. 2) and to compare it to other models with a modern statistical approach. The 

next best models were 9 °C and 18 °C for the minimum and mean temperature Collatz 

crossover models, respectively.  Consequently, in downstream analyses the crossover 

temperature model was used to represent the best physiological-climate predictor of 

the proportion of C4 grasses. 

 

When the proportion of C4 grasses in a plot was regressed upon the number of months 

favoring C4 growth, all of the ecoregions, with the exception of the Mediterranean, 

showed a non-linear relationship best fit by either a second or third degree polynomial 

(Table S3). To better visualize the middle range and upper boundary of these 

responses we used quantile regression to model the median and upper 95th quantile of 

C4 proportion; because the relationships were non-linear we fit these models with 

additive components (Fig 3). The modeled upper limit of C4 grasses was consistently 

above 50% C4 in all regions except for the Mediterranean regions. In the Great Plains, 

Temperate Sierras, and Southern Semiarid Highlands, the median C4 response is 

higher than expected when just one month favors C4 grasses. The Eastern Temperate 

Forests and North American Deserts have sigmoidal relationships between predicted 

and actual C4 proportion, and their median curves (and the Northern Forest and 

Northwestern Forested Mountain curves) remain below the physiology-climate 

predictions even when several months favor C4 (Fig. 3). One particularly compelling 

results was that the distribution of C4 grass proportions in all regions (except 

Mediterranean) could not be explained by a unimodal distribution (for all regions: 

D=0.01-0.13 and p < 0.001 from Hartigan’s dip test) —i.e., they were at least bimodal 

with peaks near 0 and 1 (Fig. 3). The Mediterranean showed a linear pattern and was 
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unimodal which might reflect C3 competitive dominance or simply that C4 is only 

favored for up to two months. 

 

These results establish that seven of eight ecoregions showed nonlinear relationships 

between observed and expected C4 proportion. Because we found significant 

deviations from our predictions, we used boosted beta regression in order to 

determine if fire, tree cover, invasiveness, soils, min and max temperature, or rainfall 

could explain additional variation in C4 grass proportion after accounting for 

physiological-climate effects based on the crossover temperature model (with 27 °C 

temperature and 25 mm rainfall criteria). The explanatory power of all models was 

increased by the addition of these variables (Table 1; Appendix S1), compared to 

models with only the number of months favoring C4 grasses as the predictor. R2 values 

increased from 0.18 to 0.30 in Eastern Temperate Forests, 0.19 to 0.41 in Great 

Plains, 0.33 to 0.51 in North American Deserts, 0.23 to 0.42 in Temperate Sierras, and 

from 0.49 to 0.53 in Southern Semiarid Highlands.  

 

In Eastern Temperate Forests, there was a strong negative effect of tree cover on C4 

grass proportions, whereas invasive grass proportion, soil organic carbon, and 

minimum temperature each had positive effects (Table 1). Fire did not have a main 

effect but decreased the variance associated with C4 (ϕ coefficient = 0.06; see 

Methods) meaning that where fire is common it is rare to find C3 grass species. In the 

Great Plains, the crossover temperature model was the only significant predictor of 

the mean response, but, tree cover (ϕ coefficient = -0.009) and increasing minimum 

temperatures (ϕ coefficient = -0.005) tended to increase variance there. In contrast, 

increasing maximum temperatures were positively associated with C4 grasses in the 
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Deserts, and both minimum and maximum temperatures were important in the 

Temperate Sierras. MAP was associated with decreasing C4 grass presence in both 

Temperate Sierras and the Semiarid Highlands. Unexplained spatial patterns were 

present in the Great Plains, Temperate Sierras, and North American Deserts datasets 

as demonstrated by the significant fit of geographic coordinates to the data in our 

boosted beta regressions (Table 1; Appendix S1). Finally, in three regions where 

invasiveness was important, an associated decreased in variance of proportion of C4 

grass was observed. 

 

DISCUSSION 

 

To our knowledge this is the first time that the C4 grass fraction from plot abundance 

measurements of specific taxa (rather than floral lists, aggregated presence/absence, 

or herbarium collections data) has been compared quantitatively at a broad scale to 

the state-of-the-art models of C4 distribution (Teeri & Stowe, 1976; Sage et al., 1999; 

Murphy & Bowman, 2007; Still et al., 2013).  In doing so, we revealed that there are 

major, biogeographically distinct deviations from climate equilibrium that exist in the 

broad scale spatial distributions of two highly studied grass functional types. 

 

Based on previous work (Still et al., 2003a), we expected to find that the 

physiological model using a mean 22 °C crossover temperature criteria (and 25 mm 

rainfall screen) for counting the number of months favoring C4 grasses would best 

account for the variation in the data. Instead, we found that a maximum temperature 

of 27 °C was a better predictor of C4 grass abundance than all other models (Fig. 1 

and Table S3). One possible explanation for this result is that mean temperatures 
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integrate daytime and nighttime temperatures, while maximum temperature better 

represents the daytime growing conditions (especially mid-morning when stomata are 

most open) of grasses and should reflect the C4 advantage in reducing 

photorespiratory costs relative to C3 grasses. Our result is consistent with empirical 

data suggesting that, when temperature is represented by daytime measurements, it 

results in high crossover temperatures (Ehleringer et al., 1997; Sage et al., 1999). 

Although it is not surprising that temperature was a good predictor of C4 grass 

distribution, the more significant and novel finding is that the temperature model is 

not adequate to explain these distributions on its own. Whereas the number of months 

favoring C4 grasses explained the highest percentage of the variance in C4 grass 

abundance across the entire dataset (40 %), the residual variation not explained by 

temperature is considerable and the region-specific analyses show that ecological 

variables, such as fire and tree cover, play an important role in determining C3/C4 

grass distributions.  

 

Seven of our eight regions were characterized by non-linear relationships between the 

observed and predicted results from the temperature/precipitation model, indicating 

that there are factors other than climate that are determining grass functional type 

distributions at large scales (Fig. 3). Moreover, deviations from climate equilibrium 

were unique to different regions which suggests the presence of region-specific 

processes or mechanisms that modify grass climate responses in areas with different 

biogeographic histories. These non-linear patterns suggest different types of factors 

that might modify climate-determined grass distributions (introduced in Fig. 1), such 

as seasonal competition favoring either C3 or C4, disturbance factors like fire or 

herbivory favoring either C3 or C4, minimum growing season thresholds, or 
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coexistence mechanisms such as storage effects (Brown & Maurer, 1989; Chesson, 

2000; Araújo & Pearson, 2005; Araújo et al., 2013). In two regions, Eastern 

Temperate Forests and North American Deserts, the median quantile regression 

results exhibit a sigmoidal-shaped curve implying processes that suppress C4 grasses 

in shorter warm growth seasons but promote C4 above expected beyond a five month 

warm growing season. Two generally forest-dominated ecoregions, Northern Forests 

and Northwestern Forested Mountains, have a restricted number of months favoring 

C4 grasses because they occupy limited climatic space. Interestingly, these regions 

have their median responses suppressed below expectations, whereas regions with 

more open canopy or generally non-forest habitat tend to approach maximum C4 

proportions rapidly (Southern Semiarid Highlands, Temperate Sierras, and Great 

Plains but not North American Deserts). Altogether, these patterns point to the 

existence of biogeographically and ecologically distinct factors and processes 

influencing the observed distributions of C4 and C3 grasses.  

 

In the boosted beta regressions, where we modeled the C4 proportion of grasses as a 

function of several covariates, the strength of the relationship and the degree to which 

other predictors were needed to explain variance in C4 grass proportion varied among 

regions. These results support the assertion that North America ecoregions differ in 

the degree to which temperature and physiology control C4 distributions. It is also 

consistent with the hypothesis that the global rise to dominance of C4 grasses cannot 

be explained solely by photosynthetic pathway; instead, other adaptations may be 

equally important to explaining dominance (Edwards et al., 2010). For example, one 

proposition is that fire-adapted C4 grasses facilitated the expansion of the grass-

dominated savanna systems in the late Miocene (Scheiter et al., 2012). For example, 
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in our dataset the two most dominant species in the southeast were the fire-adapted C4 

species Aristida stricta and A. beyrichiana, whereas across the rest of the temperate 

eastern US the dominant grasses were C3, and likely less fire-prone species 

Brachyelytrum erectum and Danthonia spicata. However, the dominant C4 species 

still include fire-adapted species like Andropogon gerardii and Schizachyrium 

scoparium in addition to the invasive Microstegium vimineum. 

 

The only effect of fire regime found in this study was a negative correlation between 

fire frequency and the variance associated with C4 proportion in Eastern Temperate 

Forests. This supports the frequently reported association of C4 with fire, including in 

North America, because at the scale of our analysis fire maintains a high proportion of 

C4 grass (D’Antonio & Vitousek, 1992; Scheiter et al., 2012; Veldman et al., 2013). 

This result introduces the possibility that in the warmer areas of Eastern Temperate 

Forests (e.g., Florida) high relative abundances of C4 are already explained by the 

physiological model, and the influence of fire is mediated through a negative impact 

on tree cover. A known indirect effect of fire that promotes C4 grasses is the reduction 

of forest trees (as opposed to savanna trees) that would otherwise negatively influence 

the C4 understory (Veldman et al., 2013). Therefore, fire effects on C4 might be 

masked by the negative impact of tree cover, found in three ecoregions. To explore 

the potential for indirect effects and the influence of scale on our results, we 

conducted a heuristic analysis comparing the effects of fire on C4 grass proportion 

within and outside of the natural range of Longleaf pine (Pinus palustris), a species 

characteristic of the pyrogenic grasslands of the Southeastern United States (see 

Appendix S3). This analysis showed that C4 proportion was still bimodal, whether 

within or out of the range of Longleaf pine. However, C4 grasses were more common 
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within this range, whereas C3 grasses were more common in the rest of the Eastern 

Temperate Forests (Fig. 4; D = 0.06-0.11, p < 0.001). Furthermore, a simple path 

analysis revealed direct (fire increasing C4 abundance) and indirect (mediated through 

reduced tree cover) effects of fire on C4 grasses inside of the Longleaf pine range but 

not outside the range (Fig. 4; Appendix S3). This pattern is likely the indirect 

consequence of shading and the creation of a cool microclimate, relating to the fact C4 

grass species are thought to be at a competitive disadvantage in shade and less able to 

utilize sunflecks than C3 grasses (Horton & Neufeld, 1998; Sage et al., 1999). This 

effect seems to be modified by the presence of the invasive, apparently shade tolerant 

C4 grass M. vimineum (Horton & Neufeld, 1998). Accordingly, invasive grass (M. 

vimineum) abundance had a positive influence on the proportion of C4 grass in the 

Eastern Temperate Forests. 

 

In contrast, grass invasiveness had negative effects on the abundance of C4 grasses in 

both North American Deserts and Temperate Sierras, where the C3 invasive Bromus 

tectorum is responsible for reducing the C4 proportion to below expected values. The 

numerous other invasive grasses in the dataset (e.g., Eragrostis curvula—C4 and 

Dactylis glomerata—C3) are all in low abundance and appear to have less of an 

influence on C4 cover. Invasives may shift the proportion of C4 grasses through 

diversity reduction and competitively exclusion or through interaction with 

disturbance (D’Antonio & Vitousek, 1992; Smith & Knapp, 1999). In general, all 

mean effects of invasive grasses on C4 proportion (positive and negative) in our 

analysis were accompanied by decreased variance around the mean, indicating that 

sites tend to be dominated by the functional type of the invading species. 
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Another surprising result was the prevalence of bimodal C4 abundance distributions 

across the entire dataset indicating that, at the plot scale, plant communities tend to be 

dominated largely by one functional type with few mixed C3/C4 intermediates. In fact, 

C3- and C4-dominated sites are largely separated in climate space, with overlap 

existing primarily where coexistence of functional types exists (Fig. S7). Whether or 

not these observations provide direct evidence for the existence of alternative stable 

states for different photosynthetic pathways is not known; however, the strongly 

suggestive nature of our data warrants future investigation of these patterns. For 

example, temporal demographic data from grasslands would be valuable for testing 

for alternative attractors. If grassland vegetation plots do exist in largely monocultures 

of either C3 or C4, one likely explanation is that ecological conditions create 

feedbacks favoring a particular photosynthetic pathway creating non-linearity in 

species distributions. For example, the direct and indirect promotion of C4 grass by 

fire leads to nonlinearity in the climate responses the Eastern Temperate Forests and 

the highly bimodal abundance distribution observed (Fig. 4). 

 

Soil type was a notably poor predictor of C4 proportion, despite the frequent 

dominance of C4 grasses on highly disturbed and low nutrient sites (Wilson & Tilman, 

1993; Smith & Knapp, 1999); although, soil organic carbon was positively correlated 

with C4 grasses in Eastern Temperate Forests. Climatic factors such as min/max 

temperature and precipitation, on the other hand, had stronger influence on grass 

distributions. In both Temperate Sierras and Southern Semiarid Highlands, higher 

MAP was associated with decreased C4 proportions, in agreement with work on the 

Hawaiian Islands (Pau et al. 2013, Still et al. 2013), and potentially indicating that 

either increased rain favored C3 grasses or that low rainfall favored C4 (Paruelo & 
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Lauenroth, 1996). Maximum temperatures positively affected C4 grasses in Temperate 

Sierras and North American Deserts, which suggests that high temperatures have a 

particular negative effect on C3 grasses in these areas (e.g., von Fischer et al. 2008). 

Similarly, higher minimum temperatures in Eastern Temperate Forests and Temperate 

Sierras were accompanied by higher C4 proportions, indicating that cold may indeed 

limit C4 production (Long, 1999). 

 

Conclusion 

We used vegetation abundance data to determine that counting the number of months 

favoring C4 grasses, based on a max crossover temperature of 27 °C, was the best 

predictor of C4 abundance. Furthermore, seven of eight biogeographical regions of 

North America examined had distinct and non-linear relationships with proportion of 

C4 grasses predicted from the number of months favoring C4 indicating that separate 

ecological processes might contribute differently to distributional patterns among 

regions. In particular, invasive species, tree cover, and fire had important and 

regionally distinct modifying effects on C4 grass abundance. In our study of C3 and C4 

grass distributions in North America we found that climate disequilibrium was 

commonplace and biogeographically distinct at large scales. 
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Tables: 

Table VI - 1. Results from boosted beta regression analyses. Effect sized for variables 

are only presented if they were selected in the final model. A significant influence of 

space, which doesn’t have a single effect size, is indicated as an asterisk. The symbols 

(+σ2) and (-σ2) indicates a positive and negative influences on the variance of C4 

proportion, indicated by the model as the inverse of beta distribution precision 

parameter (see methods). Only regions with models with significant mean effects are 

reported; these are Eastern Temperate Forest (ETF), Great Plains (GP), North 

American Deserts (NAD), Temperate Sierras (TS), and Southern Semiarid Highlands 

(SSH). 

  ETF GP NAD TS SSH 

Crossover model with 

max 27 °C 

0.16 0.13 0.29 0.18 0.31 

MAP    -0.4 -0.18 

TREE COVER -0.22 (+σ2)  -0.07 -

0.005 

Invasive grass (%) 0.1 (-σ2)  -0.12 (-

σ2) 

-0.09 (-σ2) 

Soil CEC      

Soil OC 0.06     

Soil pH (+σ2)     

Soil Clay (%)      

Fire frequency (-σ2)     
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Minimum temperature 0.17 (+σ2)  0.06 

(+σ2) 

 

Maximum temperature   0.03 0.02  

Space  * * *  

 

Figure legends: 

Figure VI - 1. Predicted patterns for the relationship between modeled and actual C4 

grass proportions. The gray line is the one-to-one “pure-physiology” prediction and 

the dotted black lines are alternative patterns. Capital letters identify the panel and 

lowercase letters identify the processes expected to produce the patterns observed. (A) 

A one-to-one relationship between expected and observed C4 grasses would suggest 

that (a) physiology drives their distribution. (B) C4 grasses might be represented 

below expected values in nature suggesting (b) C3 competitive priority effects or 

disturbance favoring C3. (C) C4 grasses may be over represented and might imply (c) 

C4 priority effects or disturbance favoring C4. Further alternatives include (D) a 

sigmoidal relationship (d) where there are alternative states, thresholds, or opposing 

processes. (E) A lagged pattern where (e) the minimum threshold conditions for C4 

are not met. (F) An asymptotic curve that could suggest (f) storage effects buffering 

populations of C3 species. 

 

Figure VI - 2. The R2 values from separate linear models for minimum, mean, and 

maximum temperature based crossover models across a range of potential values. The 

vertical line indicates the crossover temperature that maximizes the explanatory 

power of the model given the entire plot dataset. 
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Figure VI - 3. Map of the study extent, the conterminous USA, showing the 

biogeographic (Omernik) ecoregions analyzed (Datum: WGS84). Each region is 

associated with a plot using quantile regression to visualize the non-linear 

relationships (Appendix S2) between predicted and observed C4 grasses. These graphs 

follow the framework developed in Fig 1, but use the crossover temperature model as 

the x-axis. The gray line is the one-to-one, “climate equilibrium” prediction. The data 

are represented with density curves within each bin on the x-axis (C4-favored 

months). To visualize the median and upper limit of C4 distributions, median and 95th 

quantile regressions were fit in the R package ‘quantreg’ (Koenker 2013). 

 

Figure VI - 4. The Eastern Temperate Forest ecoregion was divided according to the 

historical range of Longleaf pine. The figure shows the frequency distribution of C4 

grass proportion of the Northeastern Temperate Forests (outside of the Longleaf pine 

range) as compared to the range of Longleaf pine in the Southeastern USA. Each 

histogram has an inset depicting the results of a path analysis testing the direct and 

indirect (mediated by tree cover) effects of fire on proportion of C4 grass. Significant 

regressions are labeled with standardized effect sizes.  
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Figures: 

Figure VI - 1. 
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Figure VI - 2.  
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Figure VI - 3. 

 

 



 

187 

 

Figure VI - 4. 
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SUPPORTING INFORMATION 

 

Appendix S1 Additional methods 

Appendix S2 Additional results 

Appendix S3 Details for path modeling 

 

  



 

189 

 

Supplemental Appendix S1: Additional methods. 

 

All analyses were conducted in R (R Development Core Team, 2012). 

 

Vegetation Plot Data - We did not restrict our analyses to grass-dominated plots or 

biomes because forest, closed habitats, and other areas not dominated by grasses are a 

part of the natural distribution of grasses (i.e., many of these ecosystems have grassy 

understories), and because existence in forest habitat represents an important part of 

grass evolution (Edwards & Smith 2010). Subplot observations at the same site were 

averaged by species. Plots were excluded if they predated our environmental data 

(described below) or did not occur in the summer, as the plots dataset was heavily 

biased to summer months (Fig. S1). Synonymy of taxonomic names was resolved 

using ‘rPlant’ package in R (Banbury et al. 2013). 

We did not want our analysis to be confounded by the factors that determine grass 

abundance, but rather the degree to which different photosynthetic types are 

represented in grasses. Therefore, our calculation represents the proportion of grasses 

with the C4 photosynthetic pathway, rather than their proportional plot abundance 

(i.e., proportion C4 grass does not include abundances of trees or other taxonomic 

groups). This approach allowed us to test hypotheses contingent upon being a grass 

species, and also allowed the use of tree cover (derived from remote sensing) as a 

predictor of C4 abundance independent of tree abundance (a quantity authors often 

measured differently). 

Photosynthetic functional type (C3/C4) was assigned using the database developed by 

Colin P. Osborne (Osborne et al. 2014) and invasiveness (Invasive/Native) was 

assigned using the USDA invasive plants database.  
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Explanatory Variables - Monthly normal temperature (tmin and tmax) and 

precipitation data were sourced from the 1971-2000 PRISM dataset at 800 m 

resolution (Daly et al. 2008). The product developed by Sexton et al. (2013) was used 

for tree cover. Topsoil values for Cation Exchange Capacity (CEC), Organic Carbon 

(OC), pH, and percent Clay were extracted from the Harmonized World Soil Database 

(Nachtergaele & Batjes 2012). Fire frequency data were derived from MODIS 

product MCD45A1 (Roy et al. 2008). Frost-free months and total frost days were 

calculated using PRISM tmin values using the method from the Physiological 

Principles in Predicting Growth (3-PG) model (Landsberg & Waring 1997). 

Herbivory was not included as a data source because we lack a fine resolution map 

that would represent contemporary herbivore abundance or grazing intensity, though 

we recognize its potential importance in structuring vegetation communities. 

The proportion of precipitation falling during summer months, a potential predictor of 

C4 grasses, was calculated as described in (Paruelo & Lauenroth 1996). Another 

predictor, July minimum temperature, was also extracted from the PRISM dataset 

(Teeri & Stowe 1976). Epstein’s (1997) model was formulated by including MAP, 

sand, and clay during regression. The summer rainfall and temperature model was 

formulated as described by von Fischer et al. (2008). Combinations of MAP and 

MAT were also tested.  

In the construction of crossover temperature models, the mean, maximum, and 

minimum monthly temperatures were used separately, as all three methods have been 

used previously. The algorithm for building the crossover temperature model is 

described in the main text and also graphically in Fig. S2. Models were calculated for 
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crossover temperatures in 1 °C intervals between 5 and 16 °C for minimum 

temperatures, 12 and 24 °C for mean temperatures, and 20 and 31 °C for maximum 

temperatures, based on the ranges found in previous empirical studies.  

 

Data Analysis - Among the different crossover temperatures used to model the 

number of months favoring C4 grasses, the best temperature was determined by 

comparing the variance explanation for each model (separately for min, mean, and 

max) with plot-based proportion of C4 grass across all plots in the dataset as a 

response variable in a linear model. In order to weigh support for each of the 

literature-based C4 distribution models we compared the crossover temperature model, 

summer rainfall model, July temperature model, mean annual precipitation (MAP), 

and mean annual temperature (MAT) model using AIC values. We expected that, 

because of our large sample size, AIC values would not differ significantly from the 

sample-size corrected AIC (AICc) values often recommended for model selection 

with low n. 

 

We analyzed the partial effects of additional ecological variables on C4 grass in 

addition to the physiological-climate distribution model. Our C4 proportion data 

necessitated an analysis that could incorporate a response variable bounded between 0 

and 1 (but continuous), spatial structuring due to the clustered nature of plot data, and 

a moderate number of co-varying predictors. Therefore we conducted a “boosted beta 

regression” following the technique described in Schmid et al. (2013) and using the R 

package ‘gamboostLSS’ (Mayr et al. 2012). This technique is a type of Generalized 

Additive Models for Location, Scale, and Shape (GAMLSS) that accommodates a 
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beta distributed response variable (bounded 0 to 1), and is similar in interpretation to 

logistic regression. Boosted beta regression/GAMLSS has the ability to easily model 

spatial processes as additive components, a more stable model selection procedure 

than AIC-based approaches, and the ability to model distributional parameters beyond 

the mean (Schmid et al. 2013). Boosted beta regression is a machine learning 

technique that includes an internal model selection procedure in the fitting algorithm 

that selects a subset of predictor variables—we present only selected variables in our 

results. 

 

Because model selection procedures are intrinsic to the boosted beta regression fitting 

process (i.e., iterative calculation of negative log-likelihood) the final models for these 

analyses include the minimum sufficient parameters (Schmid et al. 2013). However, 

to further demonstrate that the addition of parameters was warranted, we calculated 

AIC values for both the Collatz-only physiological model and the final model with all 

parameters and provide the difference. For all ecoregions the additional parameters 

reduced the model AICs. The AIC decrease resulting from the additional parameters 

(ΔAIC) for each ecoregion were: Eastern Temperate Forests (-292), Great Plains (-

112.7), North American Deserts (-193.7), Temperate Sierras (-468.7), and Southern 

Semiarid Highlands (-10.9). 

 

Separate analyses (i.e., using beta regressions) for predicting the proportion of C4 

grass were conducted for each ecoregion. In addition to the physiological predictor 

(e.g., the number of months favoring C4 growth) we also included MAP, MAT, Tree 

cover, all soil variables, fire frequency, min and max temperatures, and the smoothed 
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bivariate effect of space (i.e., latitude, longitude) as the starting predictors. The 

boosted beta regression results for each of the eight ecoregions were compared to 

those from a nonparametric approach (randomForests Classification and Regression 

Trees) which performs well with thresholds responses and complex interactions. The 

outcomes from these two approaches were qualitatively similar (see Fig. S3; Liaw & 

Wiener 2002). All predictor variables were fit as linear effects and were mean 

centered and scaled before analysis. In one model, this approach allowed us to 

estimate the influence of a suite of additional variable beyond the direct influence of 

physiology.  

 

Our data are inherently spatially autocorrelated because vegetation plots are often 

collected over environmental gradients at the landscape scale but landscapes may be 

far apart. In addition, regions differ in the floristic attention they have been given. 

Conducting our analyses separately by ecoregions controlled somewhat for the latter 

effect which is present when considering all data together (Table S1). We used a 

statistical technique called boosted beta regression to conduct of species distribution 

modeling; this method is a type of generalized additive model (GAM), and GAM is a 

technique that has performed well in other species distribution models using spatial 

data at differing spatial scales (Thuiller et al 2003). GAMs also produce consistent 

parameter estimates in the presence of spatial autocorrelation, although when 

compared to a variety of other approaches, methods such as generalized least squares 

often have slightly less type I & II errors (Beale et al 2010). Our beta regression 

models space as a bivariate smoothed predictor (P-spline tensor product; see Schmid 

et al. 2013) which accounts for effects due to spatial correlation as a covariate. Within 

regions, our regressions (Table 1) suggested that spatial processes where most 
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important in GP, NAD, and TS. Our results were robust to reanalysis with a 

nonparametric method (randomForest CART models; Fig. S3) and therefore we find 

the regression results to be stable despite autocorrelation and unexplained spatial 

effects (Thuiller et al 2003). We do not expect that these effects influence our quantile 

regressions, which to not model mean responses. 

 

Selection of criteria to subset dataset for analysis - To better address regional 

differences in the controls of C4 abundance in grasses we assessed multiple methods 

of subdividing our data with the goal of representing ecologically meaningful regions. 

We attempted to subset our plot data using four separate methods: (1) Level I 

Omernik regions (Omernik 1987), (2) WWF ecoregions and (3) biomes (Olson et al. 

2001), and climatically delimited (4) Whittaker biomes (Whittaker 1975). Fig. S4A 

show how all vegetation plots containing Poaceae are situated in climate space using a 

Whittaker diagram whereas Fig. S4B shows spatially how these biomes are realized at 

the plot level in space. This method of data partitioning creates climatically 

meaningful groupings of data but has the limitations that it creates large spatially 

disjunct and isolated regions, there are abrupt climate lines demarcating biomes (and 

buffering the climate selection removes too many data points – Fig. 3A), and does not 

necessarily reflect biogeographical differences.  

The WWF ecoregions divided the plot data into too many partitions which were each 

too small to continue analysis or compare to the other regions. However, the WWF 

biome demarcations did produce a reasonable number of subsets (Fig. S5) and the 

result was very similar to the Whittaker approach. The WWF biomes had an 

advantage over the Whittaker approach in that there was less spatial mixing of the 
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regions; however, it still produced some undesirable effects such as grouping Eastern 

Temperate Forests with vegetation types from the North West. 

In the end, the Omernik regions were used for our analyses because they reduced 

disjunctions, provided an intermediate number of ecoregions to analyze, and most 

importantly they appear to represent meaningful biogeographically different regions. 

This subdivision is represented in Fig. 3. Separate visualizations of the crossover 

temperature models divided by ecoregion can be found in Fig. S6. 
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Figure VI - S1. Frequency of plots occurring in (A) different months of the year and 

(B) different years. Analyses presented in this study were restricted to summer 

months (June, July, and August) so as to control for the influence of season and 

because of the low number of samples collected in the spring, fall, and winter. June 

has the largest number of samples. 
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Figure VI - S2. Graphical representation of the algorithm used to create our Collatz 

crossover temperature models (Collatz et al. 1998; Still et al. 2003). (A) Based on the 

temperature responses of C3 and C4 grasses, locations with temperatures above a given 

crossover temperature (gray dashed line) and also rainfall above 25 mm per month 

monthly are classified as favoring C4. (B) This classification is applied to each month 

out of the year. The maroon color represents areas that were classified as favoring C4 

grasses in a particular month, whereas gray favors C3. (C) To produce the final model 

output, the monthly maps are summed to return a count of the number of months 

favoring C4 grasses in each location in the United States. The map depicted is the 

Collatz crossover temperature model for a maximum monthly temperature of 27 °C. 
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Figure VI - S3. Ranked importance values from randomForests (implemented in R) 

CART models for six regions that yielded quality models with proportion C4 grass as 

the dependent variable. Predictor variables are the same as in the boosted beta 

regression analysis described in the methods section and presented in Table 1. The R2 

values for these models were 0.57, 0.81, 0.58, 0.59, and 0.55 respectively. This 

regression tree approach is used to compare the relative importance of our predictors 

with those selected in the beta regression approach. 
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A. 

B. 

 

Figure VI - S4. Climate space occupied by the grass containing vegetation plots used 

in this study. Panel A shows plots (gray data points) in MAP-MAT space with a 

Whittaker diagram. The shaded inner regions show a buffer to the climatic lines. 

Panel 2 shows the Whittaker biome of each plot using the color scheme: desert: 

yellow; savanna, grassland, and woodland: black; boreal forest: green; tropical dry 

forest: blue; temperate forest: red. 
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Figure VI - S5. Plots selected from each of four biome subdivisions from the WWF 

map. The plots overlay the 21 °C mean crossover temperature Collatz model. 
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Table VI - S1. Number of plots for each ecoregion. 

Region N 

ETF 3898 

GP 2854 

NAD 13952 

NF 1181 

TS 3237 

SSH 382 

MC 1315 

NFM 13667 

TOTAL 40486 
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Table VI - S2. Number of plots per source. 

N SOURCE 

2 (Ode, 2012) 

2 (Hall, 2012) 

4 (Gallimore, 2012) 

5 (Evans and Wiseland, 2012) 

7 (Pyne and Stewart, 2012) 

10 (Evans and Pyne, 2012) 

10 (Forrestel unpublished) 

11 (Pyne and Evans, 2012) 

13 (Nordman and Pierce, 2012) 

13 (Glitzenstein, 2012) 

14 (Krueger and Nordman, 2012) 

14 (Evans and Teague, 2012) 

17 (Kindscher et al, 2011a) 

18 (Shelton and Evans, 2012) 

18 (Marriot et al, 1998b) 

20 (Nordman, 2012) 

23 (Hop et al, 2010c) 

25 (Kunz et al, 2012) 

27 (Marriot, 2012) 

27 (Pyne and Schmidt, 2012) 

28 (Jones and Pyne, 2008) 

29 (Marriot et al, 2012) 

29 (Sneddon et al, 1998) 

30 (Patterson and Pyne, 2012) 

30 (Nordman and Anglin, 2012) 

31 (Neid et al, 2007) 

31 (Cogan, 2007c) 

35 (Beckley, 2012) 

35 (Cogan, 2007b) 

36 (Cogan, 2007a) 

37 (Rolfsmeier et al, 1998) 

37 (Pyne et al, 2012) 

38 (Nordman and Schultz, 2012) 

39 (Hop et al, 2005) 

44 (Pyne et al, 2012) 

45 (Weakley and Patterson, 2012) 

46 (Klopfer et al, 2002) 

48 (Coagn et al, 2007) 

48 (McMillan and Kjellmark, 2012) 

49 (Marriot et al, 1998a) 

51 (Peet, 2012) 

53 (Kindscher et al, 2011b) 

55 (Johnson, 2012) 

56 (Matthews, 2012b) 
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59 (Matthews, 2012a) 

63 (Weakley and Stewart, 2012) 

66 (Cogan et al, 1999) 

67 (Podniesinski et al, 2005) 

70 (Seymour, 2012) 

70 (Whelan et al, 2009) 

72 (Rolfsmeier et al, 1998) 

84 (Reschke et al, 1999) 

85 (Madden et al, 2004) 

89 (Salas et al, 2010) 

96 (Schiebout, 2012) 

97 (Gaddy, 2012) 

106 (Lubinski et al, 2003) 

123 (Von Loh et al, 1999) 

137 (Erixson and Cogan, 2009) 

140 (Schirokauer et al, 2003) 

141 (The Nature Conservancy, 1999) 

142 (Hop et al, 2001) 

144 (Thompson, 2004) 

153 (Hop et al, 2010a) 

155 (Asebrook, 2003) 

158 (Hop et al, 2010b) 

161 (Von Loh et al, 2000) 

181 (Fenton et al, 2006) 

181 (Cecil, 2012) 

190 (Hop et al, 2009) 

195 (Boyer and Dellinger, 2012) 

205 (Schirokauer et al, 2003) 

223 (Walton, 2012) 

227 (White, 2005) 

230 (Hop et al, 2012b) 

234 (Hop et al, 2007) 

243 (Peet et al, 2012) 

246 (Peet, 1975) 

248 (Cogan et al, 2005) 

250 (Hop et al, 2012a) 

297 (Cogan et al, 2003) 

362 (Erixson et al, 2011) 

401 (Reemts, 2012) 

478 (Erixson et al, 2011) 

506 (Bell et al., 2009) 

534 (Keeler-Wolf et al, 2012) 

592 (Kittel et al, 2012) 

833 (Carr et al., 2009, 2010) 

979 (USGS, 2010) 

1562 (USGS National Gap Analysis Program, 2004) 
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1739 (Kittel et al, 1999) 

3045 (USGS National Gap Analysis Program, 2004) 

3661 (USGS National Gap Analysis Program, 2004) 

4607 (USGS National Gap Analysis Program, 2004) 

5560 (USGS National Gap Analysis Program, 2004) 

8759 (Jennings, 2012) 
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Supplemental Appendix S2: Additional results. 

 

Additional variance effects - After model selection using boosted beta regression, 

Northern Forests, Northwestern Forested Mountains, and Mediterranean California 

did not have any significant predictors of C4 grasses, but there were important 

influences of the predictors on variance. In Northern Forests, increasing number of 

months favoring C4 grasses (ϕ coefficient = 0.005) and invasive species (ϕ coefficient 

= 0.002) decreased the variance in proportion C4; tree cover increased variance (ϕ 

coefficient = -0.009). In Northwestern Forested Mountains, the number of months 

favoring C4 grasses had a positive influence on variance (ϕ coefficient = -0.003).  

 

Region specific comparison of physiological models – Our best physiological-

climate distribution model was our 27 °C monthly maximum temperature and 25 mm 

rainfall model, described in the methods. Because we found ecoregion specific 

deviations from the physiological model at the continental scale, we wanted to 

investigate the temperature signal at ecoregions scales. We did so because at the 

ecoregion scale the climate space occupied by plots is reduced and the importance of 

local processes might increase. Therefore we fit individual crossover models for each 

ecoregion as describe previously for the entire dataset (Fig. S6). 
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Figure VI - S6. Model R2 values for individual linear models across a range of 

potential maximum crossover temperatures that predict C4 grass proportion for each of 

the eight ecoregions considered in this study. When combined these data converge on 

a maximum crossover temperature of 27 °C but separately they suggest that the 

physiological temperature signal varies in strength among the regions. 
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Figure VI - S7. Whittaker diagram showing climate space for vegetation plots with 

100 % C4 grasses (orange), 100 % C3 (blue), and mixed C3 / C4  (yellow) visualized as 

95 % quantiles of the point density.  
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Table VI - S3. Model selection results comparing the 9 °C minimum, 18 °C mean, 

and  27 °C maximum Collatz models (co_min_9, co_mean_18, and co_max_27 

respectively) with other potential predictors of the proportion of C4 grasses in 

vegetation plots from North America. Because of colinearily between the Collatz 

crossover models and the fact that combining Collatz models reduced model AIC 

values we conducted partial correlation analyses. When holding co_mean_18 constant 

the correlation between co_max_27 and proportion C4 grass is significant and positive 

(rho = 0.28, P <= 0.0001). Since holding co_max_18 constant removes the correlation 

of co_mean_18 with C4 grass (rho = -0.07) we concluded that the maximum 

temperature based model was driving the relationship and selected it as the best single 

predictor to use in further analyses. 

Model AIC Variance explained (%) 

co_mean_18 + co_max_27 + co_min_9 8859.53 39.8 

co_max_27 8925.76 39.6 

co_mean_18 + co_max_27 8927.66 39.6 

co_max_27 + Frost free months 9803.97 38.9 

July Min T + July rainfall 10166.94 36.8 

co_mean_18 + co_min_9 10303.96 36.5 

co_mean_18 10609.47 35.8 

MAT + MAP + Sand + Clay 12387.54 31.3 

MAT + MAP 12635.38 30.8 

MAT 12678.82 30.7 

co_min_9 12994.63 29.9 

July Min T 14210.77 26.7 

Summer rainfall 15021.57 24.5 

Frost free months 16592.06 20.4 

Total frost days 17325.78 17.87 

MAP 22254.52 1.6 

NULL 22708.67 0 
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Table VI - S4. Minimal adequate polynomial regression results. Equations are shown 

for those models which were significant improvements over the linear model. 

Ecoregion Equation 

Eastern Temperate Forest Y = 0.15x – 0.03x2 + 0.01x3 + 0.05  

Great Plains Y = 0.20x + 0.03x2 – 0.01x3 + 0.01 

Northern Forests Y = -0.06x + 0.13x2 + 0.01 

Mediterranean California NA 

North American Deserts Y = 0.06x + 0.08x2 – 0.01x3 + 0.06 

Northwestern Forested Mountains Y = 0.22x – 0.22x2 + 0.06x3 + 0.01 

Temperate Sierras Y = 0.23x – 0.01x3 + 0.25 

Southern Semiarid Highlands Y = 0.37x – 0.01x3 + 0.11 
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Supplemental Appendix S3: Details for path modeling. 

 

Large-scale meta-analyses, which combine data from multiple studies and include 

sample bias, certainly have limitations associated with differences in data collection 

and scale. We have attempted to address the limitations of our approach in our 

methodology. For example, we used a spatially explicit regression technique and 

subset our data into ecoregions. Comparatively, important grassland regions such as 

Great Plains appear underrepresented in our dataset; however, when considering that 

much of this region has been transformed into agricultural and disturbed lands, it is 

not surprising that the distribution of actual vegetation sampling plots would be 

restricted to protected areas. Additionally, when compared to other studies, the 

coverage of Great Plains plots in our dataset is actually greater than most, and also has 

the advantage of being collected based on plot-level abundances. Importantly, some 

unexplained variance could be due to herbivory or competition among plants, which 

unfortunately could not be addressed explicitly with these data. Previous studies have 

relied on floras and regionally summarized biomass values. Finally, studies using 

floras and spatially aggregated data often show more gradual and tight relationships 

between temperature and C4 vegetation than we found in this study. In reviewing five 

studies that examined C4 to C3 altitudinal transitions, Sage et al. 1999 found that shifts 

in functional type occurred over a drastically shorter range of elevations when using 

abundance data compared to flora data (e.g. Young & Young 1983). Our results echo 

this finding—occurrence data are far less ecologically informative than abundance, 

especially with respect to understanding productivity patterns related to 

environmental change. 
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Our regional analyses served to control for the evolutionary, historical, and 

biogeographic influences that might be expected to influence the assembly of local 

communities (e.g., HilleRisLambers et al. 2012). These processes may involve the 

influence of area, age, phylogeny, and dispersal, for example (reviewed in Harrison & 

Cornell 2008). In this study we find that at large spatial extents there is a strong 

relationship between the crossover temperature physiological model and local species 

abundance, but accompanied by a high degree of among-region variation in the 

realized pattern of plant functional types at smaller scales. Addition we found that we 

did not see a strong signal for fire, therefore we conducted a targeted analysis within 

the range of Longleaf pine (Pinus palustris) where fire is known to have an important 

structure influence (Carr et al. 2009). We used the map developed by Little (1971) to 

subset the Eastern Temperature Forest ecoregion. We tested for unimodality, in and 

out of the range of Longleaf pine, using the dip test approach described in the 

methods. Finally, we used the R package “lavaan” to construct a path analysis that 

tested the degree to which fire’s impact on C4 was either direct or mediated through a 

decrease in tree cover (Rosseel 2012). Removing the direct effect of fire significantly 

reduced the fit of the of the Longleaf pine model (Chi-sq difference = 10.62, df = 1, p 

= 0.001) but for the Northeastern Temperate Forest tree cover had the only significant 

effect. 
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CHAPTER VII 

 

FUNCTIONAL DIVERSIFICATION ENABLES GRASSY BIOMES TO FILL 

GLOBAL CLIMATE SPACE 
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Abstract: The Cenozoic displacement of forests and shrublands by grasses transformed 

the biosphere, facilitating major faunal and floral radiations. The unique life form of 

grasses ensures that their dominance of a ground layer changes vegetation dynamics 

and impacts ecosystem function. While grasses comprise only 3% of vascular plant 

species, Poaceae are responsible for over a quarter of terrestrial photosynthesis, and 

grassy biomes have been central to human evolution. Despite this global importance, 

perspectives on biome distributions are invariably based on woody plants, whether in 

the context of remote sensing, biogeography or vegetation modelling. We invert this 

perspective, compiling available data relating to the distribution of grassy vegetation. 

Grassy biomes occupy and can dominate all but the coldest part of the Earth, currently 

covering 40% of the global land surface. Like many plant groups, the major 

evolutionary lineages of grasses have specialised in different environments. However, 

of the 26 lineages of grasses, only four characterise more than 75% of grassy vegetation 

and these lineages segregate along temperature and rainfall gradients. The 
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environmental space dominated by each lineage is associated with unique combinations 

of physiological and morphological traits, including photosynthetic pathway, height 

and the tolerance of drought and freezing. Furthermore, lineage specific trait 

combinations lead to contrasting biotic associations and feedbacks with fire and 

mammalian herbivores. Finally, geographic differences in available climate space and 

the relative presence of different grass lineages drives regional variation in the C3 – C4 

crossover temperature, which has wide implications for predicting biome distributions.  

 

Significance statement: Two hundred years ago, Alexander von Humboldt wrote of 

the geographic coupling of plant form and climate. His observation underpins the 

classic view of global vegetation, in which each biome is restricted to similar climates 

around the world. Recent findings have undermined this view and here, we show that 

biomes where the ground layer is dominated by grasses can occur under almost every 

climate on Earth. This global extent of grassy biomes arises due to the specialisation of 

four lineages of grasses to different combinations of environmental conditions, 

associated with freezing tolerance, hot arid climates, and hot seasonally dry fire prone 

environments. These differences among evolutionary groups have important feedbacks 

on fire and herbivory, and will mediate the effects of climate change on grassy biomes. 
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Introduction 

Grasses (Poaceae) dominate the ground layer of vegetation formations when the rate of 

tree recruitment is limited by climate, soil, drainage or disturbance conditions (1–3). 

“Grassy vegetation” defined in this way includes tropical savanna, montane grasslands, 

grassy deserts, temperate steppe grasslands, temperate woodlands, and boreal 

parklands. The ecological success of grasses is thought to arise from their novel 

lifeforms and plant architectures, coupled with multiple origins of the C4 photosynthetic 

pathway, which boosts growth efficiency compared with the ancestral C3 

photosynthetic pathway at high temperatures and in low CO2 atmospheres. These 

unique combinations of morphological and physiological traits led to novel ecological 

pressures such as frequent fire (4, 5) and grazing by mammals, disturbances which are 

together vital for maintaining grassy vegetation globally.  

C3 grasses displaced shrublands and forests across temperate regions during the 

late Cenozoic, just as C4 grasses within savannas displaced forests and shrublands 

across the tropics in late Neogene (5). This global expansion of grassy vegetation 

coincided with major faunal and floral radiations (6–8), and is linked to events in human 

behavioral evolution (9, 10). Grassy biomes provide grazing lands and numerous 

ecosystem services directly supporting over a billion people. Yet, for all of the social, 

economic, environmental and ecological significance of grassy vegetation (11), there 

remains an alarmingly poor understanding of the limits and diversity of grassy biomes.  

When considering the limits to grassy biomes, the diversity of grasses is generally 

reduced to the fundamental division between C3 and C4 grasses. This is because, if all 

else is equal, the difference in photosynthetic type means that C4 grasses should 

outcompete C3 grasses at high temperatures and low CO2 (12–14). The physiologically 

based model explains in general terms how C4 grasses dominate tropical regions and 
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C3 grasses dominate temperate and high altitude environments under current 

atmospheric CO2 levels. Clearly, the mechanisms underpinning this model have critical 

impacts for predicting future vegetation change associated with climate change and 

increasing atmospheric CO2. Yet, focus on photosynthetic type belies the phylogenetic 

and ecological variation within grasses (4, 15) given grasses are further unique among 

vascular plants, where the C4 photosynthetic type evolved independently in over 20 

lineages of grasses (16). Phylogenetic conservatism of ecological traits and niches has 

been demonstrated at varying scales and across biomes (17, 18). Experimentally, 

ecological variation has been demonstrated among grass lineages, suggesting that 

photosynthetic type potentially interacts with functional traits constrained at a lineage 

level determining plant performance under different environmental conditions (18, 19). 

Whether links between C3 and C4 photosynthetic pathways and other morphological 

and physiological traits, that may be conserved within lineages influences the 

biogeography of grassy biomes is unknown.  

Historically, assessments of the distribution of global vegetation have focused 

on woody vegetation (ie. tropical forests, western USA forests, e.g. (20, 21)) and trees 

(e.g. (22)) leading to the paradigm in modern ecology of a deterministic relationship 

between climate and vegetation. Grassy biomes are commonly perceived as arid and 

semi-arid environments because tree recruitment is capped by moisture availability. 

However, increasingly the limits of biomes are shown as not deterministically limited 

by climate but more closely aligned to feedbacks between vegetation traits, climate and 

disturbance (23, 24). Key to understanding the biogeography of vegetation is the 

fundamental distinction in ground layer composition where grasses are or are or not 

dominant (23). Invariably, biomes with a grassy ground layer are open-canopied to 

permit sufficient light to penetrate the ground layer for photosynthesis to occur and a 
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grassy ground layer to persist. Naturally, both trees and grasses are important in driving 

the vegetation dynamics of ecosystems and biomes, but where grasses dominate, 

processes such as fire and grazing are prevalent and the prevalence of both been 

demonstrated to re-inforce grass dominance thereby maintaining open canopy biomes. 

Here we take an alternative perspective on the global distribution of vegetation and 

assess the distribution of grassy biomes and their constituent grass lineages. In 

examining relationships among photosynthetic type, plant height and habit we quantify 

how evolutionary history and functional traits impact the limits of grassy biomes 

worldwide. We define grassy biomes as vegetation units in which the ground cover is 

dominated by Poaceae (Supp Info). 

 

Identifying grassy biomes 

We mapped the global distribution of grassy vegetation formations by re-classifying 

vegetation units within 21 existing country and regional vegetation maps mapped via 

botanical data (Supp Methods) providing an almost global coverage of vegetation 

(Figure S1). From this process we identified 1635 discrete vegetation units 

characterized by a grassy ground layer. We added metadata based on simple rules to 

describe vegetation structure (Supp Info), and based on this process we identified the 

grass species considered characteristic of each grassy vegetation unit. Across these 

vegetation units, 1154 grass species were identified.  A small, restricted set of species 

often account for the majority of biomass in a plant community, and exert a major 

control over ecosystem processes (25) and ecosystem services (26). One way in which 

evolutionary biology and ecosystem science might be integrated is by focusing on 

dominant plant species in communities (5). We cross-referenced the list of grass species 

to a taxonomy of accepted scientific names, linked to metadata describing 
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photosynthetic pathway (C3 or C4), life history (annual or perennial), plant size (culm 

height) and phylogenetic lineage (monophyletic subfamily and tribe). Finally, we 

summarized the metadata for each grassy formation based on the number of grass 

species listed for each unit. The dataset therefore provides a spatially explicit 

classifications of grassy vegetation for the prevalence of C3 and C4 photosynthetic type, 

grass height, life history and phylogenetic lineage. Photosynthetic type provides critical 

information on grass physiology and the expected thermal affinities of each lineage. 

Culm height in grasses reflects rates of annual growth, given that the vast majority of 

grasses (Bamboos are an exception) senesce their canopy annually where culm height 

and abundance of grasses influences phenology and hydrology of ecosystems.  

 

Results and Discussion 

Global limits of grassy biomes. Grasses can dominate landscapes in all but the coldest 

and driest environments (Fig. 1a) and we estimate cover approximately 40% of the 

vegetated land surface (Fig. S1). Critically, grasses can dominate the ground layer in 

the majority of climates where wooded vegetation can persist (Fig1a), refuting any 

perception of grasses being limited to the world’s semi-arid regions. A viewpoint which 

may have arisen from the large geographic area covered by arid relative to wet climates 

(Fig. S2). We examined the climatic limits of 26 independent C4 grass lineages, their 

C3 sisters in the PACMAD clade, and members of the C3 BEP outgroup, where the 

Pooideae are especially important. Of these, four lineages dominate 77% of grassy 

vegetation (Fig. 1b-f; Fig. S3), where three lineages derive from independent origins of 

C4 photosynthesis (Fig. S3): Andropogoneae (dominates 17% of grassy vegetation; Fig. 

1d), Chloridoideae (6%; Fig. 1e) and the Melinidinae + Panicinae + Cenchrinae clade 

(“MPC”; GPWG II, 2012; 1%; Fig. 1f). The fourth lineage, BEP, dominates 17% of 
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grassy vegetation (Fig. 1b). In contrast, we find that C3 species of the PACMAD clade, 

in which C4 photosynthesis evolved, are not important dominants at the global scale 

(1%; Fig. 1c). Of the remaining area of grassy vegetation, 19% is not dominated by any 

one lineage, and the rest is dominated by eleven other, independently derived, C4 

lineages (Fig. S4).  

The four lineages dominating grassy biomes at the global scale sort into 

different parts of climate space.  First, C3 Pooideae are more dominant in cooler, drier 

parts of global climate space than other grass lineages (Fig. 1b; Fig. S5), whereas C4 

Andropogoneae, Chloridoideae and MPC dominate grassy biomes across the hot parts 

of climate space, but are not differentially sorted by temperature (Fig. 1d-f; Fig. S5). 

However, precipitation does sort the dominant C4 lineages, with the peak abundances 

of MPC and Andropogoneae occurring at MAP of 1000 and 1500mm, respectively (Fig. 

1d and f; Fig. S5). This is a wet climatic zone of the tropics, where stabilising feedbacks 

can maintain either forest or savanna vegetation as alternate stable states (24, 27). In 

contrast, the peak abundance of Chloridoideae occurs at 500mm MAP (Fig. S5), within 

the semi-arid climate zone occupied alternatively by dry savannas or 

shrublands/thickets (e.g. (28)). Temperature seasonality also sorts the C4 lineages, with 

Chloridoideae dominating in regions with strong temperature seasonality, while MCP 

and Andropogoneae dominate in more aseasonal temperature environments (Fig. S5). 

Finally, we note that when C3 PACMAD species do dominate grassy vegetation, it is 

in warmer, wetter parts of climate space than the other lineages (Fig. 1c; Fig. S5). 

The data reveal a number of continental disjunctions in the distributions of 

dominant grass lineages. First, different lineages occupy a similar climate space on 

different continents. Paspaleae dominate grassy biomes in the hot, mesic climate region 

of South America, whereas the equivalent climate region in Africa is dominated by 
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MPC grasses (Fig. S9). Similarly, Aristida in Africa dominate grassy biomes in hot, dry 

or cooler, seasonal conditions which are dominated by Chloridoideae on other 

continents (Fig. S9).   

 

Functional trait combinations of each lineage. The climatic tolerances of each grass 

lineage are shown by the extremes experienced in the driest and coldest parts of each 

species range (Fig. 2). These tolerances are largely independent from the climatic 

envelopes shown in Fig. 1, since they are derived from species range limits, and species 

typically do not dominate ecosystems across their whole range. The sorting of dominant 

grass lineages by climate is partially explained by their respective tolerances of the 

length of the rainy season (Fig. 2a), the duration over which freezing events occur (Fig. 

2b), and minimum winter temperature (Fig. 2c). Pooideae tolerate the longest dry 

season and freezing period, and the lowest winter temperatures (Fig. 2). Chloridoideae 

are distinguished from the other C4 lineages in their tolerance of a longer freezing period 

and lower winter temperatures (Fig. 2b-c), but not in their tolerance of dry season length 

(Fig. 2a). The C4 lineages are further distinguished by size, with maximum heights in 

being largest for Andropogoneae, followed by MPC, and then Chloridoideae. Life 

history was not important at the global scale, with the only significant areas dominated 

by annual grasses occurring at the margins of the Sahara Desert, and the vast majority 

of grassy vegetation and dominant species being perennial (Fig. S7). The globally 

important dominant grass lineages are therefore distinguished by unique combinations 

of physiology (C3/C4), morphology (height) and climate tolerance (freezing, drought). 

 

Associations between functional traits and climate. Adaptation to freezing alongside 

the ancestral C3 photosynthetic pathway has enabled the Pooideae grass lineage to 
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specialize in cold environments (29–31). In hot climates, the evolution of C4 

photosynthesis in up to 24 independent grass lineages has been vital in adapting plants 

to open, warm and sunny habitats facilitating  the colonization of tropical environments 

(16, 30, 32, 33). Unique trait combinations in each of the dominant grass linages explain 

their distributions in global climate space. Lineages using C3 and C4 photosynthetic 

pathways are clearly separated by temperature, with C3 lineages dominating grassy 

biomes at MAT less than 14 °C, and C4 lineages dominated above this threshold (Fig. 

3; Fig. S8). The sorting of C3 and C4 grass species along local, regional and global 

temperature gradients is well established (34–38), and is broadly consistent with 

predictions based on the physiological responses of photosynthesis to temperature (39, 

40). However, the predicted temperature threshold for the transition in dominance from 

C3 to C4 grasses depends crucially on model assumptions (13, 14). However, given 

equal investment in the carbon-fixing enzyme RuBisCO, a relatively low canopy leaf 

area and sunny conditions, a C4 canopy can theoretically achieve higher total daily rates 

of photosynthesis than a C3 one at any temperature (41). In this case, the primary 

limitation on canopy carbon uptake becomes light-mediated damage during low 

temperature extremes (42). There is no theoretical reason why tolerance of such events 

cannot evolve in C4 plants, and the main reason for its absence from most C4 species 

may be historical; C4 photosynthesis evolved in the tropics (30), and most lineages have 

simply had insufficient time and environmental opportunities to acquire the necessary 

adaptations (41, 43). Despite this, the oldest C4 lineage, Chloridoideae (44), has evolved 

some tolerance of low temperature extremes and long freezing periods (Fig. 2b-c), and 

its dominance of seasonally cold regions (Fig. 5) is responsible for the lower-than-

expected global temperature threshold for C4 dominance (Fig. S8).  
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Grass lineages dominating warmer and wetter environments are sorted by 

height. Dominance in such productive environments generally requires a plant to have 

rapid growth and a large stature, and grass lineages are accordingly sorted along global 

rainfall gradients according to height in the order Andropogoneae > MPC > 

Chloridoideae (Figs. 2d and 3c). Interestingly, we find no evidence that dominant grass 

lineages are sorted geographically by their differing tolerance of dry season length (Fig. 

2a). Instead, sorting may be linked to soil fertility, which generally shows an inverse 

relationship with rainfall at the global scale (45), thereby increasing grazing pressure in 

grassy biomes at intermediate and low rainfall (46). This necessitates adaptations for 

herbivore resistance and may exclude better competitors if they are poorly defended 

(47). Evidence to support this hypothesis comes from field experiments in Africa and 

North America that exclude large mammalian herbivores. These show that the removal 

of grazing allows the invasion of larger, more palatable Andropogoneae species, and 

reduces the abundance of Chloridoideae grasses with herbivore resistance and 

xeromorphic traits (48). These findings indicate that the sorting of grass lineages along 

rainfall gradients may be mediated by a trade-off between competitive ability and 

herbivore resistance, rather than drought tolerance per se. 

 

Associations between lineages, functional traits, fire and grazing. As with the strong 

sorting of lineages in geographic and climate space, we also found strong associations 

between lineage and fire return times, where the majority of the world’s fire is found in 

regions dominated by Andropogoneae (Fig. 4). High rainfall in these regions typically 

leads to leached, infertile soils (49), and grassy biomes are dominated by rapidly re-

growing (50, 51), tall species (Fig. 3c), which are efficient in their use of soil nitrogen 

(48), and produce a flammable fuel load (50, 52). This is consistent with our 
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understanding of flammable systems requiring abundant fuels that cure annually to 

produce frequent, large fires (5). It also matches evidence from long-term experimental 

manipulations of the fire regime, showing that frequent fires promote dominance of 

grass communities by Andropogoneae (48). Tall Andropogoneae grassy biomes are 

found are in regions of high mean annual rainfall (Fig. 1d, 3c), regions also commonly 

dominated by the alternate stable state of closed canopy fire-free formations (24), as 

documented by the very tall grasslands only occupying 1500-4000 mm MAP (Fig. 3c). 

These grasses die back each year during the dry season. In order for grasses to persist 

and produce a new canopy each year, the dead biomass must either decompose rapidly, 

burn or be consumed by herbivores (53). These same processes of consumption limit 

tree recruitment and allow grasses to persist in the ground layer (54). Fire and grazing 

are therefore crucial in allowing grassy systems to persist. In contrast to 

Andropogoneae, Chloridoideae are found in less frequently burnt regions (Fig. 4), but 

these regions are generally associated with high herbivore pressures (Supplemental 

Information). MPC follows the same trajectory as Andropogoneae, and co-occurs with 

this lineage.  

 

Implications. Grassy biomes can occur almost anywhere in climate space, yet different 

lineages dominate in different regions of climate and fire space. Unless vegetation 

models can account for the unique processes that both facilitate grass persistence and 

the expansion of grassy biomes at the expense of closed canopy vegetation they will 

not be able to replicate potential vegetation and therefore not capture critical ecosystem 

dynamics. The results also have major implications for the understanding of continental 

disjunctions as we found that different lineages occupy the same climate space on 

different continents, while others maintain similar affinities. For example, one 
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expectation from this result might be that the invasion of Sporobolus grasses 

(Chloridoideae) in Australia should remain climatically constrained while invasions my 

other lineages might be more related to disturbance. Furthermore, the results indicate 

that the predicted impacts of climate change on C3 and C4 grasses will need to include 

phylogenetic information biogeographic information (history and disturbance) in 

addition to simply weighting the influence of CO2 and temperature increases (55). This 

further highlights the importance of biotic feedbacks including the roles of fire and 

grazing in modifying the dynamic links between climate and vegetation (27, 56, 57). 

Finally, our results show that unique combinations of functional traits enable grass 

lineages to colonise the majority of the world’s climate space.  

 

Methods 

Mapping of grassland extent and vegetation traits 

We used vegetation maps derived primarily from botanical information, or where a 

combination of botanical and geographic information was used to delineate the extent 

of each vegetation unit. This is as opposed to mapping based on land use classifications 

or via remote sensing of vegetation properties.  While this method provides an 

incomplete global coverage we integrated state, country and continent level mapping 

to assemble the most robust map possible of the limits of grassy vegetation where both 

vegetation characteristics and species can be identified. Vegetation mapping has a 

legacy and history of using quantitative analyses to determine the species compositions 

that both dominate and define each unit. Here, we used the information and data 

associated with each map. Where necessary we sourced additional information from 

published vegetation descriptions and analyses to attribute key grass species. We 

digitized a number of vegetation maps for the first time since their construction, eg. 
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Papua New Guinea, Indonesia and Mongolia. Given that not every country and region 

has a vegetation map, we used the WWF Ecoregions map (58), where no other mapping 

was available. There was a general paucity of adequate vegetation mapping across 

India, South-East Asia (Burma, Thailand, Laos, and Vietnam), Central America, parts 

of South America (Chile, Peru, Bolivia, Uruguay, Paraguay, Ecuador, and Columbia), 

Canada, and South-Eastern Australia. In contrast, the contiguous land mass of China, 

Mongolia, Russia, Afghanistan, Turkey and Europe are comprised by detailed botanical 

data. The regions of Africa, North America, Mexico, Panama, Venezuela, Brazil, 

Argentina, North and Western Australia are also well documented by botanical data. 

However, it is worth noting that given anticipated impacts of climate change on the 

distribution and dynamics of vegetation, an absence of data for key regions such as Asia 

is concerning.  

 

Classifying grasslands 

Within vegetation maps, vegetation unit descriptions contain data on the species 

composition defining a vegetation type generally based on botanical survey and 

analysis. Here, we extracted the information for each vegetation unit in each vegetation 

map of the characteristic grass species. We classified vegetation units for the dominance 

of a grassy ground layer based on the descriptions of vegetation structure associated 

with each vegetation unit. Further, vegetation descriptions generally classify units as 

being on saline soils (i.e. vegetation units were considered saline where soils according 

to vegetation descriptions were considered saline, sodic or strongly alkaline (i.e. soil 

chemistry restricts woody plant cover), flooded or seasonally flooded (i.e. soil 

properties and hydrology are uncoupled from rainfall in units such as the Okavango 

delta in Africa) or defined by edaphic conditions (i.e. according to vegetation 
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descriptions woody plants were absent or restricted in cover due to soil conditions such 

as high clay soil content, vertisols, cracking clay soils or clay pans). Where vegetation 

descriptions were inadequate, we referred to published descriptions and analyses of 

vegetation types and sought input from regional experts. To determine whether 

vegetation units were naturally dominated by grasses, we developed a set of criteria. 

Artificial vegetation units were defined as those plowed or sown for agriculture and 

where humans are planting species that would not otherwise occur. We retained data 

for this analysis of only natural formations. Based on the vegetation descriptions we 

determined whether on average greater than 50% of the relative ground cover or ground 

biomass was derived from grasses. We used this definition in place of ‘Is there a 

continuous grassy ground layer?’ because low herbaceous cover in predominantly 

grassy vegetation would present a problem with the classification of desert and arid 

environments. Vegetation units were considered grassy deserts where the total above-

ground biomass was considered <50 g m2, or where total ground cover <25%, 

throughout the year. We retained formations where grasses were the dominant 

component of the ground layer. Vegetation units were considered as having a woody 

overstorey in accordance with the descriptions of the vegetation unit (e.g. Longleaf Pine 

Savanna; Tropical woodlands). Finally, vegetation units were classified as mosaics 

where vegetation descriptions outlined that both patches of closed canopy forest or 

shrubland were present intermingled with grassy vegetation. Mosaics then received a 

sub-classification as being dominated by forest or shrubland.  

 

Phylogenetic and plant trait data 

For the identified grass species we used taxon scrubbing to eliminate misspellings and 

synonyms to end with 1154 grass species found commonly across global grassy biomes. 
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This list of species (Supplemental Information) was then linked to trait data from 

GrassBase (http://www.kew.org/data/grasses-db.html) to define minimum, mean and 

maximum grass culm heights, habit (ie. annual or perennial), photosynthetic type (C3 

or C4), and phylogenetic information (sub-families and tribe).  

 

Validation of map compilation 

To validate the classification of common grass species across grassy biomes we 

compared the species list in each vegetation unit to a plot level database developed for 

validation purposes. Plot data were sourced from the literature and vegetation databases 

and assembled by the authors (see references below). 110 vegetation units contained 

sufficient plot level data to conduct validation analyses. To determine what taxonomic 

levels agree with plot data, the comparison was conducted at the species and subfamily 

levels. We also examined the agreement of our map and plot datasets at a functional 

level by comparing the attribution of photosynthetic type. From the 507 common grass 

species across these vegetation units, 88% of these species were present in the plots 

dataset for those appropriate vegetation types. This is a very high degree of overlap in 

species in our mapping classifications and plot data, especially considering the 

difference in scale between local species plots and large vegetation units. Furthermore, 

we found that vegetation types generally had similar percentages of characteristic grass 

species being represented in their plot datasets (Fig S10), although the agreement was 

worse particularly large vegetation units. 

To validate the higher taxonomic classifications and plant functional type 

classifications of our map units, we compared the proportion each classification in plots 

(weighted by abundance) to the proportion of that classification in our map. Because 

these date are on the interval (0,1) we used beta regression to model this relationship. 
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Beta regression can be interpreted much like logistic regression, except that it allows 

continuous values in the dependent variable. Proportions of Poaceae subfamilies and 

functional types showed that plot values were strongly predictive of classified values 

in our map (Fig. S10). 

Analysis 

To analyse the limits of grassy vegetation according to lineage, we rescaled the mapped 

data to 0.5 degrees in order to associate climatic and environmental variables with the 

botanical data.  To analyze the limits of grassy biomes, we excluded all vegetation units 

defined as flooded and saline, and the limits of these units should be decoupled from 

climate and linked to geology. Lineage distribution models were conducted using 

random forest regression trees.  
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Figure VII - 1. The global distribution of grass lineages. (A) Cladogram of C4 

grass lineages and the C3 BEP clade. (B) Rank abundance curve illustrating the 

dominance of terrestrial surface area by a handful of grass lineages. (C) A map 

showing where each lineage dominates. 

  

  



 

254 

 

Figure VII - 2A: Grassy biomes in climate space. Based on data at a 0.5 degree 

resolution, where data has been binned in 1o mean annual temperature (MAT) and 100 

mm mean annual precipitation (MAP) intervals. Colour ramp shows the relative 

proportion of the global climate space for that MAP x MAT bin associated with 

relative occupancy by (a) grassy biomes and, (b-f) key grass lineages where (b) C3 

BEP is largely Pooideae. Grey shading represents 0.5 x 0.5° grid squares covering the 

vegetated land area. Data shown here link to Figure S2 showing the overall abundance 

of each climate interval of the terrestrial landmass that is vegetated.  
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Figure VII - 2B:  
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Figure VII - 3: Lineage-environment associations. Each curve is a density 

calculated for each group across global gradients in rainfall, frostfall, and minimum 

temperature. 
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Figure VII - 4: Continental disjunctions in lineage distributions across crossover 

temperatures.  Grey is the sum of C4 lineages, dark blue is C3 BEP, Andropogoneae 

is orange, MPC is pink, yellow is Chloridoideae, C3 PACMAD is green, and Aristida 

is cyan. 
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Figure VII - 5. Lineage by fire and herbivores. Lines are 95% density curves for 

lineages that dominate in Africa. Dark blue is C3 BEP, Andropogoneae is orange, 

MPC is pink, yellow is Chloridoideae, C3 PACMAD is green, and Aristida is cyan. 

Axes are from a PCA of fire and herbivory. 
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Supplementary figures 

Figure VII - S1: Global distribution of grassy biomes. The map was derived from 

regional maps of potential vegetation (see Methods). Coloured areas show the extent 

of grassy biomes and dominance of these by C4 grasses. Datum: WGS84. 
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Figure VII - S2: Geographic extent of climate space. The colour scale represents 

the global land area within each climate zone, where values are numbers of 0.5° grid 

squares covered. 
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Figure VII - S3: Abundance is the number of 0.5° grid squares dominated by each 

lineage at the global scale for each of (A) mean annual temperature and (B) Mean 

annual rainfall. Shows the proportion of that lineage relative to each temperature and 

rainfall bin. These plots demonstrate that where C3 BEP is found, it tends to be the only 

grass lineage present, and this lineage dominates that climate space. These can be 

considered as deterministic grasslands. In contrast, the heterogeneity of the dominance 

of Andropogoneae across climate space could suggest that the grasslands are not 

deterministic, and dominance, may be driven by processes other than climate.  
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Dominance by rainfall 
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Figure VII - S4: Subdominant lineages in climate space.  
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Figure VII - S5: Global dominance of grass lineages in relation to climate. Model 

fits against data are shown for the land area over which each lineage dominates 

against MAT, MAP and temperature seasonality. Results are from the random forests 

modeling. 

 

Chloridoideae 

 

 

 

 

 

 

 

 

 

 



 

265 

 

Andropogoneae 

 

 

MPC 

 

 



 

266 

 

C3 BEP

 

 

C3 PACMAD 

  



 

267 

 

Figure VII - S6. Climate realms of each biogeographic region. 
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Figure VII - S7. Continental disjunctions between lineage and climate.  
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Figure VII - S8: Continental disjunctions between lineage and climate, by 

continent. 
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Figure VII - S9: Global niche overlap among lineages. Heat map shows the D 

statistic for each of pair of grass lineages. 
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Figure VII - S10. Validation figure. For each major lineage, all map units with plot 

level data were used to compare the abundance of plots to the abundance of the 

vegetation unit. 
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CHAPTER VIII 

 

CONCLUSION AND FUTURE DIRECTIONS 

What drives the distributions of ecosystems and the species that inhabit them? At 

local to global scales, the ecologist’s answer has long been that climate sets a primary 

limit on vegetation distributions (Whittaker, 1975), with rare disequilibrium (Araújo 

& Pearson, 2005). The studies presented in this dissertation provide empirical 

evidence from the grassy biome that, in addition to climate and soil species 

interactions, abiotic and biotic interactions, historical contingency, and phylogeny are 

all key determinants of distributions. These findings adds to a growing body of 

literature recognizing a need to redefine our concept of species and biome 

distributions (Moncrieff et al., 2013, 2015, 2016; Araújo & Rozenfeld, 2014; Michalet 

et al., 2014).  

Grass species are capable of dominating communities across the majority of 

terrestrial climate space (Chapter VII). Particular lineages of Poaceae are associated 

with different climatic niches, whereas others have broader climatic niches and appear 

more associated with particular disturbance regimes—e.g., the Andropogoneae 

associate with fire. This finding simultaneously, and empirically, supports a major 

role of an ecological feedback (fire feedback) and an important role of evolutionary 

trajectory in shaping global biome distributions. This provides a clear demonstration 

that, in fact, we do need further integration of community ecology and disturbance 

regimes in global modeling frameworks in order to adequately predict Earth system 

processes (Scheiter et al., 2012, 2013). In addition, it suggests an even more important 

factor in understanding vegetation functioning might be phylogeny, and a major 
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future direction for my research will be the development of models that incorporate 

plant functional types based on phylogeny. 

A major strength of the studies presented here is that they ask the same 

question at different spatial and taxonomic scales using the same study system, 

grasses. I assessed the ecological and environmental controls on C4 to C3 grass 

distributions within biogeographic regions in North America and found that there 

were region specific patterns that reflected the history of those regions and differences 

in the importance of disturbances (Chapter VI). These results match those from the 

global scale but further highlight historical contingency (Moncrieff et al., 2013) and 

local ecological processes as key components of regional vegetation distributions. 

Unexpectedly, this study also revealed a previously unreported aspect of C4 to C3 

grass composition—that communities tend to be dominated one functional type or the 

other. A future direction for this research is to explore the mechanisms contributing to 

this pattern using a multi-year, global dataset.  

I took a multifaceted approach to understanding the local distributions of C4 

grasses in a single ecosystem, the Serengeti of East Africa. I specifically investigated 

an interaction between a soil component (salinity) and herbivory by large ungulates 

and found that the species that inhabit the most saline and highest herbivory sites in 

Serengeti have high mortality in those conditions (Chapter II) and that this interaction 

influences the community distributional dynamics in the Serengeti Plains (Chapter 

III). These results demonstrate, on a very local scale, that an interaction between an 

environmental variable and a biotic interaction are necessary to explain the 

distribution of grass species. In another approach I used phylogeny to show that key 

leaf traits of grasses related to light competition, plant hydraulics, and herbivore 

tolerance evolved in a way that maximized the potential functional diversity among 
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species (Chapter IV). I sought to compare these results to those from other local 

communities, and so therefore characterized the community structure of Serengeti 

herbaceous communities using a modern statistical approach (Chapter V) and found 

that Serengeti and many other natural communities were structured in a way that 

suggests a possible role for biotic interactions in determining their distributions.  

As a whole, the factors controlling the distribution of grasses in Serengeti 

mirrored those that structure the distributions of grasslands and savannas globally 

(Lehmann et al., 2014). The Panicoideae tend to inhabit relatively mesic sites and the 

Chloridoideae tend to inhabit arid and highly grazed sites. The Andropogoneae tends 

to be associated with high fire areas, with the notable exception of the Serengeti lawn 

grass species Andropogon greenwayi. At local, regional, and global scales the 

Andropogoneae lineage represents a combination of evolution and disturbance that 

rivals climate in it influence on vegetation distributions. Overall, this multiscale 

assessment of the global ecology and biogeography of grasses suggests the overriding 

need to revise the one-climate, one-vegetation view of biomes. 
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THE ‘LEAF.SPEC’ R PACKAGE: A TOOL FOR SPECTRAL ANALYSIS OF 

PLANT STOICHIOMETRY 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The following manuscript has been formatted for Methods in Ecology and Evolution. 

Stylistic variations result from the demands of the journal. 

  



 

306 

 

Article Title: The ‘leaf.spec’ R package: a tool for spectral analysis of plant 

stoichiometry 

Authors:  

Daniel M. Griffith; Department of Biology, Wake Forest University, Winston-

Salem, NC, 27109, USA; grifdm1@wfu.edu 

T. Michael Anderson; Department of Biology, Wake Forest University, Winston-

Salem, NC, 27109, USA; anderstm@wfu.edu 

Short running title (45): leaf.spec: spectral analysis of stoichiometry 

Keywords: NIR spectroscopy 

Type: Applications 

Number of words in the summary: 288 of 350 

Main text: 2479 of 3000 (including references, all legends) 

Number of references: 15 

Number of Figures: 3; Tables: 0 

Corresponding author:  

Daniel M. Griffith 

048 Winston Hall; 1834 Gulley Dr. 

Department of Biology, Wake Forest University 

Winston-Salem, NC, 27109, USA 

Email: grifdm1@wfu.edu; Tel: (910) 545-0632; Fax: (336) 758-6008 

  



 

307 

 

Summary: 

1. Data on plant elemental stoichiometry is essential for ecologists investigating 

ecosystem function, nutrient cycling, plant-herbivore interactions, and leaf 

economics.  

2. A cost effective approach to leaf elemental analysis is Near-Infrared spectroscopy 

(NIRS), whereby components such as carbon (C), nitrogen (N), phosphorus (P), 

and potassium (K) can be predicted using NIR spectra from plant material. 

However, a major factor limiting the adoption NIRS for plant ecologists is the 

availability of free software for developing plant chemistry datasets from spectra. 

Here, we present a pair of companion R packages (leaf.spec and leaf.spec.DB) 

that satisfy this need by providing an entire workflow, from spectra to predicted 

elemental data. 

3. The main R package, called leaf.spec, allows users to manipulate spectral data and 

develop custom partial least square (PLS) models for predicting the elemental 

composition of their own datasets. The second package, leaf.spec.DB, provides 

access to a global database of NIR spectra (leaf.spec.DB) and wet chemistry from 

the herbaceous layer of 18 sites around the world, primarily sourced from the 

Nutrient Network experiment. We also provide ready-made global calibrations, 

stored in this data package, for C, N, P, and K. Finally, we provide an example of 

the leaf.spec workflow, and external validation of these models, and an example 

application to the evolutionary stoichiometry of East African grasses. 

4. The leaf.spec R package increases the accessibility of NIRS to ecologists. 

Moreover, our NIR workflow provides a template that will help ecologists 

produce robust calibration models—although we focus on plant stoichiometry, the 

workflow presented here can be applied broadly to soils, remote sensing data, 
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solutions, and tissues. Finally, our global dataset opens up unprecedented access 

to NIR calibration data.  

 

Keywords: Near Infrared Spectroscopy, Partial Least Squares Regression, 

stoichiometry, carbon, nitrogen, phosphorus, potassium 

 

Introduction 

Elemental stoichiometry reflects deep functional differences among plants and among 

ecosystems (Sterner and Elser, 2008). Unfortunately, the availability of stoichiometric 

data on plant tissues does not match demand due to cost. A common, low cost-per-

sample approach is to the analysis of plant chemistry is Near Infrared Spectroscopy 

(NIRS) but its application is restricted due to the availability of NIR instruments and 

the learning curve related to development of quality multi-variate calibrations that are 

required (Soriano-Disla et al. 2014; Ramirez et al. 2015). Here, we address the later 

challenge by providing freely available software to guide users through the workflow 

for developing and applying NIR calibrations. 

 The effectiveness of NIR (or Vis-NIR; 400 to 2500 nm) lies in building 

spectral calibrations for data subsets that can then predict the full dataset. Partial Least 

Squares Regression (PLS) is a common multivariate modeling approach for 

constructing these calibrations. PLS is implemented as a package in statistical 

computing language R (package ‘pls’; Mevik & Wehrens 2007; R Development Core 

Team 2012) and has been wrapped into other packages such as ‘soil.spec’ (Sila et al. 

2013). There are also tools in R for managing and manipulating spectral datasets 

(Filzmoser et al. 2012; Beleites & Beleites 2015).  
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In this paper, we present the R package ‘leaf.spec,’ where we combined a 

global dataset of plant leaf chemistry with a comprehensive workflow for the 

optimization, development, and application of PLS in R. We have implemented many 

experimental design approaches, data preprocessing steps, and optimization 

procedures that have not been previously implemented in R and formulate them into 

system for smoothly producing robust, communicable NIR calibrations. We also 

provide ready-made calibrations for C, N, P, and K. Our hope is to increase the 

accessibility of NIR to the ecological community.  

 

The leaf.spec work flow (<1500) 

Our R package delivers an entire workflow for NIRS that spans data organization to 

prediction of new data. Here we detail the entire process to produce a nitrogen 

calibration for the leaf.spec.DB dataset. However, leaf.spec is highly flexible and it is 

possible for users to adapt each step of the process to their own needs (e.g., analysis 

of soil spectra, spectral manipulation, mid-IR/MIR). First, load the packages. 

R> install.packages("leaf.spec") 

R> install.packages("leaf.spec.DB") 

R> library(leaf.spec) 

R> library(leaf.spec.DB) 

1. Accessing the leaf.spec.DB calibration dataset (Figure 1. steps A & B). The 

leaf.spec.DB data are a subset of aboveground bulk (by functional type) plant samples 

(N = 557) from the Nutrient Network experiment (http://www.nutnet.umn.edu/). The 

dataset is composed of mostly grasses (226) and forbs (140). Each sample was ground 

to a fine powder on an UDY belt drive sample mill and then scanned with a Bruker 

MPA NIR (integrating sphere). The samples were then sent to either Kansas State 

http://www.nutnet.umn.edu/
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University (KST) or North Carolina State University (NCSU) for analysis of carbon, 

nitrogen, phosphorus, and potassium (all %). The samples were sourced from 18 

globally distributed sites. To load the data into your R environment: 

R> data(leaf.spec.spectra) 

R> data(leaf.spec.data) 

These R objects are the NIR scans and the chemistry data, respectively. The scans are 

stored as an object of class “spectra.matrix,” the primary object for storing spectra in 

our package. The chemistry data are stored as a data.frame that links to the scans by 

their names. A user may wish to combine their own data with the global calibration 

dataset. User NIR scans can be read in to R using the readSpectra() function (in one of 

three common formats) and, if they differ in spectral resolution or measurement unit, 

can be made compatible with our data using the makeCompatible() function. The two 

spectral datasets could then be combined with combineSpectra(). We encourage users 

to share their data files with us by email if they would like them made available to the 

community. 

2. Trimming the dataset and identifying outliers (Figure 1. steps C & D). We 

intent to create a calibration for nitrogen so we should remove missing values, and 

then remove plant functional types that we expect might detract from the fit of the 

model—here we know that Bryophytes and litter should be removed for predicting 

live plant material. We also plotted the scans with plot(leaf.spec.spectra) and then 

used the idSpectra(leaf.spec.spectra) function to identify an outlier scan 

(“SCAN_00225.dpt”). The code below shows how to remove these various unwanted 

data points from both the raw leaf chemistry and the scans datasets. 

R> leaf.spec.data <- leaf.spec.data[!is.na(leaf.spec.data$N),] 

R> leaf.spec.data <- subset(leaf.spec.data, FUNCTIONAL_TYPE != "bryophyte")  
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R> leaf.spec.data <- subset(leaf.spec.data, FUNCTIONAL_TYPE != "litter") 

R> leaf.spec.data <- subset(leaf.spec.data, SCAN_FILE != "SCAN_00225.dpt ") 

R> leaf.spec.spectra <- leaf.spec.spectra[leaf.spec.data$SCAN_FILE,]  

     

3. Select validation samples and optimize the PLS regression (Figure 1. step E). 

In this example we apply a modified Kennard-Stone algorithm that subdivides a 

validation dataset from the calibration dataset such that both remain representative 

(Kennard & Stone 1969; Snee 1977) and has been improved use Mahalanobis 

distances (MD) and consider variation in both the spectra and the predicted variable 

(here nitrogen)(Saptoro et al. 2012).  

component_N <- leaf.spec.data$N 

training_set_MDKS <- !(subdivideDataset(spectra = leaf.spec.spectra, component = 

component_N, method = "MDKS", p = 0.1, type = "validation"))  

Then, we want to determine what combination of spectral regions (i.e., different 

wavelengths) and preprocessing steps (spectral transformations) best accentuate the 

signal for nitrogen in the spectra. There are seven different preprocessing steps 

available and by default five common spectral regions are considered (Opus software, 

Bruker Optics Ltd., Coventry, UK, http://www.bruker.co.uk). We provide a wrapper 

function that iterates the options to search for the best solution. 

N_opt <- optimizePLS(component = component_N, spectra = leaf.spec.spectra, 

training_set = training_set_MDKS) 

4. Fit the PLS calibration model and inspect the model (Figure 1. steps F & G). 

The calibrate() function is our wrapping function (based on the ‘pls’ package) for 

fitting PLS regression models. Supply it with the nitrogen values, the spectra, the 

training set, and the optimized parameters and it will fit the model and then conduct a 

http://www.bruker.co.uk/
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test-set validation on it. The object contains all of the summary statistics from the 

model, and running the code below reveals that our model has a validation R2 of 0.95. 

Plotting the validation object shows the relationship between the measured and model 

predicted values for nitrogen (Figure 2 B). 

N_cal <- calibrate(component = component_N, spectra= leaf.spec.spectra, 

optimal_params = N_opt, optimal_model = 1, validation = "testset", training_set = 

training_set_MDKS) 

N_cal$R2_Val 

plot(N_cal) 

5. Predicting new data with the PLS calibration model (Figure 1. steps H & I). 

The predict method works for the PLS calibration object returned by calibrate(). 

Supplying a spectral matrix with the same properties as the calibration spectra will 

produce predicted nitrogen values without the need for the user to subset or 

preprocess the data. The predict() function also returns, as attributes, the MD of each 

new sample scan from the multivariate mean and whether or not each spectrum was 

an outlier (MD > the maximum MD among the calibration scans). The code below 

simply predicts the nitrogen values for the original calibrations scans, for 

demonstration. 

predict(N_cal, newdata = leaf.spec.spectra) 

 

External validation 

Test set validation is an essential part of building robust calibrations with PLS 

regression. This is because (i) the PLS approach decomposes the variation in the 

spectra with respect to the variation in the response (component) variable (Tobias & 

others 1995) and (ii) PLS is often used when the explanatory variables have higher 
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dimensionality than the response (i.e., one element versus 1000+ wavelengths); PLS 

is therefore prone to overfitting. For this reason, test set validation is much preferable 

to cross validation, where data points are iteratively validated upon. In contrast, test 

set validation provides a sense of the variance explanation on a representative subset 

of your data, giving a more realistic view of how the model will perform on new data 

collected in the same manner.  

However, an even more universally revealing approach is external validation, 

where your model is tested on a completely independently collected dataset. We 

identified an ideal dataset for conducting an external validation for the PLS models 

presented in this paper—the “software shootout at the idrc98” dataset (McClure 

1998). This dataset was collected in 1998, on a FOSS NIR, with samples ground on a 

Wiley mill, and including only intraspecific variation (in a fescue grass) introduced by 

nitrogen fertilizer treatments. The dataset includes leaf carbon and nitrogen as well as 

the NIR scans for these samples. Our PLS models for carbon and nitrogen were built 

from a global dataset, analyzed in 2015, ground to a much finer powder with an UDY 

belt drive mill, scanned on a completely different NIR (Bruker MPA), and the data 

span monocots and eudicots.  

Surprisingly, our global nitrogen PLS model performed very well on the 

fescue data (r2 = 0.94; Fig. 2). We were able to distinguish within species nitrogen 

variation with a model constructed also 20 years later on a global dataset. This 

suggests that the PLS model is identifying spectral information that is closely related 

to the actual nitrogen content of leaves. In contrast, our carbon model performed 

poorly on the fescue (r2 = 0.39), suggesting that our carbon model is less universal and 

is likely based on indirect links between spectra and actual carbon content that break 
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down when samples are ground, scanned, or collected at a different taxonomic/spatial 

resolution.  

 

Analysis of plant stoichiometry  

The ultimate goal for ecologist using NIRS is to produce data useable in the study of 

ecology and evolution. Our R package provides a means for researcher’s to rapidly 

overcome the practical coding and statistical barriers to building robust calibrations. 

As an example, we provide a short analysis of the stoichiometry of 46 grasses from 

Serengeti, a savanna ecosystem in East Africa. Up to 5 above ground biomass 

samples for each species were collected from each of 10 sites (20 x 50 m plots) 

spanning the entire rainfall gradient in Serengeti. Many species had low biomass and 

we therefore aggregated the biomass for each species at each site. The samples were 

then ground on an UDY belt drive sample mill and scanned on a Bruker MPA. Data 

from Serengeti are already a part of our global calibration model and we statistically 

determined that these new data were no multivariate outliers compared to the 

calibration dataset (MD). We therefore used the calibrations developed in this paper 

in order to predict the carbon, nitrogen, phosphorus, and potassium values for each of 

our grasses.  

 Serengeti is a grazing ecosystem dominated by C4 grasses. Grass species in 

Serengeti turnover along a system-wide ecological gradient in increasing grazing 

pressure with decreasing rainfall and soil fertility. This gradient means that some 

species experience high competition for light and others generally experience higher 

grazing intensities (Anderson et al. 2011). As such, our specific aim was to ask 

whether there was any phylogenetic signal in the stoichiometry of these grasses that 

might relate to palatability. Therefore we calculated carbon to nitrogen ratios (C:N), 
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carbon to phosphorus (C:P), and nitrogen to phosphorus (N:P) values for each of our 

grasses and plotted these values as traits on the tips of our grass phylogeny (Figure 

3)(Anderson et al. 2011). We also calculated Blomberg’s K (Blomberg et al. 2003) 

for each of these three ratios. We find that the C:N ratio (a strong indicator of 

palatability) shows significantly more variation than expected by a Brownian model 

of trait evolution (K = 0.62, p = 0.003), indicating that distantly related grasses have 

evolved similar levels of palatability. In contrast, C:P and N:P were both 

indistinguishable from a Brownian model of trait evolution (p = 0.6 and p = 0.7, 

respectively).  

 

Conclusions 

The ‘leaf.spec’ R package provides all of the software steps need to build NIR 

calibration that are communicable and reliable. We provide a global calibration 

dataset and hope that it attracts users to share their own datasets. Finally, we in this 

paper, we demonstrate the entire NIRS workflow from data collection to analysis of 

ecological and evolutionary patterns of leaf stoichiometry.  
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Figures: 

 

Figure A - 1. The ‘leaf.spec’ workflow. Users can combine their own data with a 

global dataset of raw plant chemistry data and NIR scans in order to develop strong 

chemometric calibrations. Each individual step, with example code, can be found in 

the main text. Dashed lines represent optional steps that depend on the user. 
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Figure A - 2. Predicted versus measured elemental concentrations. The top two 

panels show graphical assessment of the carbon (A) and nitrogen (B) calibration 

models developed in ‘leaf.spec.’ The lower panels show the performance of these 

models on an external dataset (a different NIR machine from 1998) for carbon (C) and 

for nitrogen (D). 
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Figure A - 3. An example application of the ‘leaf.spec,’ where we have analyzed the 

above ground stoichiometric relationships of 46 Serengeti grass species.  
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APPENDIX B 

COOCCUR: PROBABILISTIC SPECIES CO-OCCURRENCE ANALYSIS IN R 
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APPENDIX C 

SUPPLEMENTARY DATASETS 
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Summary 

Over the course of this dissertation, several datasets were collected which were not 

reported in any of the prepared manuscripts. However, these dataset have value for 

future investigations into Serengeti grasses. A brief summary of each dataset is given 

here and the primary data files are permanently stored at 

https://github.com/griffithdan/data_files. 

Dataset 1: Common Garden Study 1. 

In this study I grew plants in different combinations of defoliation, nutrient addition, 

and sodium addition. Nutrient treatments included N, P, and K. Defoliation was 

manipulated with fences. All treatments were conducted with and without sodium 

addition. There were 6 Sporobolus species, in 3 blocks, with factorial sodium x 

defoliation, with incomplete nutrient addition.  

In Spring 2013, individuals from each of the five Sporobolus species were 

transplanted from surrounding grasslands to a common garden to study the effects of 

herbivory and sodium addition on plant fitness. Individuals were transplanted to 12 

plots, 6 protected by exclosures and 6 open to grazing herbivores. Six pre-existing 25 

m2 exclosures were built in 2008 at Serengeti Wildlife Research Center (SWRC) and 

were used for this purpose; exclosures protect plants from defoliation by all ungulate 

herbivores. Three protected and three unprotected plots will be given a regular 

treatment with a combination of NaCl and NaHCO3 at a rate to deliver 1.5 g Na+ m2 

week-1. The results agree with our previously published work from the greenhouse 

(Figure 1), and shows that nitrogen addition makes this pattern stronger (Figure 2).  

 

 

https://github.com/griffithdan/data_files
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Dataset 2: Common Garden Study 2. 

In this study I grew plants in different combinations of defoliation, nutrient addition, 

and sodium addition. Defoliation was manipulated with fences. All treatments were 

conducted with and without sodium addition. There were 6 Sporobolus species. In 

combination with Common Garden Study 1, this is a total of 9 species. 

 

Dataset 3: Catena Transect Study. 

In this study I established herbivore exclosures at 15 sites distributed along 3 catena 

slopes in the mid-grass region of Serengeti. Each site had factorial fencing and 

sodium addition treatments (Figure 3). Species comp and plot biomass were estimated 

before and after treatments. Three replicate hill slopes were chosen within 30 km of 

the Serengeti Wildlife Research Center based on previous observation and species 

distribution data. At each replicate hill slope a 0.5 km transect was established along 

the catena. The experiment lasted one year. A preliminary assessment of the species 

composition data suggests that removing grazers shifts Digitaria dominated hilltops 

towards a state more similar to the Themeda dominated lower slope (Figure 4), but 

that both sodium and grazing shifts lower slop communities towards short, high leaf 

sodium species (Figure 5).  
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Figure C - 1. Interaction plot of tiller number by fencing and sodium treatments. 
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Figure C - 2. Interaction plot of tiller number by fencing and sodium treatments, 

separated by nitrogen treatment. 
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Figure C - 3. Diagram illustrating, from left to right, the important soil qualities 

associated with Serengeti catena gradients, the conceptual layout of plots along one 

catena transect, and the design for herbivory exclosures to be used in this study. D = 

defoliation treatment, S = Na+ treatment, and + or – identify whether or not the 

treatment is added to each plot. 
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Figure C - 4. Biplot from an NMDS ordination showing how factorial sodium and 

fencing treatments shift species composition along a catena gradient. 
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Figure C - 5. Biplot from an NMDS ordination showing how factorial sodium and 

fencing treatments shift species composition in relation to plant height (increasing 

with size of black circle) and leaf sodium (increasing with size of red circle). 
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occurrence Analysis in R. J. Stat. Soft. 

Griffith, D.M., T.M. Anderson, C.P. Osborne, C.A.E. Stromberg, E.J. Forrestel, and 

C.J. Still. Biogeographically distinct controls on C3 and C4 grass distributions: 

merging community with physiological ecology. Global Ecology and 

Biogeography. 

Griffith, D.M., and T.M. Anderson. 2013. Responses of African grasses in the genus 

Sporobolus to defoliation and sodium stress: tradeoffs, cross-tolerance, or 

independent responses? Plants 2:712-725. 

 

PRESENTATIONS AND POSTERS 

Griffith, D.M. Comparing Soil and Bison δ13C to Field Estimates of C4 Plant 

Abundances in North America. AGU 

Lehmann, C.E.R., Griffith, D.M., and C.P. Osborne. 2014. Divergent evolutionary 

histories of C4 grasses shape global grassland ecology. AGU 

Still C.J. et al. 2014. Expanding the Range of Plant Functional Diversity Represented 

in Global Vegetation Models: Towards Lineage-based Plant Functional Types. 

AGU 

Griffith, D.M. 2014. Community structure and co-occurrence patterns of grasses in 

Serengeti. ESA (oral) 

Griffith, D.M. 2014. Vegetation community structure in Serengeti National Park, TZ. 

WFU Biotech Place (poster) 

Griffith, D.M. 2012. Adaptive significance of sodium and defoliation tolerance in 

Serengeti grasses. Sigma Xi (poster) 
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Griffith, D.M. 2012. Adaptive significance of sodium and defoliation tolerance in 

Serengeti grasses. Sigma Xi (poster) 

Griffith, D.M. 2010. Spartina alternaflora’s peculiar relationship with sulfide. New 

England Estuarine Research Soc. (oral) 

Griffith, D.M. 2009. BiTT: teaching with research. Teaching for Technology 

Conference (poster) 

Griffith, D.M. 2009. A User-Friendly Bioinformatics Pipeline. Hudson Valley Life 

Sciences Conf. (poster) 

 

PEER REVIEWS 

New Phytologist, Botany, and 7 other journals 

 

GRANTS AWARDED 

NSF GRFP: ~$200k 

NESCent Fellowship: $15k  

BSA Research Award: $500 

WFU Richter: $5k 

WFU Vecellio: ~$3k 

WFU Alumni Travel Award:  ~$1000 

WFU Cocke Travel Award: ~$1000 

WFU Tuttle-Newhall Award: ~$500 

WFU Outstanding Graduate Student: $500 

Harriet Gurnee Van Allen Prize for Excellence in Biology: $500 

NEERS: Travel Award and Best Undergraduate Talk Award ~$500 

 

 

 


